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Neural Networks in Our Daily Life

Image Recognition Speech Recognition Language Translation Autonomous Vehicle

Medical Diagnosis Financial Services Recommendation Systems ChatGPT
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State of AI / Landscape
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But… Is That Enough?

Complex Question Answering
NN accuracy: 50%

Interactive Learning

Abstract Reasoning Automated Theorem Proving

Ethical Decision Making Competitive Programming

NN accuracy: 53% NN accuracy: 0%

NN accuracy: 8.7%NN accuracy: 65%NN accuracy: 71%
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Neuro-Symbolic AI
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Outline

• Neuro-symbolic AI 101

• Neuro-symbolic AI workload characterization

• Neuro-symbolic AI hardware architecture

• Final project: neuro-symbolic kernel optimization
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What is Neuro-Symbolic AI?

Neural Symbolic
Recognition

Flexibility
Scalability

Explainability
Knowledge

Data Efficient

Towards Cognitive and Trustworthy AI Systems
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Neural Network

Slide Adapted from MIT 6.S191: Neurosymbolic AI 
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Symbolic AI

Slide Adapted from MIT 6.S191: Neurosymbolic AI 
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Neuro-Symbolic AI Example: Visual Reasoning

[CLEVR dataset]

Slide Adapted from MIT 6.S191: Neurosymbolic AI 
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Neuro-Symbolic AI Example: Visual Reasoning

[CLEVR dataset]

Slide Adapted from MIT 6.S191: Neurosymbolic AI 

13Zishen Wan | School of ECE | Georgia Institute of TechnologyGuest Lecture @ ECE8893 



Neuro-Symbolic AI Example: Visual Reasoning

Visual Perception Logical Reasoning

Question Understanding

[CLEVR dataset]
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Neuro-Symbolic AI Example: Visual Reasoning

Vision
(CNN / Transformers)

Structured
Representation

Language
(RNN / Transformers)

Symbolic Program
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Advantage 1: High Accuracy

NS-VQA [Yi et al.]
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Advantage 2: Data Efficiency

NS-VQA [Yi et al.]
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Advantage 3: Transparency and Interpretability

NS-VQA [Yi et al.]
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Other Examples

Eval on 30 Int. Math Olympics (IMO) problems:
• GPT-4:
• AlphaGeometry (Neuro-Symbolic):
• Human Gold Medalist:

0/30
25/30
26/30

LLM: construct auxiliary points and lines
Symbolic: deductive reasoning

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

Daniel Kahneman 
(1934-2024) 
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However.. From Computing Perspective

Better
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However.. From Computing Perspective
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However… From Computing Perspective

These neuro-symbolic approaches are typically very slow

Spatial-Temporal Abstract Reasoning

ResNet accuracy:
GPT-4 accuracy:
Neuro-Symbolic accuracy:
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The neuro-symbolic approach takes ~100s
even on desktop GPU, ~700s on Jetson TX2
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Lots of Neuro-Symbolic Algorithms

Neuro-Vector-Symbolic Arch[1] Logical Neural Network[2] Logical Tensor Network[3]

Probabilistic Abduction[5] Image Translation via VSA[6] AlphaGeometry[7] Logic-LM[8]

Neural Probabilistic Soft Logic[4]

[1] Hersche et al, Nature MI 2023; [2] Hoang et al, AAAI 2022; [3] Badreddine et al, AI 2022; [4] Pryor et al, IJCAI 2023
[5] Zhang et al, CVPR 2021; [6] Theiss et al, ECCV 2023; [7] Trinh et al, Nature 2024; [8] Pan el al, EMNLP 2023

What’s the system implications of neuro-symbolic
workloads?

Research Question:

Why neuro-symbolic workloads are inefficient on
off-the-shelf hardware?



