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Motivation and Goals



Rethinking Computing...

The nature of computing is changing

* Programming driven by data and learning, not algorithms
* Truly ubiquitous (smart world, smart humans, ...)

While technologies of old are plateauing
* Traditional computer architecture limited by interconnect
* Variability and leakage constraints limit energy scaling
* Limitations of deterministic computing paradigm
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From loT to |oA
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The Neuroscience Promise

An Amazing
Computational Engine

2-3 orders more efficient than today’s silicon
equivalent (>10'® FLOPS with ~20 W)

Robustness in presence of component failure and

variations
= Neural response is highly variable

Amazing performance with mediocre

components
" E.g., sensory pathways— auditory, olfactory, vision, ...

Still marginally understood, let alone “cloned”
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Learning-Based Computational Models

Neuromorphic computing
Bottom-up, Networks of neurons
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Deep Neural Nets

Learning compute and data hungry
Separate from inference
Complex




Brain-Like Principles:

1- Memory and computing are interconnected

2- Resilient computing (Redundancy as a feature)




Brain-Like Principles:

1- Memory and computing are interconnected

2- Resilient computing (Redundancy as a feature)

Hyperdimensional vectors (N > 1000) as basic computational symbols
- represent patterns rather then numbers
- can be approximate — that is, can be compared for similarity

Mathematical properties of high-dimensional spaces
in remarkable agreement with behaviors observed in brain




Background

[Slides Courtesy of Mohsen Imani, UC Irvine]



HD Operations: Bundling & Binding

o Bundling (+): Represents a set
H=[V,+V,+ V]
8(H, V,)>>0
V,inH ¥

D=10,000
< >

Vi= [=1+1 -1~ -1—1-1..]
Vo= [+1-1+1+1 +1 +1 -1 ]
Vo= [-1-1-1+1+1+1 -1 ]
Vo= [+1+1-1-1-1+1+1 ]
Nearly-orthogonal vectors
o(V;, V))=0

QBinding (*): associative two information

5H Ay=~0 O
8(H, R) = 0 Orthogonal
H=A"R -
H*A=R

_H*R=A

A= [-1|+1-1
R= |+1||-1+1|+1

Reversible

+1 (-1

1
+1 -1
*v v ¥ 33
H= [-1-1-1+1-1+1

-1|...]

-1|...]
¥

+1..]




HD Operations: Permutation

9 Permutation (p):
Makes a dissimilar vector by rotating: §(A, pA)=0

Aggg | Aggs | Aggy A2 Al A0

Good for representing sequences
e Atrigram “ACG” is encoded by:

'ACG PPPA * ppC * pG
\ / *GJacec P | }
Binding _GAC ® Keep sequence  Binding
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Digital Circuits

» Outputs

Inputs — ) )
p Combinational

circuit

Y
Y

Y

Clock pulses

Flip-flops

(a) Block diagram

(b) Timing diagram of clock pulses

* Combinational circuit: Output
determined solely by inputs

* Sequential circuits: Output determined
by inputs AND previous outputs

15




Digital Circuits

¥ Clock
Near-threshold logic "" o
! |
[ | M2
: | | C{ b
! : : I’m I/'v'out
: : I Vin
| |
: I I Leakage __C
| : N
. f : | | Wl
= | | > : S N
- : L I ani
z | I ¢
I 7 A\ o .
L R * Gates are made of CMOS transistors,
¢ e oo ledkage ! which require voltage source (VDD) to
/
2 : : function
i . I :  What happens when we increase or
0 0.2 04 0.6 0.8 1.0 decrease VDD?
Vdd (V)
o Energy efficiency
[Source: David Blaauw, U Michigan, Ann Arbor]
o Performance 16




Specialized HD Architectures



Dense Hyperdimensional Encoder for Language Recognition

[HELLO WORLD ...]




Dense Hyperdimensional Encoder for Language Recognition

[ H ELLO WORLD ] Item Memory
Y, A
| :

: :
ppH*pE*L + ppE*pL*L + ppL*pL*0 + ...
\ J

3-gram hyperdimensional encoding




Dense Hyperdimensional Encoder for Language Recognition

[HELLO WORLD ] Item Memory
Y, A

B

ppl—v*pE*L+ppE*})L*L+ppL*plL*O + ... - .

\ ) °

3-gram hyperdimensional encoding

Three observations:

* Each letter hypervector is permuted twice times

* Pointwise multiplication (XOR binding) requires three registers to generate trigram hypervector
* Pointwise addition produces text hypervector

20



Dense Hyperdimensional Encoder for Language Recognition

Input letter
Encodingmodule ... ... B o o powre: o g o o
Item memory
lLetter hypervector (with D dimensions)
1

Letter; hypervector

[HELLO WORLD ..}

D-1|D-2|D-3 Letters hypervector

D-1|D-2| D-3 Trigram hypervector 1
D;|ACC |-
0| +0 |
1+ | .-{ACC|ACC]|ACC
ACCLD (T:RXT:RXT:R)
‘[<k/2| 0
lelse| 1| ¥ Vv v

21
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Dense Hyperdimensional Encoder for Language Recognition

Input letter
Encodingmodule ... ... B o o powre: o g o o
Item memory
lLetter hypervector (with D dimensions)
1

