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Neural Networks in Our Daily Life
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Medical Diagnosis Financial Services Recommendation Systems

Autonomous Vehicle

Chat GPT

How can | help you today?

ChatGPT
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But... Is That Enough?

IMO 2015 P3
.’. “Let ABC b te tri le. Let
e e an acute triangle. Le
(i) Remove all gray spheres. How many . V <> @ O e B ’ (o) ) (O) be its circumcircle, H its
spheres are there? (3), (ii) Take away 3 oo A@o o ) orthocenter, and F the foot of the
¢ O

4 altitude from A. Let M be the
cubes. How many objects are there? (7), —

midpoint of BC. Let Q be the point
(iii) How many blocks must be removed to , .} ‘ o [] ‘ v < on (O) such that QH L QA and let K
get 1 block? (2) L |

o
O A be the point on (O) such that KH L
| O O f? KQ. Prove that the circumcircles

A m O H (O,) and (O,) of triangles FKM and
KQH are tangent to each other.”

Complex Question Answering
NN accuracy: 50%

Abstract Reasoning
NN accuracy: 53%

Automated Theorem Proving
NN accuracy: 0%

Scenario

Imagine that a stranger will give Hank one thousand dol-

lars to break all the windows in his neighbor’s house
without his neighbor’s permission. Hank carries out the
stranger’s request.

Imagine that there are five people who are waiting in line

to use a single-occupancy bathroom at a concert venue.
Someone at the back of the line needs to throw up imme-

diately. That person skips to the front of the line instead
of waiting in the back.

At a summer camp, there is a pool. Right next to the pool
is a tent where the kids at the camp have art class. The
camp made a rule that there would be no cannonballing in
the pool so that the art wouldn’t get ruined by the splashing
water. Today, there is a bee attacking this kid, and she
needs to jump into the water quickly. This kid cannonballs
into the pool.

Farmer John has N cows (2 < N < 10°). Each cow has a breed that is either
Guernsey or Holstein. As is often the case, the cows are standing in a line,
numbered 1--- N in this order.

Over the course of the day, each cow writes down a list of cows. Specifically,
cow ’s list contains the range of cows starting with herself (cow i) up to and
including cow E; (i < E; < N).

FJ has recently discovered that each breed of cow has exactly one distinct leader.
FJ does not know who the leaders are, but he knows that each leader must have
a list that includes all the cows of their breed, or the other breed’s leader (or
both).

Help FJ count the number of pairs of cows that could be leaders. It is guaranteed

that there is at least one possible pair. T
%' Problem

Ethical Decision Makin
NN accuracy: 65%

Interactive Learning
NN accuracy: 71%

Competitive Programming
NN accuracy: 8.7%
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But... Is That Enough?

Neuro-Symbolic Al
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What is Neuro-Symbolic Al?

. /Symbolic\
Recognition

E Explainability
Flexibility !

Knowledge |

Scalability Data Efficient

Towards Cognitive and Trustworthy Al Systems
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Neural Network

pooled Fully-connected 1

feature maps pooled feature maps  feature maps
feature maps
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o o — Apple
O
O
Outputs
Input Convolutional Pooling 1 Convolutional  pogling 2
layer 1 layer 2

Slide Adapted from MIT 6.5191: Neurosymbolic Al
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Symbolic Al

apple
origin structure xind
/ N \
apple tree body stem fruit
N~
shape size color taste
/ I [\ N
round hand red green apple

Slide Adapted from MIT 6.5191: Neurosymbolic Al
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Neuro-Symbolic Al Example: Visual Reasoning

Question: Are there an equal number of
large things and metal spheres?

Slide Adapted from MIT 6.5191: Neurosymbolic Al
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Neuro-Symbolic Al Example: Visual Reasoning

Question: Are there an equal number of
large things and metal spheres?

Slide Adapted from MIT 6.5191: Neurosymbolic Al
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Neuro-Symbolic Al Example: Visual Reasoning

Question: Are there an equal number of
large things and metal spheres?

3 large 3 metal
things! spheres!

O O O O
Slide Adapted from MIT 6.5191: Neurosymbolic Al
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Neuro-Symbolic Al Example: Visual Reasoning

ISPASS 2024

/ [ Equal? Yes!

‘

¥

Slide Adapted from MIT 6.5191: Neurosymbolic Al

Zishen Wan | School of ECE | Georgia Institute of Technology

Question: Are there an equal number of
large things and metal spheres?

™

3 metal
spheres!

e

O

05/07/2024
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Neuro-Symbolic Al Exarnr

ole: Visual Reasoning

Visual Perception

Question Understanding

Question: Are there an equal number of
large things and metal spheres?

~

/v [Equal? Yes! ‘\
J

3 large J O i 3 metal J
0O _ spheres!

O

O

Logical Reasoning
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Neuro-Symbolic Al Example: Visual Reasoning

(c) Structural Scene Representation \

ID Size  Shape Material  Color X y

1 Small Cawe Metal Purrle 045 -1.10 035
Large  Cuoe Meul Green 2.8 -0.04 070

Vision :
(CNN / Transformers) - Representation

Large  Cube Metal Green 1.58  -1.60 0.70

Language
. Symbolic Program

(RNN / Transformers)
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Other Examples

= Google DeepMind
A

AlphaGeometry: An Olympiad-level Al system i i | Y rmone moce i i

Add a Not 8 D c

for geometry . >

Theorem premises:

Q A simple problem AlphaGeometry Solution

solved

-----> « Construct D: midpoint BC

17 JANUARY 2024 .t —
: . Let ABC be any triangle with AB=AC Solved | . AB=AC, BD=DC, AD=AD = ZABD= #DCA
Trieu Trinh and Thang Luon: . ” ' '
9 9 Prove that angle (£) ABC= £BCA Q Symbolic engine « ZABD= #/DCA, B C D collinear =
L J L ZABC=ZBCA

< Share

LLM: construct generation
Symbolic: deductive reasoning

Eval on 30 Int. Math Olympics (IMO) problems:

-,:-’g;\ // ¢ G PT-4: 0/30

‘»“:'\ * AlphaGeometry (Neuro-Symbolic): 25/30
(/ S

A\\\\" * Human Gold Medalist: 26/30

Trinh et al, “Solving Olympiad Geometry without Human Demonstrations”, Nature 2024
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Relationship to Human Minds

el
The International .
Bestseller AlphaGeometry adopts a neuro-symbolic

/ approach

T AlphaGeometry is a neuro-symbolic system made up of a neural language model
Thinking, e and a symbolic deduction engine, which work together to find proofs for complex
Fast and Slow geometry theorems. Akin to the idea of “thinking, fast and slow”, one system
‘ A provides fast, “intuitive” ideas, and the other, more deliberate, rational decision-
i i .
making.
Daniel Kahneman
Winner of the Nobel Prize O
Daniel Kahneman
(1934-2024)
ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024
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However...