Outline

• Neuro-symbolic AI 101

• Neuro-symbolic AI workload characterization

• Neuro-symbolic AI hardware architecture

• Final project: neuro-symbolic kernel optimization
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Categorize Neuro-Symbolic
Algorithms Neural Network

Scalable, Flexible,
Handle inconsistency

Symbolic Probabilistic 

Interpretable, Explainable,
Data-efficient

Robust to 
uncertainty

Neuro-Symbolic AI Algorithms
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Neuro-Symbolic AI Workload Characterization

Runtime, Memory, Compute 
Operators, Operation Graph, 

Roofline, Sparsity, etc

Metrics

CPU GPU

Hardware Compute Platforms

Accelerator

Neuro-Symbolic AI Workload Optimization

Software System Architecture Technology

Neuro-Symbolic AI Workload and Characterization
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Categorize Neuro-Symbolic
Algorithms

Understand Computational
Behavior of Neuro-Symbolic

Workloads
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Scalable, Flexible,
Handle inconsistency

Symbolic Probabilistic 

Interpretable, Explainable,
Data-efficient

Robust to 
uncertainty

Neuro-Symbolic AI Algorithms

+ +

T
o
w

a
rd

s 
H

u
m

a
n

-l
ik

e 
C

o
g
n

it
iv

e 
A

I 

L
ea

rn
in

g
, 

R
ea

so
n

in
g

, 
L

o
g
ic

al
 T

h
in

k
in

g
, 

C
o

ll
ab

o
ra

ti
o

n

Neuro-Symbolic AI Workload Characterization

Runtime, Memory, Compute 
Operators, Operation Graph, 

Roofline, Sparsity, etc

Metrics

CPU GPU

Hardware Compute Platforms

Accelerator

Neuro-Symbolic AI Workload Optimization

Software System Architecture Technology

Neuro-Symbolic AI Workload and Characterization
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Categorize Neuro-Symbolic
Algorithms

Understand Computational
Behavior of Neuro-Symbolic

Workloads

Identify Co-Design
Opportunities

Neural Network
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Runtime, Memory, Compute 
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Roofline, Sparsity, etc

Metrics

CPU GPU

Hardware Compute Platforms
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Neuro-Symbolic AI Workload Optimization

Software System Architecture Technology

Neuro-Symbolic AI Workload and Characterization
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Neuro-Symbolic AI Workload Characterization

Runtime, Memory, Compute 
Operators, Operation Graph, 

Roofline, Sparsity, etc

Metrics

CPU GPU

Hardware Compute Platforms

Accelerator

Neuro-Symbolic AI Workload Optimization

Software System Architecture Technology
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Neuro-Symbolic AI Workload and Characterization

Zishen Wan | School of ECE | Georgia Institute of TechnologyZhao Lab Seminar @UMN 08/16/2024“Towards Cognitive AI Systems: Workload and Characterization of Neuro-Symbolic AI”, in ISPASS 2024 [PDF]
“Towards Efficient Neuro-Symbolic AI: From Workload Characterization to Hardware Architecture”, in TCASAI 2024 [PDF]

https://zishenwan.github.io/publication/ISPASS24_NSAI.pdf
https://zishenwan.github.io/publication/TCASAI24.pdf
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Lots of Neuro-Symbolic Algorithms

Neuro-Vector-Symbolic Arch Logical Neural Network Logical Tensor Network

Probabilistic Abduction Image Translation via VSA AlphaGeometry Neural Logical Machine

Neural Probabilistic Soft Logic

Neuro MLP, ConvNet, Transformer, etc Symbolic Vector, Fuzzy logic, Knowledge graph, Decision tree, etc
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Neuro-Symbolic AI Workload Category
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Inspired by Henry Kautz’s terminology
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Selected Neuro-Symbolic Workloads
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Selected Neuro-Symbolic Workloads



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

Example: Neuro-Vector-Symbolic Architecture
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Neuro Perception

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



Neuro Perception Symbolic Reasoning

Example: Neuro-Vector-Symbolic Architecture
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Neuro Perception Symbolic Reasoning