Letter; hypervector

[HELLO WORLD ...}

D-1|D-2|D-3 Letters hypervector

D-1|D-2| D-3 Trigram hypervector 1
D;|ACC |-
0| +0 |
1+ | .-{ACC|ACC]|ACC
ACCLD (T:RXT:RXT:R)
‘[<k/2| 0
lelse| 1| ¥ Vv v

22

D-1/D-2|D-3 Text hypervector
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Dense Hyperdimensional Encoder for Language Recognition

Input letter
Encodingmodule ... ... B o o powre: o g o o
Item memory
lLetter hypervector (with D dimensions)
1

D-3 Letter; hypervector

[HELLO WORLD ...}

D-1|D-2|D-3 Letters hypervector

D-1|D-2| D-3 Trigram hypervector 1
D;|ACC |-
0| +0 |
1+ | .-{ACC|ACC]|ACC

5.22 B‘ | .",(T:RXT:RXT:R)
S 20 2 7

+|else| 1
D-1/D-2|D-3 Text hypervector

oooooooooooooooooooooo
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Dense Hyperdimensional Encoder for Language Recognition

Input letter

------

Item memory
lLetter hypervector (with D dimensions)

Letter; hypervector

[HELLO WORLD ...}

D-2|D-3 Letters hypervector

ppH D-1

D-1|D-2| D-3 Trigram hypervector _ _

-[D]acc] :

~{acc)acc)acc

5.22 B‘ | "‘,-<T:RXT:RXT:R)
S 20 2 7

[else| 1
D-1/D-2|D-3 Text hypervector )
24
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Dense Hyperdimensional Encoder for Language Recognition

Input letter

------

Item memory
lLetter hypervector (with D dimensions)

Letter; hypervector

L D-1|D-2|D-3 E
S S [HELLO WORLD ...]

Letter, hypervector

D-2|D-3 Letters hypervector

ppE D-1

D-1|D-2| D-3 Trigram hypervector _ _

+| D;|ACC |-

0| 0 | -

117 +#1 | .-{ACCJACC]ACC
lAce| b, | Y Y V¥
T<ki2] 0 _(THRXTHRXTHR)
lelse| 1| ¥ Vv v
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D-1/D-2|D-3 Text hypervector
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Dense Hyperdimensional Encoder for Language Recognition

Input letter

------

Item memory
lLetter hypervector (with D dimensions)

O D-1|D-2|D-3 Letter; hypervector 1]0
AN [HELLO WORLD ...]

Letter, hypervector

p L D-1D-2| D-3
M
110

pp L D-1|D-2|D-3 Letters hypervector

D-1|D-2| D-3 Trigram hypervector _ _

D;|ACC

0| +0

1 +1 | .-{ACC]ACC|ACC
[acc o] . Y
[<ki2] 0 _(THRXTHRXTHR)
lelse| 1| ¥ Vv v

D-1/D-2|D-3 Text hypervector i
26
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Dense Hyperdimensional Encoder for Language Recognition

Training: Store encoded language hypervectors in the associative memory

Input letter

..............................................................

Item memory

lLetter hypervector (with D dimensions)

D-1|D-2| D-3

Letter; hypervector

1

0

N

D-1|D-2| D-3 Letter, hypervector 110
D-‘1 D-2|D-3 Letter; hypervector

Trigram hypervector

Search module

---------------------------------------------------------

Query hypervector

D-1 Query hypervector 0 :
L 20 7 YV | — -
Similarity measurement ) » :
r---r-k------------------**-l--l‘ :
| D-1 Language hypervector, 0 | '
D-1 Query hypervector 0 . =
A 28 7 A 2 7 > : g
Similarity measurement ) » E : g’
r---r-r------------------**-I--"E: E g
i D-1 Language hypervector, 0 E —> 5
o
ol I &
D-1 Query hypervector 0
vV _V vV
Similarity measurement )——»
1 D-1 Language hypervector, 0 \b

..........................................................................



Dense Hyperdimensional Encoder for Language Recognition

Testing/Query: Encode text of an unknown language (Query hypervector)

--------------------------------------------------------------

Input letter

Item memory

lLetter hypervector (with D dimensions)

D-1

D-2

D-3

Letter; hypervector

1

0

N

D-1|D-2| D-3 Letter, hypervector 110
D-‘1 D-2| D-3 Letter; hypervector

Trigram hypervector

----------------------

Search module

---------------------------------------------------------

Query hypervector

Language hypervector,

D-1 Query hypervector 0
v V 4 \
( Similarity measurement ) »
A A A
D-1 Language hypervector, 0
D-1 Query hypervector 0
v V — v\ ) >
( Similarity measurement Danal
A A A =
D-1 Language hypervector, 0 »
i
(72}
o
(&)
D-1 Query hypervector
vV V
Similarity measurement —>

Selected language

..........................................................................