These neuro-symbolic approaches are typically very slow

. ’ ® > LG NLM Workload NVSA Workload
> 3
. v 0 a O B ‘ . o g10
O D A ' a 0 . E 102
,Q b o[ oo 0 YK é
OA|@® S 10!
4 O O ’? . ) 0 NI EEEE 1Ll
4 1 (O ) TX2  NX 2080Ti TX2 NX 2080Ti
) ] (b) Hardware Devices
Spatial-Temporal Abstract Reasoning
ResNet accuracy: 53% The neuro-symbolic approach takes ~100s
GPT-4 accuracy: 84% even on desktop GPU, ~700s on Jetson TX2
Neuro-Symbolic accuracy: 98%
05/07/2024

Zishen Wan | School of ECE | Georgia Institute of Technology 17

ISPASS 2024



-

\_

What'’s the system behavior and co-design
opportunities of Neuro-Symbolic Al?

~
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Objective of this Work

Workload and Characterization of Neuro-Symbolic Al

Categorize Neuro-Symbolic
Algorithms

( E )
Neural Network
Scalable, Flexible,

\Handle 1ncon51sten035

Neuro-Symbolic Al Algorithms

-

&2

Symbolic

~

Interpretable, Explainable,

\_

Data-efficient

J

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology
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uncertaint
\_ Y
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Objective of this Work

Workload and Characterization of Neuro-Symbolic Al

Neuro-Symbolic Al Algorithms

e ) e R e m R
. o 209
Categorize Neuro-Symbolic @3 ,?%’b 0%
O O
A | gO Il t h Mms Neural Network Symbolic T | Probabilistic
Scalable, Flexible, Interpretable, Explainable, Robust to
. kHandle inconsistency L Data-efficient ) | uncertainty )
Understand Computational et p -~~~ -
H H N - lic Al kl h terizati
BehaVIOr Of Neuro_Sym bO|IC curo Symbo 1C Workload Characterization
Hardware Compute Platforms Metrics
WO I kl Od d S ' ﬁ : | Runtime, Memory, Compute
L, @ ~ | Operators, Operation Graph,
CPU GPU  Accelerator Roofline, Sparsity, etc
\_ J
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Objective of this Work

Workload and Characterization of Neuro-Symbolic Al

Categorize Neuro-Symbolic
Algorithms

Understand Computational

36

Neural Network
Scalable, Flexible,

Neuro-Symbolic Al Algorithms

( )

&2

+ Symbolic
Interpretable, Explainable,

( )

2
Probabilistic
Robust to

kHandle inconsistenc;g

Data-efficient

uncertaint
\_ Y

( )
1 i N - lic AI kl h terizati
BehaVIOr Of NeurO'Sym bOhC euro-Symbolic AI Workload Characterization
Hardware Compute Platforms Metrics
WO I kl Od d S ' ﬁ : | Runtime, Memory, Compute
R @ ~ | Operators, Operation Graph,
CPU GPU  Accelerator Roofline, Sparsity, etc
[ ] L] k )
Identify Co-Design  ~  S——————— T
[} L] ( \
O pportunities Neuro-Symbolic Al Workload Optimization
Software [<+>| System |+—|Architecture[+—| Technology
G J
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Objective of this Work

Workload and Characterization of Neuro-Symbolic Al

Neuro-Symbolic AI Algorithms

|
g e a e a e S a
° . E; 00
Categorize Neuro-Symbolic 5 % ,?%é 0%
A | gO rit h ms i g : Neural Network | T Symbolic T | Probabilistic
:E 5D : Scalable, Flexible, Interpretable, Explainable, Robust to
. E‘) é : | Handle inconsistency) L Data-efficient ) L uncertainty J
Understand Computational ¢z r------~-~------------- p - -
]
. . -~ | _ . . .
B e h avior Of N euro- Sy m b o) | iC _; .§D : Neuro-Symbolic AI Workload Characterization
s < Hardware Compute Platforms Metrics
= ! P
WO I kl Od4d d S 5 o | ; ﬁ : @ | Runtime, Memory, Compute
= g | Lt ~ | Operators, Operation Graph,
'§ 2 : CPU GPU  Accelerator Roofline, Sparsity, etc
[ ] L] k )
Identify Co-Design P L T
A oh | [ ~
Opportunities = £ Neuro-Symbolic AT Workload Optimization
§ : Software [<+>| System |+—|Architecture[+—| Technology
I\ J
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Objective of this Work

Workload and Characterization of Neuro-Symbolic Al

Categorize Neuro-Symbolic

Algorithms

ISPASS 2024

Neuro-Symbolic AI Algorithms

[
g5 | [ \ s A e \
)
: BN
— s G
< S ' | Neural Network | T Symbolic T | Probabilistic
:E 5D : Scalable, Flexible, Interpretable, Explainable, Robust to
ED é : \Handle inconsistenc;g Q Da;a-efﬁcient P L uncertainty J
O & Fr~-—~~"~"~=~"~=~"—=——-====—==-= ] -0 - - oo oo — ==~
o B 1 N
.é < : Neuro-Symbolic AT Workload Characterization
1 ED
§ 5 : Hardware Compute Platforms Metrics
§ oh : ﬁ @ - Runtime, Memory, Compute
sl g | et Operators, Operation Graph,
< 2 : CPU GPU Accelerator Roofline, Sparsity, etc
; 8 I\ J
2 A e ———————————— - b - -\ - - -\ - - - -
S o 1 A
g | Neuro-Symbolic Al Workload Optimization
|
§ : Software [<+>| System |+—|Architecture[+—| Technology
I\ J
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Lots of Neuro-Symbolic Algorithms