Example: Neuro-Vector-Symbolic Architecture

• Neuro-Symbolic Category: Neuro | Symbolic
• Learning Approach: Supervised and Unsupervised
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Neuro Perception Symbolic Reasoning

Example: Neuro-Vector-Symbolic Architecture

• Neuro-Symbolic Category: Neuro | Symbolic
• Learning Approach: Supervised and Unsupervised
• Application: Fluid Intelligence, Abstract reasoning
• Advantages over Neural Model:

• Higher joint representation efficiency
• Higher abstract reasoning capability
• Higher transparency

• Dataset: RAVEN, I-RAVEN, PGM

Accuracy
ResNet:
GPT-4:
Neuro-Symbolic:

53%
84%
98%
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Neuro Perception Symbolic Reasoning

Example: Neuro-Vector-Symbolic Architecture

• Neuro-Symbolic Category: Neuro | Symbolic
• Learning Approach: Supervised and Unsupervised
• Application: Fluid Intelligence, Abstract reasoning
• Advantages over Neural Model:

• Higher joint representation efficiency
• Higher abstract reasoning capability
• Higher transparency

• Dataset: RAVEN, I-RAVEN, PGM
• Computational Components:

• Neuro: ConvNet
• Symbolic: vector-symbolic operation, circular convolution

Accuracy
ResNet:
GPT-4:
Neuro-Symbolic:

53%
84%
98%
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Neuro Perception Symbolic Reasoning

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



Binding Problem in Neural Network
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Solutions in Vector-Symbolic Architecture
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Solutions in Vector-Symbolic Architecture
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Selected Neuro-Symbolic Workloads



Categorize Neuro-Symbolic
Algorithms

Understand Computational
Behavior of Neuro-Symbolic

Workloads

Identify Co-Design
Opportunities

Neural Network

Scalable, Flexible,
Handle inconsistency

Symbolic Probabilistic 

Interpretable, Explainable,
Data-efficient

Robust to 
uncertainty

Neuro-Symbolic AI Algorithms
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Neuro-Symbolic AI Workload Characterization

Runtime, Memory, Compute 
Operators, Operation Graph, 

Roofline, Sparsity, etc

Metrics

CPU GPU

Hardware Compute Platforms

Accelerator

Neuro-Symbolic AI Workload Optimization

Software System Architecture Technology

Neuro-Symbolic AI Workload and Characterization
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Neuro-Symbolic Workload Characterization
Profiling setup: CPU+GPU system, using pytorch profiler, seven neuro-symbolic workloads
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Neuro-Symbolic Workload Characterization

• End-to-end runtime latency analysis:
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Neuro-symbolic workload exhibits high latency compared to neural models;

Symbolic component is processed inefficiently on off-the-shelf CPU/GPUs

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

• End-to-end runtime latency analysis:
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Neuro-symbolic workload exhibits high latency compared to neural models;

Symbolic component is processed inefficiently on off-the-shelf CPU/GPUs

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

Symbolic components exhibit large memory footprint;
Symbolic operations are dominated by vector-symbolic circular convolutions
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Neuro-Symbolic Workload Characterization

Symbolic components exhibit large memory footprint;
Symbolic operations are dominated by vector-symbolic circular convolutions

(e)

56Zishen Wan | School of ECE | Georgia Institute of TechnologyGuest Lecture @ ECE8893 



0 1 2 3 4 5 6 7 8 9 10 11 12 13

0
1

2
3

4
5

0

15

30

45

60

0 1 2 3 4 5

0
1

2
3

4
5

0

15

30

45

60

0%

15%

30%

45%

>60%

LNN
(Neuro)

LNN
(Symb)

LTN
(Neuro)

LTN
(Symb)

NVSA
(Neuro)

NVSA
(Symb)

NLM
(Neuro)

NLM
(Symb)

VSAIT
(Neuro)

VSAIT
(Symb)

ZeroC
(Neuro)

ZeroC
(Symb)