Associative Search

D
Query hypervector

Digital Hyperdimensional
Associative Memory (D-HAM)

[ MEMCell | [ MEMCell | [ MEM Cell ]
[ MEMCell | [ MEMCell | [ MEMCell ] X

S Storage of Learned Hypervectors =

[wEmCen | | MEMCN] [WMEMCen]  -e: * SoA associative search uses content-addressable
memories (CAMs)

* Distance Computation: Hamming distance is
hardware friendly (avoid normalization in Cosine)

CAM Array



Associative Search

D
Query hypervector

[ MEMCell | [ MEMCell | [ MEM Cell ]
[ MEMCell | [ MEMCell | [ MEMCell ] X

Storage of Learned Hypervectors

[ MEMCell | [ MEMCell | [ MEM Cell |

CAM Array

Digital Hyperdimensional
Associative Memory (D-HAM)

 SOA associative search uses content-addressable
memories (CAMs)

* Distance Computation: Hamming distance is
hardware friendly (avoid normalization in Cosine)

1 0) 1 0) 0) 0)

XOR 1 1 1 0) 1 0)
(CETEEEEEEEEEEEEEEEEEEEEEEEmEEmmm—— 1
1 0 1 0) 0) 1 0,

Hamming distance = Countof 1's=2




Associative Search

D
Query hypervector

Digital Hyperdimensional
Associative Memory (D-HAM)

[ MEMCell | [ MEMCell | [ MEM Cell ]
[ MEMCell | [ MEMCell | [ MEMCell ] X

. Storage of Learned Hypervectors .

[ MEMCell | [ MEMCell | [ MEM Cell |

G
A

Binary
Counter 1

Binary
Counter 2

i

|

|

e lc— 1o == i
o0 0 :

D i

Binary '

Counter C|

XOR Array |

CAM Array Counters



Associative Search

D
Query hypervector

Digital Hyperdimensional
Associative Memory (D-HAM)

[ MEMCell | [ MEMCell | [ MEM Cell ]
[ MEMCell | [ MEMCell | [ MEMCell ] X

. Storage of Learned Hypervectors .

[ MEMCell | [ MEMCell | [ MEM Cell |

* Nearest neighbor = Class HV
with Minimum Hamming
distance to Query HV

7|

Binary
Counter 1

[

i

:

fRIRsIERe
ik

| | Counter 2

\_QJ, Lo \@u— Lo

XOR Array

Binary
Counter C

|
[
|
|
|
|
|
|
|
[
|
|
[
|
|
[
|
'l Binary
|
|
[
|
|
[
|
|
|
|
|
|
|
[
|
[
|
|

I

CAM Array Counters



Associative Search

D
Query hypervector

Digital Hyperdimensional

[ MEMCell | [ MEMCell | [ MEM Cell ] ..
Associative Memory (D-HAM)
[ MEMCell | [ MEMCell | [ MEMCell ] X
E Storage of Learned Hypervectors E
[ MEMCell | [ MEMCell | [ MEM Cell |

* Nearest neighbor = Class HV
with Minimum Hamming
distance to Query HV

7|

N
S o

8

S

g,

4
I I

\Comp/ \Comp/

\Come /

D bits

E? Lc

I | !
| : |
l | :
I | l
| | |
> (> i : i . i
| | I = L4 | (2]
eeo e : | : : E
\; \; | i | ' Eg
'l Binary | ! . L 8 c ]
B’,— : E "33 | Useabinary tree of
. . . ! | @ .
: £ : | : L g comparators (height = log C)
| . | l'— o e I
| = 1 L do— | 0 S |
LN : : :_/ :
| S |
'| Binary [ { g !
I|Counter C| | 1 48 :
XOR Array : ' . ]

CAM Array Counters Comparators



Associative Search

D = 10,000 [ CAM array
C =100 . Counters and Comparators

Total area Total Energy Consumed Per Query
(26 mm?) (6155 pJ)



Associative Search

D = 10,000 .CAM array
C =100 Counters and Comparators

The CAM array is the energy bottleneck since each component of
the query HV needs to be compared with the same component of

the learnt HV—High switching activities at XOR gates

Total area Total Energy Consumed Per Query
(26 mm?) (6155 pJ)



Sparse Hyperdimensional Encoder for Language Recognition

 An attempt to reduce switching activity...

* Number of “1” elements << Number of “0” elements
o Example: If D = 100 000, number of “1” elements could be 1000




Sparse Hyperdimensional Encoder for Language Recognition

 An attempt to reduce switching activity...

* Number of “1” elements << Number of “0” elements
o Example: If D = 100 000, number of “1” elements could be 1000

How can we use sparseness to reduce energy?

-----------------------------

Assoc.
Search

Distance
Comp.

il EEN EEN BN BN . . .y,
m
>
(@)
)
Q.
D
-
Y
s—----,
y

—————————————————————————————



Sparse Hyperdimensional Encoder for Language Recognition

 An attempt to reduce switching activity...

* Number of “1” elements << Number of “0” elements
o Example: If D = 100 000, number of “1” elements could be 1000

How can we use sparseness to reduce energy?

-----------------------------

{ \
|
: Distance | ! Assoc.
I | Encoder - : -~
: Comp. | i Search
l |
S J
i XOR Binding does not work with : ' The alignment of 1’s in the compared sparse HVs is

 sparse representation! Why? i ' more important now—Use dot product as a metric...