(b) NVSA frontend: perception | (Whiskers ® Tail ® (Laser pointer - Chases)) - Cat | g (CB+) Ge (A)
|(Cat @ Dog) - Pet| =

| Deep Hinge-Loss Markov Random Field |

| Symbolic Inference \

)

(c) NVSA backend: reasoning

( Frozenw

e —lo I;((:;; 9' X :!
i 7;’"7 : inference o -“’P(s) l._> y — algm;n E() -«
[ Laser pointer] [Chases]
Neuro-Vector-Symbolic Arch Logical Neural Network Logical Tensor Network ~ Neural Probabilistic Soft Logic

AlphaGeometry @ —_— @ | MLP ﬂ S
LN A/ Expand |/
L ¥ oss v v
~ i A A
[% Language model ] \ﬁ Reduce /Y _ @ |MLP ] Reduce /',

Add a

Not i i

construct .-------- . | solved Reduce | ! Reduce | |
ST ) == |MLP ______________
T e B ) ) — T T

: Expand Expand |/

. ,\ \'x"

r’\

VG (x)-x

@mos e
s
> o] o
H

@ Reasoning Module
@ Abduction
O Exccution

Probablllstlc Abduction Image Translation via VSA AlphaGeometry Neural Logical Machine

MLP, ConvNet, Transformer, etc [ Symbolic ] Vector, Fuzzy logic, Knowledge graph, Decision tree, etc

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024 ”



Neuro-Symbolic Al Workload Category

r ) r ) M (o)
Symbolic Neuro o =
> [NeuroJ > g [Symbolicﬂ g ™ é i g g
$ ) . J )
Symbolic [Neuro] Neuro [Symbolic] Neuro | Symbolic

[Symbolid (2) ¥ (o] & (2
e - FiEIE
Neuro:Symbolic->Neuro Neurog, noic

Inspired by Henry Kautz’s terminology

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024



[ ]
Selected Neuro—Sy nbolic Workloads
LNN NVSA NLM Input (pre-conditions) Output (conclusions) || PrAE
[ (Whiskers ® Tail ® (Laser point - Chases)) — Cat ] [(Cat @ Dog) - Pet] Scenc images | Neural Symbolic VSA OPs for rules glo‘tfllu\P;[r(ip}frggs — » WILIP VA Scene images
- - v o o 8. atche ixpanc xpand),
* = o =) O + Reduce Reduce,
© e E| 2 s . 2 2| ot roperies = —— s i }—+
Bl 12| |||2 9 2 9| || B moveabiery —— T e
@ L2 7 8 = (o) Ha Object Relations _I 4#’
VSA vectors = E.g. On(x, y) . Expand . . Reduce L
[ Whiskers ] [ Tail ] [ Laser pointer ] [ Chases ] [ Cat ] [ Dog ] '
- ZeroC
LTN Neural Symbolic —
Symbolic ,| (VSA domain)
X ml mz
sy oL . .
1 . line
Connectives: ; | m, % i 3 :
“ AV > sa . . \ m, S
. 0SS ,
L Quenifers 1 ® S o mane) || oesiion]
v Cline ms X, Mq, M3, Tperp i
<o E = E(x,mq, m3, 7pery) Answer

Representative Neuro-
Symbolic AT Workloads

Logic Tensor
Network [34]

Logic Neural
Network [30]

Vector Symbolic Architecture
Image2Image Translation [7]

Neuro-Vector-Symbolic
Architecture [4]

Neural Logic
Machine [38]

Zero-shot Concept Recog-

nition and Acquisition [37]

Probabilistic Abduction
and Execution [23]

Abbreviation LNN LTN NVSA VSAIT NLM ZeroC PrAE
Neuro-Symbolic Category | Neuro:Symbolic—Neuro Ne“r‘)Symbolic Neuro|Symbolic Neuro|Symbolic Neuro[Symbolic] Neuro[Symbolic] Neuro|Symbolic
Learning Approach Supervised Supervised/Unsupervised Supervised/Unsupervised Supervised Supervised/Unsupervised Supervised Supervised/Unsupervised

Application

Querying, learning, reasoning
(relational and embedding
learning, query answering)

Learning and reasoning,
Full theorem prover

Unpaired image-to-image
translation

Fluid intelligence,
Abstract reasoning

Relational reasoning,

Decision making

Cross-domain classification
and detection, Concept
acquisition

Fluid intelligence,
Spatial-temporal reasoning

Deployment
Scenario

Advantage vs.
Neural Model

Higher interoperability, Higher data efficiency,
resilience to incomplete | comprehensibility, out-of-
knowledge, generalization| distribution generalization

Higher joint representations | Address semantic flipping and
efficiency, abstract reasoning hallucinations issue in unpaired

capability, transparency image translation tasks

Higher generalization,
logic reasoning, deduction,
explainability capability

Higher generalization, concept

acquisition and recognition,
compositionality capability

Higher generalization,
transparency, interpre-
tability, and robustness

Distiset LUBM benchmark [40], UCI [42], Leptograpsus RAVEN [21], GTA [47], Cityscapes [48], | Family graph reasoning, Abstraction reasoning [50], RAVEN [21],
TPTP benchmark [41] |crabs [43], DeepProbLog [44]| I-RAVEN [22], PGM [45] Google Maps dataset [49] | sorting, path finding [46] Hierarchical-concept corpus [51]/I-RAVEN [22], PGM [45]
. Datatype FP32 FP32 FP32 FP32 FP32 INT64 FP32
Computation _
Petteri Neuro Graph MLP ConvNet ConvNet Sequential tensor Energy-based network ConvNet

Symbolic

FOL/Logical operation

FOL/Logical operation

VSA/Vector operation VSA/Vector operation

FOL/Logical operation

Graph, vector operation

VSA/Vector operation




Selected Neuro-Symbolic Workloads

NVSA
Scenc images | Neural symbOIiC VSA OPs for rules
< [
B (2L o ° 3
3 |3 () 2 o
£ B 0O ) <7
O H a
VSA vectors
Representative Neuro- Neuro-Vector-Symbolic
Symbolic AI Workloads Architecture [4]
Abbreviation NVSA
Neuro-Symbolic Category Neuro|Symbolic
Learning Approach Supervised/Unsupervised
Fluid intelli ;
Application e mte genf:e
Abstract reasoning
Deployment Higher joint representations

Advantage vs.