PrAE
(Neuro)

PrAE
(Symb)

Conv

MatMul

Data 

Other

Movement

Data 
Transform

Vector/Ele-
ment wise

0.00% 0.00% 0.00% 0.00% 30.7% 35.7%

0.51% 0.00% 62.5%

0.00% 0.00% 59.5% 0.00% 31.6% 0.00% 28.6% 28.0%

0.00% 34.8% 0.52% 24.5% 0.00% 30.0% 0.00% 28.2% 0.00% 36.0% 0.91%

43.6% 19.3% 26.8% 73.1% 22.0% 49.9%

16.4% 17.3% 7.20%

34.6% 22.9% 6.75% 65.3% 33.7% 74.9% 20.1% 56.3%

2.40% 3.11% 6.82% 16.0% 3.85% 2.94% 20.8% 3.96% 2.13% 4.72% 8.11%

39.5% 39.4% 3.48% 6.36% 9.40% 7.12%

0.00% 24.0% 0.00%

24.9% 14.36% 0.84% 13.87% 2.52% 22.9% 10.6% 6.69%

18.1% 0.00% 0.00% 0.00% 58.9% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

(b)(a)

PrAE

ZeroC

VSAIT

LNN

LTN

NVSA

NLM

0%
Memory Percentage

100%50%

S
y

m
b

o
li

c
N

eu
ro

(c) Operation Intensity (FLOPS/Byte)

A
tt

ai
n
ab

le
 P

er
fo

rm
an

ce
 (

T
F

L
O

P
S

/s
)

10-2 10-1 100 101 102 103

10-2

10-1

100

101

102

NVSA
(Neuro)

PrAE
(Neuro)

VSAIT
(Neuro)

PrAE
(Symb) NVSA

(Symb)

VSAIT
(Symb)

ZeroC
(Neuro)

ZeroC
(Symb)

Neuro-Symbolic Workload Characterization
• Compute operator analysis:
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Neuro-Symbolic Workload Characterization
• Compute operator analysis:
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Neuro-Symbolic Workload Characterization
• Compute operator analysis:
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Neuro-Symbolic Workload Characterization
• Compute operator analysis:
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Neuro-Symbolic Workload Characterization
• Compute operator analysis:

Neural dominated by MatMul and Conv; Symbolic dominated by vector/element/logical
operations; Complex control flow of neuro-symbolic interaction
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Neuro-Symbolic Workload Characterization

Neural dominated by MatMul and Conv; Symbolic dominated by vector/element/logical
operations; Complex control flow of neuro-symbolic interaction

• Compute operator analysis:
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Neuro-Symbolic Workload Characterization

• Data Dependence Graph analysis:

Input

Symbolic

Neural Network

Input

Symbolic
Neural 

Network

Output Output

NVSA, VSAIT, PrAE NLM, ZeroC, LTN LNN

Structure

Input Symbolic

Neural 

Network

Output

Knowledge

Neural dominated by MatMul and Conv; Symbolic dominated by vector/element/logical
operations; Complex control flow of neuro-symbolic interaction
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Neuro-Symbolic Workload Characterization

Why system Inefficiency?

Neuro Kernel Symbolic Kernel

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 (%)
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Neuro-Symbolic Workload Characterization

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

Neuro Kernel Symbolic Kernel

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 (%)
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Neuro-Symbolic Workload Characterization

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

Neuro Kernel Symbolic Kernel

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 (%)
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Neuro-Symbolic Workload Characterization

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

Neuro Kernel Symbolic Kernel

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
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Neuro-Symbolic Workload Characterization

0 1 2 3 4 5 6 7 8 9 10 11 12 13

0
1

2
3

4
5

0

15

30

45

60

0 1 2 3 4 5

0
1

2
3

4
5

0

15

30

45

60

0%

15%

30%

45%

>60%

LNN
(Neuro)

LNN
(Symb)

LTN
(Neuro)

LTN
(Symb)