__________________________________________________________________________________



Sparse Hyperdimensional Encoder for Language Recognition

ltem Memory

A
B
C

Signature Memory

39



Sparse Hyperdimensional Encoder for Language Recognition

Introduce permutation-based binding/encoding... ltem Memory
A

[HELLO WORLD ...] "

o, =Sy D S Signature Memory

=9 S S
PH EDS, pr =Sy DS, A

40



Sparse Hyperdimensional Encoder for Language Recognition

Introduce permutation-based binding/encoding... ltem Memory
A

[HELLO WORLD ...] "

= S, @ Sg Signature Memory

Use them for bundling-based 3-gram encoding

41




Sparse Hyperdimensional Encoder for Language Recognition

Encoding

Item memory

l Letter hypervector

l Letter signature

s-1| 52| Letter, Signature | 0 \l@ pL,C|

:|S-1 |S-2| Letterzsignaturel 0 ‘:‘@ PL2

-2 | Letter; Signature

o &

(\/s? IB /
. Unique

Permutation

Letter Signatures

n-gram Encoding —

s e s i s s s e ' s ' i

D-1 | D-2 | D-3 Letter; hypervector 1 0 .
D4 | D2 | D3 |  pusbit shifted Letter, 1| o .
D-1 | D-2 | D-3 Letter; hypervector 1 0
D1 | D-2 | D-3 P2 bit shifted Letter, 1 0 .
| D-2 | D-3 | Letter; hypervector | 1 | 0 .

D2 | D-3 pu3bit shifted Letters : /

[[ ACC ][ ACC ][ ACC ] Accumulator :
= e e e e il = D
:[mn][ THR][THR] Thresholding :4- THR=50%

S e e -

o

| D-1 I D-2 | D-3|

n-gram hypervector

\/

Text/Language
Encoding

!
!
!

o

Accumulator

¢)acc )(acc)

, S

________________________

Al
1 |

[
[

Thresholding Controllable |,

R][THR]{THR]

S

i)
C
T
.l.

D-1 | D-2 | D-3 |

-------------------------------------------------------------------

> Permutation-based encoding...

A form of bundling and context-dependent
thinning to maintain appropriate density...

>

42



® 2 @ 8 8 a4 8 s & e & 2 e 8 B & 8 & * a4 8 B % s " B a4 8 B 8 e s B a8 B s S s 2 o a s s 2 s v s a0

Associative Search (AND Gates

Encoding

Letter signature

Letters Signature

|S-1 |S-2| Letter, Signature | 0

\

PL2

i

| S-1 |S-2| Letter; Signature

Letter Signatures

n-gram Encoding —

[0 /
Unique

Permutation

Text/Language
Encoding

AT

o &

Associative Memory

e o 8 © & & 5 & o 3 8 8 & 2 & & % & 8 & 3 8 6 3 6 & & % O 8 P O 6 & % S O B & 0 e 0 0 e 2 e

® % ® & ® 5 8 s 3 E 8 P I 8 e P S G P I B G T ST O P S e s T N

onimemony . . D1 | D-2 | D-3 Language, hypervector 1 0
l Letter hypervector : *
~ s . D1 | D-2 | D-3 Language; hypervector 1 0
D-1 | D-2 | D-3 Letter; hypervector 1 0 ° .
D1 | D-2 | D-3 pL1 bit shifted Letter, 1 0 . D-1 | D-2 | D-3 Language; hypervector 1 0
! - (XY}
D-1 | D-2 | D-3 Letter; hypervector 1 0 oo Pre-stored Language hypervectors
D1 | D-2 | D3 pu2bit shifted Letter, 1 0 - D-1 | D-2 | D-3 | Languagec hypervector 1 0
l © <  Dbits
| D-2 | D-3 | Letter; hypervector | 1 | 0 - [
D2 | D-3 |  pusbit shifted Letter 1- 1 |
. LX)
o D
-1 bits|| counter
—N—— T T T T T/ * Wl £ Class 1
,[ ACC ][ ACC ][ ACC ] Accumulator N E
Ny gt 1: e e N
I— — R e e N R S S S S e S . e eee
|[THR][ THR] THR] Thresholding .12
_________________________ - HI® @ Counter
[ -l.= Class 2
-|:o : : . :
\ | D-1 I D-2 I D-3 | n-gram hypervector . " o = o ®
. L]
> han s vl Yt —— B -
| acc ] acc ) acc] Accumulator -1 "
A — i S | S—— 3
l— — ~ ‘F_ e satsens= o St s s S | Controllable ° : W Counter
. . )
ILTHRJ[ THR ]{ THR] Thresholding | THR A AND Array Class C
I * Nis ¢ >
| D-1 | D-2 | D-3 | Text hypervector : - * Dimension (D)
. Query Vector. °

® & 4 e & 2 a4 8 8 4 e & 2 a4 & 5 4 8 " &2 a4 s B 4 e B 2 a4 " B 4 9 s 8 8 & B 4 8 B & 8 & B A e s s E " a8 s s e s 2 a e s s e s "

2 8 o & a4 8 8 2 3 e 5 4 ® 8 2 2 ° 8 a s e 2 e e 8 a

Tree Comparator

® o o ¥ s o ® 3 8 e v s e v s
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Sparse vs. Dense Data Representation

50

’ ‘ ) _ |IDense Design | |
80
Il Dense Design [sparse Design

iy
o

|| |Sparse Design| l o I i
o I | l 5%  10% 20%  30%  40%  50%

5%  10% 20% 30% 40%  50% :
Item Memory Sparsity Item Memory Sparsity

W
o

B
Switching Activity (%)

Switching Activity (%)

—h
O

Encoding Associative Memory
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Sparse vs. Dense Data Representation

90 T T T
50 T T T T T T -
MDense Design oo MlDensedesign
T IlSparseDesign| N W | Rl ———————r. g [l
o
— >

Current hardware based on sparse data representation offers

advantages in energy saving. However, its dataflow may not be
erX|bIe enough due its inherent encoding properties...