SCATO | \po) Middl

efficiency, abstract reasoning
capability, transparency

RAVEN [21],
Dataset
atase I-RAVEN [22], PGM [45]
. Datatype FP32
Compuistion Neuro ConvNet
Pattern

Symbolic VSA/Vector operation




Example: Neuro-Vector-Symbolic Architecture

RAVEN example test
Context panels
(1,1) O @@ |03
o o O
40 \:
G @ oo ;\,w
<

Candidate panels /
—

(1) ’ﬂk// (4)
O &

Yo/l @)
O
Qo

)] (8)

OO0 LX)

Hersche, et al. “A neuro-vector-symbolic architecture for solving Raven’s progressive matrices”. In Nature Machine Intelligence, 2023
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Example: Neuro-Vector-Symbolic Architecture

lution

layer + Tanh =t
Candidate panels / X o
L

0 Qﬂh// @ e J
O * 0

RAVEN example test NVSA frontend: perception
Context panels 4 (| - — 3
, . Type Size Colour | |Position
1) O ® ' .3) Eﬁ
O ¢ O Y
ey oq | e (2,3) ) j —
< Frozen W
49 \\ ( Trainable h
e ResNet-18 w —|o
Glg lee | 9 63 E—— o
® * CHRvS: Fully ’ q w; — |O
& J1 . - connected | = w, — |O 3
]

g

9 O
O
Qo

(5) (®) Neuro Perception

OO0 LX)

I o

Hersche, et al. “A neuro-vector-symbolic architecture for solving Raven’s progressive matrices”. In Nature Machine Intelligence, 2023
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Example: Neuro-Vector-Symbolic Architecture

RAVEN example test

Context panels

(1,1) Q @@ |03
o o O
. “x\
(211) Oq \*’\%‘b\ 9 (213)
48 -
%\,‘%
@) @ s ? 63
’ N\

Candidate panels

(1

‘I
O

L
(5)

L b & J

¢ o

Hersche, et a

I o

ISPASS 2024

(8)

NVSA frontend: perception

/

P )
Type Size Colour | [Position
N .
- = Frozen W
Trainable
ResNet-18 Wy —\ o
—— 7 —— |}
i Fully q w; — |0 Probabilistic
—- cit?t?;(r: connected | = w, — |O scene
layer + Tanh —w; — |0 inference
- =) :
| |a
o J /

Neuro Perception

NVSA backend: reasoning

P(1,1) Ve

~

| | Detect | [Execute| |
rules rules

PY,...

& J

P2

Symbolic Reasoning

Zishen Wan | School of ECE | Georgia Institute of Technology

.| Answer
_ |selection

0

A neuro-vector-symbolic architecture for solving Raven’s progressive matrices”. In Nature Machine Intelligence, 2023

05/07/2024
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Example: Neuro-Vector-Symbolic Architecture

RAVEN example test

Context panels

(8)

(1,1) Q @@ |03
oo O
2N @4 s (2,3)
4@ N\«
@) @ et ? l<3,3>
Candidate panels /
& il
a ’ /
€O O X
e | Qoo
(5) | @ —O!
00 | 6o

* Neuro-Symbolic Category: Neuro | Symbolic
* Learning Approach: Supervised and Unsupervised

Hersche, et al. “A neuro-vector-symbolic architecture for solving Raven’s progressive matrices”. In Nature Machine Intelligence, 2023

ISPASS 2024
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Example: Neuro-Vector-Symbolic Architecture

RAVEN example test

Neuro-Symbolic Category: Neuro | Symbolic

Context panels

. . '.. - * Learning Approach: Supervised and Unsupervised
oo | @ | * Application: Fluid Intelligence, Abstract reasoning
2 o le 2.3) * Advantages over Neural Model: Accuracy
L/ 4@ Mg l » Higher joint representation efficiency ResNet: 53%
G g~ fee ? B3 * Higher abstract reasoning capability = GPT-4: 84%
© | b * Higher transparency Neuro-Symbolic: 98%
Candidate panels / .
® o  Dataset: RAVEN, I-RAVEN, PGM
| ¢ L —] (4)
€O O |+@
@ Do e
(5) I le—ol (8)
®60 et

Hersche, et al. “A neuro-vector-symbolic architecture for solving Raven’s progressive matrices”. In Nature Machine Intelligence, 2023
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Example: Neuro-Vector-Symbolic Architecture

RAVEN example test

Context panels

1) g 8@ (13
o o O
2) @4 s (2,3)
/4@ N\
o -
Candidate panels /
L e
€O O ° @
@ Do e
(5) I @ —O!
60 ®e

(8)

Neuro-Symbolic Category: Neuro | Symbolic
Learning Approach: Supervised and Unsupervised
Application: Fluid Intelligence, Abstract reasoning

Advantages over Neural Model: Accuracy
* Higher joint representation efficiency ResNet: 53%
* Higher abstract reasoning capability = GPT-4: 84%

* Higher transparency
Dataset: RAVEN, |-RAVEN, PGM
Computational Components:

* Neuro: ConvNet

* Symbolic: vector-symbolic operation, circular convolution

Neuro-Symbolic: 98%

Hersche, et al. “A neuro-vector-symbolic architecture for solving Raven’s progressive matrices”. In Nature Machine Intelligence, 2023

ISPASS 2024
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[ ]
Selected Neuro—Sy nbolic Workloads
LNN NVSA NLM Input (pre-conditions) Output (conclusions) || PrAE
[ (Whiskers ® Tail ® (Laser point - Chases)) — Cat ] [(Cat @ Dog) - Pet] Scenc images | Neural Symbolic VSA OPs for rules glo‘tfllu\P;[r(ip}frggs — » WILIP VA Scene images
- - v o o 8. atche ixpanc xpand),
* = o =) O + Reduce Reduce,
© e E| 2 s . 2 2| ot roperies = —— s i }—+
Bl 12| |||2 9 2 9| || B moveabiery —— T e
@ L2 7 8 = (o) Ha Object Relations _I 4#’
VSA vectors = E.g. On(x, y) . Expand . . Reduce L
[ Whiskers ] [ Tail ] [ Laser pointer ] [ Chases ] [ Cat ] [ Dog ] '
- ZeroC
LTN Neural Symbolic —
Symbolic ,| (VSA domain)
X ml mz
sy oL . .
1 . line
Connectives: ; | m, % i 3 :
“ AV > sa . . \ m, S
. 0SS ,
L Quenifers 1 ® S o mane) || oesiion]
v Cline ms X, Mq, M3, Tperp i
<o E = E(x,mq, m3, 7pery) Answer