NVSA
(Neuro)

NVSA
(Symb)

NLM
(Neuro)

NLM
(Symb)

VSAIT
(Neuro)

VSAIT
(Symb)

ZeroC
(Neuro)

ZeroC
(Symb)

PrAE
(Neuro)

PrAE
(Symb)

Conv

MatMul

Data 

Other

Movement

Data 
Transform

Vector/Ele-
ment wise

0.00% 0.00% 0.00% 0.00% 30.7% 35.7%

0.51% 0.00% 62.5%

0.00% 0.00% 59.5% 0.00% 31.6% 0.00% 28.6% 28.0%

0.00% 34.8% 0.52% 24.5% 0.00% 30.0% 0.00% 28.2% 0.00% 36.0% 0.91%

43.6% 191.3% 26.8% 73.1% 22.0% 49.9%

16.4% 17.3% 7.20%

34.6% 22.9% 6.75% 65.3% 33.7% 74.9% 20.1% 56.3%

2.40% 3.11% 6.82% 16.0% 3.85% 2.94% 20.8% 3.96% 2.13% 4.72% 8.11%

39.5% 39.5% 3.48% 6.36% 9.40% 7.12%

0.00% 24.0% 0.00%

24.9% 14.36% 0.84% 13.87% 2.52% 22.9% 10.6% 6.69%

18.1% 0.00% 0.00% 0.00% 58.9% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

(b)(a)

PrAE

ZeroC

VSAIT

LNN

LTN

NVSA

NLM

0%
Memory Percentage

100%50%

S
y

m
b

o
li

c
N

eu
ro

(c) Operation Intensity (FLOPS/Byte)

A
tt

ai
n
ab

le
 P

er
fo

rm
an

ce
 (

T
F

L
O

P
S

/s
)

10-2 10-1 100 101 102 103

10-2

10-1

100

101

102

NVSA
(Neuro)

PrAE
(Neuro)

VSAIT
(Neuro)

PrAE
(Symb) NVSA

(Symb)

VSAIT
(Symb)

ZeroC
(Neuro)

ZeroC
(Symb)

Memory-
bound

Compute-bound

Neuro Kernel Symbolic Kernel

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

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]
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Neural Network vs. Neuro-Symbolic

Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]

Compute
Kernels

Neural kernels
(Conv, MatMul, etc)

Heterogenous neural and symbolic kernels
(vector, element, MatMul, graph, logic, etc)
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Neural Network vs. Neuro-Symbolic

Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]

Compute
Kernels

Neural kernels
(Conv, MatMul, etc)

Heterogenous neural and symbolic kernels
(vector, element, MatMul, graph, logic, etc)

Hardware
Efficiency

Efficient on GPU/TPU
Inefficient on CPU/GPU/TPU

(low ALU utilization, low L1 cache hit rate,
high data movement, etc)
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Neural Network vs. Neuro-Symbolic

Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]

Compute
Kernels

Neural kernels
(Conv, MatMul, etc)

Heterogenous neural and symbolic kernels
(vector, element, MatMul, graph, logic, etc)

Hardware
Efficiency

Efficient on GPU/TPU
Inefficient on CPU/GPU/TPU

(low ALU utilization, low L1 cache hit rate,
high data movement, etc)

System Bound Compute-bound / Memory-bound Memory-bound
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Neural Network vs. Neuro-Symbolic

Neural Network Neuro-Symbolic

Runtime [Neural Network] < [Neural-Symbolic]

Compute
Kernels

Neural kernels
(Conv, MatMul, etc)

Heterogenous neural and symbolic kernels
(vector, element, MatMul, graph, logic, etc)

Hardware
Efficiency

Efficient on GPU/TPU
Inefficient on CPU/GPU/TPU

(low ALU utilization, low L1 cache hit rate,
high data movement, etc)

System Bound Compute-bound / Memory-bound Memory-bound

Dataflow Simple flow control, High parallelism Complex flow control, Low parallelism
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How to enhance the efficiency and scalability
of neuro-symbolic systems?