"1TLENLY L b
0

O, O,
5%  10% 20% 30% 40%  50% 1?t/e m I\I?gr/n orySOS?:) ars?t(;/ % 50%
Item Memory Sparsity

Encoding Associative Memory



Hyperdimensional Processor Architecture for Emotion Recognition

o
E—+> features[T][clog2(X)] >(+)=
3 Y
CiM,[D] > accumulator|D/F][clog2(C/2)]
D: HV Dimension 2 T
F: # Folds in HV Generator, Spatial Encoder, Fuser DIF '\:: SN N :
G: # Folds 1n Associative Memory CiMy[D] | Ma]orltl\Count
N: # Ngrams FUSER
7 4 TYaE ature Values 1 ——————
}:. ;)1sc1ctc_‘1111)11t Feature Values L . I—> IM[D/F] @
Y: # Output Classes D "DF - ;
HV 90 accumulator[D/F][clog2(M)]
GENERATOR Rule)o T
................ \ S
M: # Modalities r : Majority Count :
C: # Channels in the Modality with the most Channels RPN - /i’m
T: Total # Channels across all Modalities : qummg = dlstan'cel[clogZ(D)]
clog2: ceiling of the base 2 logarithm Dlstan.ce : . 3 hvout[D]
. Comparison i«—>distancey[clog2(D)] b
: l ) [ T
D> decision | ... foowm) Agrant;lD]
@ @ @ o Binary Adder
"O ] ) "} ...............
XOR ADD  RIGHT SHIFT A oy 2 ngram;[D] 29
| Prototype,[D] :
| Prototype,[D] ' @
5 59« ngramy[D]
| Prototypey[D] TEMPORAL ENCODER 46




Nearly General-Purpose HD Encoding Architectures

[Slides Courtesy of Sohum Datta, UC Berkeley]



Binary HD Computing Processor Architecture

ITEM MEMORY
Address — [TEM 1 ] T
In - TEM 2 | v ! v
| [ 0 DI;U HDI;U & DI;U
t jETT— =
IR l:: : l} g I DPU H DPU H DPU
« = 3 3 3
AdgLetSS = :Hq ClAss1 | S 1 DPU L DPU o[ DPU
¢ O HY_CLASS 2 | 1 i I
Zt % e[ ciAsS3 ]
ASSOCIATIVE MEMORY ENCODER

Item Memory: Stores the randomly generated high-dimensional vectors.

Encoder: Performs computations on high-dimensional vectors to produce learned representations.
Associative Memory: Stores learned representations and computes distance between them and test
vector representations for prediction.

48



Binary HD Computing Processor Architecture

——————————————————————————

ITEM MEMORY ,', N

Address = [TEM 1 I ! ¥ :
In Mo | | v v v |

M | H—mes | | !||& [+ DPU DPU [ DPU | ||

At _.Illllnllllll i 2 $ I 3 :
— 1| g | DPU | DPU |+ DPU i

1HE ! i ? :

Address dyl O !
dress| (fzrea=ms= ]l | |8 t+{DPU I DPU {DPU] || :

¢ OMH__CLASS 2 | | T i T :
Zt = Al cAss3 : |
ASSOCIATIVE MEMORY '\‘ ENCODER ,n

—————————————————————————

* Unidirectional Dataflow Architecture: No reconfiguration in the Item Memory or Associative Memory
* Generic Encoding: Reconfiguration is possible in the Encoder, through DPUs and control signals

49



Programmable HD Encoder

A B

p_out

op»++
P_IN ppt=t—
clk—

out

Hyperdimensional Logic Unit (HLU)
“The simplest (single-bit) DPU”

 Multiply (C =
* Permute (C =
* Delay (C = A)
* Permute-and-

A®B)
p(4))

multiply (C = A®p(B))

50



Programmable HD Encoder

A B
p_out
op»— oS
D _IN Pt
clk—} out -7

Hyperdimensional Logic Unit (HLU)
“The simplest (single-bit) DPU”

Multiply (C = A@B)

Permute (C = p(4))

Delay (C = A)

Permute-and-multiply (C = A®p(B))

HLU Layer

A[3] BI[3] A[2] B[2] All] B[1] A[O] BI[O]

=

R

HLU 3 [%° LLHLU 2 J -'LHLU 1 +7LHLUO -‘

y y 3 y ) p_1 r 3

op

out[3] out[2] out[1] out[0]

Permute: Any Hamiltonian path connection through
p_in and p_out is valid... But we need to take
physical routing into consideration (Minimize wire
length and routing congestion) ...
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Programmable HD Encoder

item

opl

. .

F

op2

HLU Layer 1

‘&:*5 T

{II

L. .

HLU Layer 2
*

HLU Layer 3

op3

i

Spatio-temporal encoder

I

Accumulate

i

Threshold

!