Representative Neuro-
Symbolic AT Workloads

Logic Tensor
Network [34]

Logic Neural
Network [30]

Vector Symbolic Architecture
Image2Image Translation [7]

Neuro-Vector-Symbolic
Architecture [4]

Neural Logic
Machine [38]

Zero-shot Concept Recog-

nition and Acquisition [37]

Probabilistic Abduction
and Execution [23]

Abbreviation LNN LTN NVSA VSAIT NLM ZeroC PrAE
Neuro-Symbolic Category | Neuro:Symbolic—Neuro Ne“r‘)Symbolic Neuro|Symbolic Neuro|Symbolic Neuro[Symbolic] Neuro[Symbolic] Neuro|Symbolic
Learning Approach Supervised Supervised/Unsupervised Supervised/Unsupervised Supervised Supervised/Unsupervised Supervised Supervised/Unsupervised

Application

Querying, learning, reasoning
(relational and embedding
learning, query answering)

Learning and reasoning,
Full theorem prover

Unpaired image-to-image
translation

Fluid intelligence,
Abstract reasoning

Relational reasoning,

Decision making

Cross-domain classification
and detection, Concept
acquisition

Fluid intelligence,
Spatial-temporal reasoning

Deployment
Scenario

Advantage vs.
Neural Model

Higher interoperability, Higher data efficiency,
resilience to incomplete | comprehensibility, out-of-
knowledge, generalization| distribution generalization

Higher joint representations | Address semantic flipping and
efficiency, abstract reasoning hallucinations issue in unpaired

capability, transparency image translation tasks

Higher generalization,
logic reasoning, deduction,
explainability capability

Higher generalization, concept

acquisition and recognition,
compositionality capability

Higher generalization,
transparency, interpre-
tability, and robustness

Distiset LUBM benchmark [40], UCI [42], Leptograpsus RAVEN [21], GTA [47], Cityscapes [48], | Family graph reasoning, Abstraction reasoning [50], RAVEN [21],
TPTP benchmark [41] |crabs [43], DeepProbLog [44]| I-RAVEN [22], PGM [45] Google Maps dataset [49] | sorting, path finding [46] Hierarchical-concept corpus [51]/I-RAVEN [22], PGM [45]
. Datatype FP32 FP32 FP32 FP32 FP32 INT64 FP32
Computation _
Petteri Neuro Graph MLP ConvNet ConvNet Sequential tensor Energy-based network ConvNet

Symbolic

FOL/Logical operation

FOL/Logical operation

VSA/Vector operation VSA/Vector operation

FOL/Logical operation

Graph, vector operation

VSA/Vector operation




Objective of this Work

Workload and Characterization of Neuro-Symbolic Al

Neuro-Symbolic AI Algorithms

|
g e ™ f ™) e D
g 200
‘8 | °°°
— | Ca)
< S ' | Neural Network | T Symbolic T | Probabilistic
:E oh : Scalable, Flexible, Interpretable, Explainable, Robust to
. ED é : | Handle inconsistency) L Data-efficient ) L uncertainty J
Understand Computational ¢z r-------------------- p - R
]
1 M i = | N . lic A . .
Be h avior Of N eu rO_Sym bol iC : % : euro-Symbolic AI Workload Characterization
| < Hardware Compute Platforms Metrics
= ! P
WO rkl Od d S E 5B : ; ﬁ : @ | Runtime, Memory, Compute
= £ by ~ | Operators, Operation Graph,
'§ % | CPU GPU  Accelerator Roofline, Sparsity, etc
[ ] L] k J
Identify Co-Design P L T
A oh | (7 ~
Opportunities = £ Neuro-Symbolic AT Workload Optimization
§ : Software [<+>| System |+—|Architecture[+—| Technology
\C _J
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Neuro-Symbolic Workload Characterization

Profiling setup: CPU+GPU system, using pytorch profiler, seven neuro-symbolic workloads

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024
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Neuro-Symbolic Workload Characterization

Profiling setup: CPU+GPU system, using pytorch profiler, seven neuro-symbolic workloads

* End-to-end runtime latency analysis:

o ) 100%
% X X
O R e 25 5 S o 6
€| 280%| | = = 2 S & < S
S v Al N S o
U>J- = <t g o e 00
15}
2 60%
] 5
A~
O
o | B 40%]| frs : s
5| < 2 S S %
= 4 S t~
Z ] 0 <t o0 ﬂ' \° o
Qﬁ 20%) 'g) < °\° % n 3?
D = N o)
| — —

LNN LTN NVSA NLM VSAIT ZeroC PrAE
Neuro-Symbolic AI Workloads

~_~
o
~

Neuro-symbolic workload exhibits high latency compared to neural models;
Symbolic component is processed inefficiently on off-the-shelf CPU/GPUs

)
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[ [Z] Neuro [] Symbolic]

Neuro-Symbolic Workload Characterization

Profiling setup: CPU+GPU system, using pytorch profiler, seven neuro-symbolic workloads

* End-to-end runtime latency analysis:

4
100% 2 2 10 NLM Workload NVSA Workload
seonl (5] (2] [S] [2] [&] [8] [2]] 2
= 0 v ol N S o A s 5“ 103
8 < ) (@)} \O o0 8
2 60% =
s = 102
(D)
2 40% 2 =
£ EE ks : : -
d = o~

22w F2 F2d Lo ESd B =1 | 2

3 < N

o = V= 0

LNN LTN NVSA NLM VSAIT ZeroC PrAE TX2 NX 2080T1 TX2 NX  2080Ti

(a) Neuro-Symbolic AI Workloads (b) Hardware Devices

Neuro-symbolic workload exhibits high latency compared to neural models;
Symbolic component is processed inefficiently on off-the-shelf CPU/GPUs
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Neuro-Symbolic Workload Characterization