Research Question:
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Outline

• Neuro-symbolic AI 101

• Neuro-symbolic AI workload characterization

• Neuro-symbolic AI hardware architecture

• Final project: neuro-symbolic kernel optimization
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“CogSys: Efficient and Scalable Neurosymbolic Cognition System via Algorithm-Hardware Co-Design”, in HPCA 2025 [PDF]
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Reconfigurable Neuro/Symbolic PE
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Micro-architecture of
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Reconfigurable neuro/symbolic PE incurs low area overhead compared to systolic array PE;
Reconfigurable neuro/symbolic PE has three operation modes: load, neuro, symbolic
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What is Circular Convolution?
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Bubble Streaming Dataflow
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This Work: Bubble Streaming Dataflow

TPU-like Systolic Array: Implement as three GEMV Multiplication  
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Vector-Symbolic Circular Convolution Example (3 CircConv): 
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Vector-Symbolic Circular Convolution Example (3 CircConv): 

CircConv #2:
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CircConv #1 Computation:

(A1, A2, A3)     (B1, B2, B3) =

(A1B1+A2B2+A3B3, A1B3+A2B1+A3B2, A1B2+A2B3+A2B1)

For symbolic operation:
• TPU-like array suffers from low

parallelism & high memory access;
• Bubble streaming dataflow

improve parallelism, arithmetic
intensity, and data reuse.
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This Work: Bubble Streaming Dataflow

TPU-like Systolic Array: Implement as three GEMV Multiplication  
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Vector-Symbolic Circular Convolution Example (3 CircConv): 

CircConv #2:

CircConv #3: (F1, F2, F3) 

CircConv #1 Computation:

(A1, A2, A3)     (B1, B2, B3) =

(A1B1+A2B2+A3B3, A1B3+A2B1+A3B2, A1B2+A2B3+A2B1)
TPU: Finish at (3n+15) = 24 cycles
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Bubble Streaming Dataflow
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Vector-Symbolic Circular Convolution Example (3 CircConv): 

CircConv #2:

CircConv #3: (F1, F2, F3) 

CircConv #1 Computation:

(A1, A2, A3)     (B1, B2, B3) =

(A1B1+A2B2+A3B3, A1B3+A2B1+A3B2, A1B2+A2B3+A2B1)
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Vector-Symbolic Circular Convolution Example (3 CircConv): 

CircConv #2:

CircConv #3: (F1, F2, F3) 

CircConv #1 Computation:

(A1, A2, A3)     (B1, B2, B3) =

(A1B1+A2B2+A3B3, A1B3+A2B1+A3B2, A1B2+A2B3+A2B1)

For symbolic operation:
• TPU-like array suffers from low

parallelism & high memory access;
• Bubble streaming dataflow

improve parallelism, arithmetic
intensity, and data reuse.
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This Work: Bubble Streaming Dataflow

TPU-like Systolic Array: Implement as three GEMV Multiplication  
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Vector-Symbolic Circular Convolution Example (3 CircConv): 

CircConv #2:

CircConv #3: (F1, F2, F3) 

CircConv #1 Computation:

(A1, A2, A3)     (B1, B2, B3) =

(A1B1+A2B2+A3B3, A1B3+A2B1+A3B2, A1B2+A2B3+A2B1)
TPU: Finish at (3n+15) = 24 cycles
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Bubble Streaming Dataflow
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Bubble streaming dataflow flow improve parallelism, arithmetic intensity, and data reuse
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Vector-Symbolic Circular Convolution Example (CircConv #1): 

(A1, A2, A3)     (B1, B2, B3) = (A1B1+A2B2+A3B3, A1B3+A2B1+A3B2, A1B2+A2B3+A2B1)
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Algorithm Optimization – Efficient Factorization
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Algorithm Optimization – Efficient Factorization