—
_*

0
N

HLU Layer

A[3] BI[3] A[2] B[2] All] B[1] A[0] BI[O]

o Sl O L T S I
"t HLU 3 ID—3LLHLU 2 J -'LHLU 1 mLHLUO

y 3 y 3 y p 1 y 3

< e
I p_0
op out[3] out[2] out[1] out[0]

Accumulator: Perform superposition at each component
Threshold: Perform binarization (MSB of counters are used)
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Encoder Parameters: HLU Network, Depth, Width

item X, item Xt

I I l don't care
\ /A1  B1\ / \ /Al B1\ /
Al@el_ . HLULayerl | | a1 HLULayer1l |
_1 ¢_1 l_l don't care
N — A/ —
a2@82—f—  HLU Layer2 | 4270 HLU Layer2 |
! 3

don't care don't care

\ /A3 B3 A3 B3\ /
a3 ——{ HLU Layer 3 a3 HLU Layer3 |

_t

Feedback }t x5 Feedforward
a) (D)
item Xt
em X I Al Bl
don't care AL® \—f_/ \T/
Al Blw oen) P _HLU Layer 1 |
a1 L HLU Layer 1 7 BN
PED—10 HLU Layer2__|
= ‘
\—,—/AB 53L‘_/
428 +—p HLU Layer 2 PE3—-F HLU Layer3 |
—
| P - —

PED—-C" HLU La
yverd |
o5 A3 B3\ 7 < —
Mer HLU Layer 3 | A5 BS—a
!

as@es p_HLU Layer 5 |

bP (X,.5)

Optimal for 3-gram 3-gram in 5 HLU layers
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Encoder Parameters: HLU Network, Depth, Width

item xt item Xt
AN I 7a1  B1\ 7 X L 7a1 Bl"‘\o".tcar/e Item Memory
Al@sl_ HLU Layerl | sl HLU Layer1 | (2048 items)
1 ¢_1 I don't care l
\ / A2 B2 \ /AZ BZ< 7 e N e e et e e er s §
nz@sz—{— HLULayer2 | | “*7| HLULayer2 | i Gl HLU Layer 1
Il | '
don't care don't care i HI-U Layer 2
\ /a3 B3 A3 B3\ / :
a3 — - HLU Layer 3 As—:[ HLU Layer3 | i ENABLEREG-1 Accumulator 1
Feedback L:)_XL Feedforward 4G2_enable
(D) pecccccccedecelecccccncccnccccncacaa
— | G2 HLU Layer 3
item xt I — : -
% don't care AL _’\?ITI_;A:a Belr\ﬁ E
- HLI; :.avaelrl -  — ; ~—— : HLU I;ayer 7 !
Al —] A2 B2 |
PE2—-C  HLU L 2 | |
Eﬁ *E b ayer |ENABLEREG 2 p{Accumulator 2 :
\—'—’ A3 B3 _r/ #
A;(gz) > HLU Layer 2 P(B3)——'b HLU Lﬂ I ASSOCiative Memory
_— M B g (32 classes)
b HLU Layer4 |
A3 33@ 3 D — ’ :
A3 ® p(B3) P s T | Ng—A5 B5N——m I 1
T asoes b HLU Layer 5 | | v
Optimal for 3-gram phixs) 3-gram in 5 HLU layers ::2'5“5 :;:f’a';?: :Iass dtistha.nces
. o next chip
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Encoder Parameters: HLU Network, Depth, Width

S l 7a1  B1\ 7 N l /A1 Bld\on.tcar/e Item Memory
ai@s1 L HLULayerl | | a1 HLULayerl | (2048 items)
! o« T

\ / A2 B2\ / \ /A BZ@ r--------------------- ----------:
az@s2—{— HLULayer2 | | “*7| Hwlayer2 | 1G1 HLU Layer 1 |«
I ] | |
don't care don't care : HLU Layer 2 :
Y '

A3 B3 A3 B3 -

7-layer configurable pipelined data-path to efficiently
implement space-time encoders encountered in

streaming-based learning and classification tasks

Width = 2048 bits

PEU17% HLU Layer 4

/A3 BIN____/ 3 — 3 I
A3 ® p(B3) Neg—"A5  B5 e’ |
T Laj(er 3| N ST Layers | : ¥
. P (X,.,) . . :
Optimal for 3-gram [ *'| 3-gram in 5 HLU layers class distances  class distances
from prev. chip  to next chip




CMOS Chip Design Flow

Processor Logic
(SystemVerilog)

Processor Config.

Header
(D =2048, 1024 items, 32
classes, ...)

Vector Data
(Item Memory vectors,
Trained class vectors)

r

/ Test Examples

/

Synthesis
(DC Compiler 1)

—| SYNOPSYS

v

Synthesized Netlist

\

Energy/prediction = Total Energy / Num. of Predictions; Latency = Simulation Time / Num. of Predictions

(Synopsys DB)

Verilog Simulation
(VCS)

SYNOPSYS

L

Num. of
Predictions

)

v

Power Simulation
(PrimePower)

SYNOPSYS

Netlist Logic

Transitions
(.VCD, .SAIF)

_’C Total Energy )

y

Simulation
Time

)
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Introducing Analog Computing and
Non-Volatile Memories



In-Memory HD Computing

—VilSL,  |SL, . SLy
Lo Te ey
B TGl 1
V3 621 G GZN
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G31 = G3y » «G3y
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In-Memory HD Computing