 Compute operator analysis:

Conv - 0.00% 0.00% 0.00% 0.00%

>60%

MatMul - 0.51% 0.00% EPAFZ8 0.00% 0.52% 0.00% 0.00% 0.00% 0.91% 45%

‘I’gg;‘;fﬁls‘; EX3A 19.3% - 73.1% --- 6.75% KSR - RTA 20.1% BIRL

Traglg;[‘grm_ 16.4% 17.3% 7.20% 2.40% 3.11% 6.82% 16.0% 3.85% 2.94% 20.8% 3.96% 2.13% 4.72% 8.11%

Data —-- 3.48% 6.36% 9.40% 7.12% - 14.36% 0.84% 13.87% 2.52%- 10.6% 6.69% -15%
Movement

Other - 0.00%- 0.00% 18.1% 0.00% 0.00% 0.00% EEEIZ% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

| I | I | | | ] | | | | | 1 - 0%
LNN LNN LTN LTN NVSA NVSA NLM NLM VSAIT VSAIT ZeroC ZeroC PrAE PrAE
(Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb)

30%
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Neuro-Symbolic Workload Characterization

 Compute operator analysis:

Conv

MatMul

Vector/Ele-
ment wise

Data
Transform

Data
Movement

Other

- 0.00% 0.00% 0.00% 0.00%

- 0.51% 0.00% gyl 0.00% 0.52% 0.00% 0.91%

0.00% 0.00%

- 16.4% 17.3% 7.20% 2.40% 3.11% 6.82% 16.0% 3.85% 2.94% 20.8% 3.96% 2.13% 4.72% 8.11%

-- 3.48% 6.36% 9.40% 7.12% - 14.36% 0.84% 13.87% 2.52% - 10.6% 6.69%

LI\IIN LII\IN L"i“N L"i"N NVISA NVISA NILM NILM VSIAIT VSIAIT ZerloC ZelroC PrAE PrAE

4.6 QEECHEYETN 1:.12, EXH 1000, VT RCRAEEN 30, RN 74 v, BT 5%

-0.00%- 0.00% 18.1% 0.00% 0.00% 0.00% EEEIZ% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

>60%

45%

30%

- 15%

- 0%

(Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb)
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Neuro-Symbolic Workload Characterization

 Compute operator analysis:

>60%
Conv - 0.00% 0.00% 0.00% 0.00% - 0.00% 0.00% EERYZE 0.00% - 0.00% --
MatMul - 0.51% 0.00% EY%EZY 0.00% 0.52% 0.00% 0.00% 0.00% 0.91% 45%
Vector/Ele- NS 19.3% - 73.1% --- ALY 65.3% - 74.9% BAREA 56.3%
30%
Tr;?lg}grm_ 16.4% 17.3% 7.20% 2.40% 3.11% 6.82% 16.0% 3.85% 2.94% 20.8% 3.96% 2.13% 4.72% 8.11%
iy Data t_-- 3.48% 6.36% 9.40% 7.12% - 14.36% 0.84% 13.87% 2.52% - 10.6% 6.69% -15%
ovemen
Other - 0.00% - 0.00% 18.1% 0.00% 0.00% 0.00% EetERZy 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
T T — T T T T T T — T T T T T T - 0%
LNN LNN LTN LTN NVSA NVSA NLM NLM VSAIT VSAIT ZeroC ZeroC PrAE PrAE
(Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb)
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Neuro-Symbolic Workload Characterization

 Compute operator analysis:

>60%
Conv 10.00% 0.00% 0.00% 0.00% - 0.00% 0.00% EERYZE 0.00% - 0.00% --
MatMul 1 0.51% 0.00% EYAEZY 0.00% 0.52% 0.00% 0.00% 0.00% 0.91% 45%
Vector/Ele- 19.3% 73.1% 49.9% ALY 65.3% 7RI 20.1% [RILY
ment Wlse . (1] . 0 . 0 . 0 . (1] . 0 . 0 . 0
30%
Tr;?lg;[‘grm 16.4% 17.3% 7.20% 2.40% 3.11% 6.82% 16.0% 3.85% 2.94% 20.8% 3.96% 2.13% 4.72% 8.11%
iy Data . - 3.48% 6.36% 9.40% 7.12% - 14.36% 0.84% 13.87% 2.52% - 10.6% 6.69% -15%
ovemen
Other 0.00% - 0.00% 18.1% 0.00% 0.00% 0.00% EetERZy 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
| | | | | | | | | | | | | | - 000
LNN LNN LTN LTN NVSA NVSA NLM NLM VSAIT VSAIT ZeroC ZeroC PrAE PrAE
(Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb) (Neuro) (Symb)
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Neuro-Symbolic Workload Characterization

 Compute operator analysis:

>60%
Conv 1 0.00%]| 0.00% 0.00%
MatMul {0.51%]| 0.00% 0.00% 45%
Vector/Ele-
ment wise 22.0% 22.9% 20.1%
30%
Tr;r)lasli‘grm 3.11% 3.85% | 2.94% 120.8% | 3.96% | 2.13% | 4.72% | 8.11%
Data 6.36% | 9.40% 14.36% 0.84% |13.87%| 2.52% | 22.9%| 10.6% | 6.69% -15%
Movement
Other 4 0.00% 18.1% | 0.00% 0.00% |0.00% | 0.00% | 0.00% | 0.00% | 0.00%
| I | | ] | | | | | | - 0%
LNN LTN |NVSA NLM | NLM | VSAIT| VSAIT| ZeroC | ZeroC| PrAE | PrAE
(Neuro) (Symb)|(Neuro (Symb)|(Neuro (Symb)| (Neuro)| (Symb)j (Neuro)l (Symb)/(Neuro) (Symb)|(Neuro) (Symb)
Neural dominated by MatMul and Conv;
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Neuro-Symbolic Workload Characterization

 Compute operator analysis:

>60%
Conv - 0.00% | 0.00% 0.00% EEEXEYZE 0.00%
MatMul - 0.51% | 0.00% 0.00% 0.00% 45%
Vector/Ele-
ment wise | 19.3% 22.9% 65.3% 20.1%
30%
Tra]r)laslﬁgrm_ 16.4% 2.40%]| 3.11% | 6.82% 3.85% | 2.94% | 20.8% | 3.96% | 2.13% | 4.72%| 8.11%
Data 3.48% | 6.36%| 9.40%| 7.12% 14.36%] 0.84% |13.87%]| 2.52% | 22.9% | 10.6% | 6.69% - 15%
Movement
Other - 0.00% 0.00% | 18.1%| 0.00% | 0.00% 0.00% | 0.00% | 0.00% | 0.00% | 0.00% | 0.00%
| | I | | ] | | | | | 1 - 0%
LNN LTN | LTN | NVSA | NVSA NLM | VSAIT| VSAIT| ZeroC | ZeroC | PrAE | PrAE
(Neuro)| (Symb) (Neuro)| (Symb) (Neuro)|(Symb)| (Neuro) (Symb)| (Neuro (Symb)|O\Ieur0)| (Symb)|(Neuro)| (Symb)

Neural dominated by MatMul and Conv; Symbolic dominated by vector/element/logical
operations;
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Neuro-Symbolic Workload Characterization

e Data Dependence

( Ingut )

(Neural Iv\Ietwork)

( Sym;:)olic )

( Output )
NVSA, VSAIT, PrAE

Graph analysis:

( Input )

v
Neural :
[Ne — ]4—‘ Symbolic ]
v

Structure

( Output )
NLM, ZeroC, LTN

( Input )J«—{ Symbolic)
v

Knowledge
Neural
Network

( Output )
LNN

operations; Complex control flow of neuro-symbolic interaction

[Neural dominated by MatMul and Conv; Symbolic dominated by vector/element/logical]

ISPASS 2024
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Neuro-Symbolic Workload Characterization

segmm_nn relu_nn vectorized elementwise

Runtime Percentage (%)
Compute Throughput (%)
ALU Utilization (%)

L1 Cache Hit Rate (%)
L2 Cache Hit Rate (%)
L1 Cache Throughput (%)
L2 Cache Throughput (%)
DRAM BW Utilization (%)

Why system Inefficiency?

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024 16



Neuro-Symbolic Workload Characterization

segmm_nn relu_nn vectorized elementwise

Runtime Percentage (%) 18.2 10.4 37.5 12.4
Compute Throughput (%) 95.1 92.9 3.0 2.3
ALU Utilization (%) 90.1 48.3 5.9 4.5

L1 Cache Hit Rate (%)
L2 Cache Hit Rate (%)
L1 Cache Throughput (%)
L2 Cache Throughput (%)
DRAM BW Utilization (%)

Symbolic exhibits low ALU utilization,
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Neuro-Symbolic Workload Characterization

segmm_nn relu_nn vectorized elementwise

Runtime Percentage (%) 18.2 10.4 37.5 12.4
Compute Throughput (%) 95.1 92.9 3.0 2.3
ALU Utilization (%) 90.1 48.3 5.9 4.5

L1 Cache Hit Rate (%) 1.6 51.6 29.5 33.3
L2 Cache Hit Rate (%) 86.8 65.5 48.6 34.3

L1 Cache Throughput (%)
L2 Cache Throughput (%)
DRAM BW Utilization (%)

Symbolic exhibits low ALU utilization, low cache hit rate,
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Neuro-Symbolic Workload Characterization

segmm_nn relu_nn vectorized elementwise

Runtime Percentage (%) 18.2 10.4 37.5 12.4
Compute Throughput (%) 95.1 92.9 3.0 2.3
ALU Utilization (%) 90.1 48.3 5.9 4.5

L1 Cache Hit Rate (%) 1.6 51.6 29.5 33.3
L2 Cache Hit Rate (%) 86.8 65.5 48.6 34.3
L1 Cache Throughput (%) 79.7 82.6 28.4 10.8
L2 Cache Throughput (%) 19.2 17.5 29.8 22.8
DRAM BW Utilization (%) 14.9 24.2 90.9 78.4

Symbolic exhibits low ALU utilization, low cache hit rate, massive data transfer, resulting
in hardware underutilization and inefficiency

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024



Neuro-Symbolic Workload Characterization

Runtime Percentage (%)
Compute Throughput (%)
ALU Utilization (%)

L1 Cache Hit Rate (%)
L2 Cache Hit Rate (%)
L1 Cache Throughput (%)
L2 Cache Throughput (%)
DRAM BW Utilization (%)

segmm_nn
18.2
95.1
90.1
1.6
86.8
79.7
19.2
14.9

relu_nn
10.4
92.9
48.3
51.6
65.5
82.6
17.5
24.2

vectorized
37.5
3.0
5.9
29.5
48.6
28.4
29.8
90.9

elementwise

12.4

2.3

4.5
33.3
34.3
10.8
22.8
78.4

—_
()
[\

—_
=

10°

—_—

10-

Attainable Performance (TFLOPS/s)
=)

euro
/ PI‘,AE (N
Memory Neuro
bound VSAIT.
(Neuro i NVSA
NVSA
5 SymbI)
ZeroC
Symb '

/ PrAE

/ (Symb)

VSAIT
oo

10-2

10!

100 1

Compute bound

euro

10t 102 103

(c) Operation Intensity (FLOPS/Byte)

Neuro operations are compute-bounded, symbolic operations are memory-bounded.
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Neural Network vs. Neuro-Symbolic

_ Neural Network Neuro-Symbolic
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Neural Network vs. Neuro-Symbolic

_ Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024



Neural Network vs. Neuro-Symbolic

_ Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]
Compute Neural kernels Heterogenous neural and symbolic kernels
Kernels (Conv, MatMul, etc) (vector, element, MatMul, graph, logic, etc)
ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024
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Neural Network vs. Neuro-Symbolic

_ Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]
Compute Neural kernels Heterogenous neural and symbolic kernels
Kernels (Conv, MatMul, etc) (vector, element, MatMul, graph, logic, etc)
Inefficient on CPU/GPU/TPU
Hardware - N ,
. . Efficient on GPU/TPU (low ALU utilization, low L1 cache hit rate,
Efficiency )
high data movement, etc)
ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024
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Neural Network vs. Neuro-Symbolic

_ Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]
Compute Neural kernels Heterogenous neural and symbolic kernels
Kernels (Conv, MatMul, etc) (vector, element, MatMul, graph, logic, etc)
Inefficient on CPU/GPU/TPU
Hardware . N ,
. . Efficient on GPU/TPU (low ALU utilization, low L1 cache hit rate,
Efficiency :
high data movement, etc)
System Bound Compute-bound / Memory-bound Memory-bound
ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024

55



Neural Network vs. Neuro-Symbolic

_ Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]
Compute Neural kernels Heterogenous neural and symbolic kernels
Kernels (Conv, MatMul, etc) (vector, element, MatMul, graph, logic, etc)
Inefficient on CPU/GPU/TPU
Hardware - — :
.. Efficient on GPU/TPU (low ALU utilization, low L1 cache hit rate,
Efficiency :
high data movement, etc)
System Bound Compute-bound / Memory-bound Memory-bound
Dataflow Simple flow control, High parallelism Complex flow control, Low parallelism
ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024
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Looking Ahead: LLM + Neurosymbolic

Scenario:
Imagine that a stranger will
DnearRegression’| give Hank one thousand
Mode! dollars to break all the
Theory-Diver ]_ windows in his neighbor’s
Sognitve Moddl house without his

) , .
Moral Judgment neighbor’s permission.
Hank carries out the

stranger’s request.

LLM

Values of
Features

Relevant
features

-
Theory-Driven >
Cognitive Mode! e

J

Towards safe and trustworthy Al System:
LLM + cognitive symbolic model for human moral judgment
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Looking Ahead: Challenge and Opportunity

{ Data J @ Lack of cognitive datasets

00
00
o
A B
CLEVRER Dataset ‘o0 || 008 . ||00e
eo|(l® o £3
o) | o0 ||~ 00
E F G H

RAVEN Dataset
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Looking Ahead: Challenge and Opportunity

[ Data J @ Lack of cognitive datasets Q Building ImageNet-like NSAI datasets

o
@ B3 Human-like Al

%% \\\ W / :— ———————— | — —_———— -;
Nzl 2 [[$7® : Metacognition :
! Interpretability :
G .. ? > : Deductive Reasoning |
b | | Systematicity |
e 281 08| ¢ | Compositionality |
A B <C D : Counterfactual thinking :
CLEVRER Dataset ‘00 || 00® 000 : I

eo|[e - ® { o)
oo || 00 —— -

E F G H

RAVEN Dataset

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024



Looking Ahead: Challenge and Opportunity

~

Data @ Lack of cognitive datasets

ISPASS 2024

Neural Network
Scalable
Flexible

O Building ImageNet-like NSAI datasets

Model | (@) Nascent integration

Q Unifying neuro-symbolic-prob models

a %J% R
Symbolic

Interpretable
Explainable

&Handle |nconS|stench

&Data—efficient )

e = ™
~n0 0
o 0)%,
Probabilistic

uncertainty
\ y

Robust to
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Looking Ahead: Challenge and Opportunity

( )

A\ 4

( )

Data @ Lack of cognitive datasets

Model | (@) Nascent integration

Software @ Modularity & extensibility

=

\ J
Underlying Operations Examples
Fuzzy logic F =Vz(isCarnivor(s)) — (isMammal(x))
(LTN) {isCarnivor(s):[0, 1], isMammal(z):[1,0]} — F = [1,0]
Pre-defined objects equal_color: (entry,entry) — Boolean
(NSVQA) equal_integer: (number, number) — Boolean
ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology

O Building ImageNet-like NSAI datasets

Q Developing efficient SW framework

Efficient NSAIl Software

reasoning logics :
Fast |
|
|
|

Memory-efficient

05/07/2024
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Looking Ahead: Challenge and Opportunity

Data

~\

J

U

Model

~\

J

Vs

\_

Software

~\

J

@ Lack of cognitive datasets O Building ImageNet-like NSAI datasets

[ System ] @ Diverse NSAl algo and HW Q Benchmarking NSAI workloads

ISPASS 2024
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Looking Ahead: Challenge and Opportunity

~\

Data

J

U

~\

Model

Vs

\_

~\

Software

J

U

~\

System

Vs

Hardware

\_

~\

J

ISPASS 2024

@ Lack of cognitive datasets O Building ImageNet-like NSAI datasets

@ Heterogeneous kernels Designing cognitive HW architecture
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Summary Thank you!!
Workload and Characterization of Neuro-Symbolic Al

Neuro-Symbolic AI Algorithms

|
g e a e a e S a
™Y [ "5 o o
Categorize Neuro-Symbolic 5 @ é%;é 0%
Al gorl thms i S ' | Neural Network | T Symbolic T | Probabilistic
:E 5D : Scalable, Flexible, Interpretable, Explainable, Robust to
. Eﬂ é : | Handle inconsistency) L Data-efficient P N uncertainty y
Understand Computational ¢ zr--------~------------ y - -
P
3 . - | . . . .
B e h avior Of N eu rO'Sy m b 0O | iC _; .g) : Neuro-Symbolic AI Workload Characterization
® < Hardware Compute Platforms Metrics
= P
WO I kl Od d S 5 oh : ' ﬁ : | Runtime, Memory, Compute
= g | bt @ ~ | Operators, Operation Graph,
-§ 2 CPU GPU  Accelerator Roofline, Sparsity, etc
[ ] L] k )
Identify Co-Design P L T
- oh | [ ~
O p p ortunities = g | Neuro-Symbolic AT Workload Optimization
§ : L Software [«>| System [+—|Architecture[«—| Technology )
|

ISPASS 2024 Zishen Wan | School of ECE | Georgia Institute of Technology 05/07/2024



Semiconductor
Research
Corporation

=ISPASS

Q

Towards Cognitive Al Systems: Workload and
Characterization of Neuro-Symbolic Al

Zishen Wan?, Che-Kai Liu!, Hanchen Yangl, Ritik Raj!, Chaojian Li!, Haoran
Youl, Yonggan Ful, Cheng Wanl, Ananda Samajdar?, Yingyan (Celine) Lin{,
Tushar Krishnat, Arijit Raychowdhury!

I Georgia Institute of Technology, GA Z IBM Research, NY

Email: zishenwan@gatech.edu
Web: https://zishenwan.github.io

Georgia
Tech.

..lli


mailto:zishenwan@gatech.edu
https://zishenwan.github.io/