RESET state SET state

eSS eeees
P80 K S K K 5
99999999999

CXPELX

- R0
A L=<~ “¢
WOOCOROLDIO

Electrode




In-Memory HD Computing

RESET state
Top Electrode

SET state

OO0
SR 3% S 3 3 K K o 4
WOOOOOOOOOO

Vol € Giols
il 1N
— e \
o (¥ [ ¥
E-EI—- EEFL}- E@: ~
V3 Gz1 G GZN N N\
o of ‘IET \\
'1-@ ﬂ.@ B L
631 ] G32 = 'G3N RPN
VMI{ [ ] { ™ q% 16%\
e g !
Gl IG IG@—: o
L M1 M2 MN O
I I Fw €
| | N
V Vo =
S
I=G*V
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In-Memory HD Computing

RESET state SET state
Top Electrode :

W
e~

Read noise

Drift

Less programmability
Programming power

S g
c)] [ Qc] D

Q-—’-_L'-o

w
=

Low read latency, energy

High endurance (1012)
Scalable (1000 elems per dim)
High density

Non-volatile




In-Memory HD Computing

W
e~

_—1-_L|-o

Qlc] Q]
°

o
. =

—»
[=A

QA
<
=

[ ]

RESET state
Top Electrode

Read noise

Drift

Less programmability
Programming power

Low read latency, energy

High endurance (1012)
Scalable (1000 elems per dim)
High density

Non-volatile

SET state

HD Computing

Von Neumann bottleneck
Massively parallel

Well-defined arithmetic
operations
Robust




In-Memory HD Computing

HD
Space

Inputs
Inputs In-memory encoding

Item Memory

Row decoder

Peripheral

4
1
1
1
1
1
1
:
1

HD vectorsi L d :
1
1
|
1
1
1
i g

In-memory associative
memory search

Associative

Memory

Outcomes

Gate controller

A/ D converters
Win ner-take-all




In-Memory HD Encoding

e Goal: Combine the basis (letter) HD
vectors from the I[tem Memory to
create:

o The prototype (language) HD vectors
representing each class, or

o The query HD vector (from unknown
language) for inference

* |tem Memory HD vectors encoded in
conductance states of memristive
devices

Input @

Item Memory

00110 ....

I R N

Letter HD vector
10,000-bit

Encoding:

* +, p) operations

v

Language HD vector
10,000-bit

R

Row decoder

74|

SA

SA

Language HD vector

10,000-bit



In-Memory HD Encoding

e Goal: Combine the basis (letter) HD
vectors from the I[tem Memory to
create:

o The prototype (language) HD vectors
representing each class, or

o The query HD vector (from unknown
language) for inference

* |tem Memory HD vectors encoded in
conductance states of memristive
devices

* Encoding operations performed
using in-memory read logic

Input @

Item Memory

00110 ....

I R N

Selectlra

Letter HD vector
10,000-bit

Encoding:

* +, p) operations

v

Language HD vector
10,000-bit

R

Row decoder

=

Zy 7Z;

SA SA

\

Language HD vector
10,000-bit



HD Encoding Based on 2-minterms

 How to find an encoding solution that suits in-memory read logic?

* Minterm expansion of XNOR function:

A®B = (AAB)V(A/\B)

.

All-positive minterm All-negative minterm




HD Encoding Based on 2-minterms

* Use two parallel crossbars to approximate the encoding dynamics

* Original and complementary item memories in two crossbars to produce 2-minterms

Complementary crossbar

e —1

{;l%_ {;%_ - 4q|§_,:,_A ﬁ%_ *'#ET-Z:,_ ﬂ.?_:,_z
,_ 4'#?-_:,_ *E:.lBJ—E_ .. 4'4%_!3_ B L lﬁ.E_-c,_ qlBE_ *4%_3
R e o] ] e
o : :
HEE = s Y sl P e - - - - [SEm

Peripheral Peripheral
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HD Encoding Based on 2-minterms

* Example:
—]
e [ [
SETH [SETH T
5 B1 B, Bo
HERGCS B “SETH
S| | : :
== B = T

ICH = ppl * pC x H = (ppI \pCNH)\ (ppI \pC\H)

Peripheral

Row decoder

Complementary crossbar

e [CET S 2
A A Ao
O [T e B
B B, Bo
e e Bl s
e [SEr O T

Peripheral
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HD Encoding Based on 2-minterms

* Example:
1
B =1 R ==Y R
A, A, Ap
e [ O
5 B1 B, Bo
g SErH e B =i
S : : 2
== B = T

H = ppl * pC * H ~ (ppI ApCAH)V (ppIApCAH)

Peripheral

Row decoder

Complementary crossbar

e [CET S 2
A A Ao
O [T e B
B B, Bo
e e Bl s
e [SEr O T

Peripheral
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HD Encoding Based on 2-minterms

* Example: o
H = ppl * pC * H ~ (ppI AoCAH)V (ppI ApCAH)
Complementary crossbar

T —1
SEE [MEE “ETH A
e [T e B

. B, B, Bo o

HERGCS B g = g

3 Fen| FEm BT 8

Peripheral Peripheral

1
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HD Encoding Based on 2-minterms

* Example: L
= ppl * pC + H ~ (ppI ApCAH)V (ppT ApC AH)
/ Complementary crossbar
e e Wl ==1 I\
A, A, Ap
G S e B ,
g[{:@— T R ] g
= B BT 8
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HD Encoding Based on 2-minterms

* Example:
= ppl * pC + H ~ (ppI ApCAH)V (ppT ApC AH)
/ Complementary crossbar
GalhEs “ETH A
G S e B L
§ [*'ﬁm— T R ] g
S| e e BT 8
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HD Encoding Based on 2-minterms

* Example: o
16@ = ppl * pC * H ~ (ppI ApCAH)V (ppIApCAH)
Complementary crossbar
T —1
SEE [MEE “ETH A
e e e B
5 B, B, Bo o)
HERGCS B “SETH g
== S “SETH J k
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HD Encoding Based on 2-minterms

* Example:
1
B =1 R ==Y R
A, A, Ap
e [ O
5 B1 B, Bo
g SErH e B =i
S : : ;
== B = T

10@ = ppl * pC * H ~ (ppI ApCAH)V (ppIApCAH)

Complementary crossbar

Row decoder

Peripheral

74

ppINpCNH



HD Encoding Based on 2-minterms

* Example: L
= ppl * pC * H ~ (ppI AoCAH)V (ppI ApCAH)
Complementary crossbar
T —1
{;-@— {:'@— .. AE;IIE_ A ﬂq.%_ _'q.l%— "= o= om ﬂq.m_ Z
Aq A, Ap 1 2 Ap
e e e B e [ - [ B
5 B, B, Bo 5 B, B, Bo
i e e Bl =t g e [T - [CETH
é G - "'::@_ -0 - é 5 i 4q'.@— « ™ B

Peripheral

Peripheral

OR 75
To bundler




HD Encoding Based on 2-minterms

2-minterm provides accuracy that is close to all-minterm:

B All-minterm H 2-minterm

<1% < 7%

Language



In-Memory Associative Search

| Inputs
Origin nputs In-memory encoding
Space _1_'" _4--
e ————— P
: | 5
| | '8
! Item Memory I 5
| | m ©
; I g
: i : :
d I
i HD vectors !
I L] k]
HD i : In-memory associative
Space | HD Encoder : ) memory search
: :' ———————— Gate controller
i I B
i — —
1 HD vectors -7 | - .
i L= i R
I 5] o T |T1
! Associative i : 2
i Memory !
| 1 )

AR SRR R ——— d~=-<o_ ’ T o
Ll ko T fﬂf
SpaCe Outcomes  TTm=-ll_ \;A/VD con;/irteri

B Inner-take-a




In-Memory Associative Search

* Goal: Find which class (language) a

HD vectors Q,...Q
query vector Q belongs to : D

0

* Learned prototype vectors P; Assoclative Memory
encoded in conductance states of

memristive devices 00110 ....

English

i Class index



In-Memory Associative Search

* Goal: Find which class (language) a

HD vectors Q;...Qp

query vector Q belongs to
@ English
* Learned prototype vectors P; Assoclative Memory 0, L %
encodfed- in congluctance states of o e
memristive devices 00110 ....

Q. =
ol

* Approximate Hamming distance by
dot-product for hardware-friendly ~ English
implementation:

i Class index

Q

— — | Y
Class = argmax P; - Q + P; - Q =~ argmaxP; - 2
[ L /
Hamming | Dot Product A/D converters
DEII aset ' . & ]
Accuracy Accuracy Winner-take-all
Language Classification 97.00% 96.20% i _
News Classification 91.90% 91.00% Class index
EMG Classification 08.50% 07.96% 79




Mitigating Array-Level Variability

* Coarse-grained randomization of HD vector
programming across chip to mitigate array-
level variability

50
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600

580

560

540

50 100 150 200 250 300 350 400 450
Bit Lines

Naive placement: Accuracy drop 15%



Mitigating Array-Level Variability

e Coarse-grained randomization of HD vector German French English

programming across chip to mitigate array-

level variability

J J T I| .y v ’ || T
’ H ) - 4 .
o [ s, o’ ’
’ H “ ’ ’
s, ’
B ' . # ’
’ 1 - r
’ H ) ’ ’
. 4 '
¢ i . 0
’ '
¢ S * o '
’ H o . ’ ’

50
100
150

2 200
£

) 250

(@]

= 300
350
400
450

640

620

600

580

560

50 100 150 200 250 300 350 400 450
Bit Lines

to WTA circuit

Naive placement: Accuracy drop 15%
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Original item memory

Complementary item memory

o
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§e;
o)
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O
o
S
o

1ap0oap MOy

Q nil=
o o1 B
-l S O o) o)
o u ——
g : Tk
& s =2 - = . = B Prediction
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O k= o
g - - - N E




In-memory computing with PCM + 65nm CMOS peripherals leads to
and , compared to full

65nm CMOS design

Room for improvement in CMOS peripheral circuits

Same concepts can be applied to other memristive technologies
(RRAM, MRAM,, ...)




Takeaways

* HD computing is realized today in CMOS — but true opportunity lays in
integrating memory, logic, and sensing

* In-memory HD computing shows a great potential in reducing energy
— but there is still a room for improving the digital peripherals

* Hardware design is all about resolving tradeoffs: performance,
flexibility, energy efficiency
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