Factorization disentangles large symbolic knowledge codebook into small volume of 
attributes, thus reducing computational time and space complexity 
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Factorization disentangles large symbolic knowledge codebook into small volume of 
attributes, thus reducing computational time and space complexity 
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Factorization disentangles large symbolic knowledge codebook into small volume of 
attributes, thus reducing computational time and space complexity 
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System Optimization - Adaptive Scheduling
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System Optimization - Adaptive Scheduling
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System Optimization - Adaptive Scheduling
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System Optimization - Adaptive Scheduling
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System Optimization - Adaptive Scheduling

101

Adaptive scheduling enables interleaved and reconfigurable neuro/symbolic processing
with partitioned array, improving parallelism, latency, efficiency, and utilization
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System Optimization - Adaptive Scheduling

102

Adaptive scheduling enables interleaved and reconfigurable neuro/symbolic processing
with partitioned array, improving parallelism, latency, efficiency, and utilization

Zishen Wan | Georgia Institute of Technology | Harvard UniversityGuest Lecture @ ECE8893 



System Optimization - Adaptive Scheduling

103

Adaptive scheduling enables interleaved and reconfigurable neuro/symbolic processing
with partitioned array, improving parallelism, latency, efficiency, and utilization
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System Optimization - Adaptive Scheduling

104

Adaptive scheduling enables interleaved and reconfigurable neuro/symbolic processing
with partitioned array, improving parallelism, latency, efficiency, and utilization
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Our Methodology
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Evaluation – Setup and Accelerator Layout
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• Task: Cognitive reasoning tasks

• Reasoning datasets: 

• RAVEN, I-RAVEN, PGM, CVR, SVRT 

• Neuro-symbolic workloads: 

• NVSA, MIMONet, LVRF 

• Hardware baseline: 

• Jetson TX2, Xavier NX, RTX GPU, Xeon CPU 

• ML accelerators (TPU, MTIA, Gemmini) 
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Evaluation – Algorithm Performance
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• Better Reasoning Capability: neurosymbolic methods achieve high accuracy across 
reasoning tasks than NNs and human. 

• Smaller Memory Footprint: neurosymbolic methods consume much less 
#parameter than NNs (e.g., LLM). 
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Evaluation – Hardware Performance
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4x - 90x speedup
compared to CPU/GPU

Symbolic operation:
75x speedup to TPU
18x speedup to GPU
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Evaluation – Hardware Performance
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Compared with ML accelerators: similar neuro latency, 7-120x symbolic speedup,
2-16x end-to-end neuro-symbolic speedup
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Evaluation – Ablation Study
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Proposed scheduling,
reconfigurable PE,
bubble streaming

dataflow are effective

Algorithm-system-
hardware co-design

is critical
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Key Observations:

Compared with systolic arrays that only support neural, our 
design provides reconfigurable support for neural and 

symbolic operations with only 4.8% area overhead. 
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Our design achieves 0.3s latency per cognition task, with
1.18W power consumption.
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Summary
• Neuro-symbolic AI is a compositional method to

improve reasoning and interpretability.
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Goals Challenges Methodology

Energy and Latency

This Work

Deployment

Configurations: 
hardware & system

Challenge-1:
Large memory 

footprint

Challenge-2:
Symbolic operation 

inefficiency

Challenge-3:
Hardware 

underutilization

Key Idea-1:
Efficient factorization 

Key Idea-2:
Reconfigurable arch 

for neural & symbolic

Key Idea-3:
Adaptive scheduler 

for neural & symbolic

Evaluate: across cognitive 
tasks, scales, complexities, 

hardware configs

Target: efficient and 
scalable human-fluid 

intelligence and cognition
Efficiency, Performance 

Scalability, Interpretability 

C
o
g

n
it

iv
e 

C
ap

ab
il
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y

Neurosymbolic AI

+

Architecture

Reconfigurable 

PE

Bubble-Streaming 

Dataflow

Spatial-Temporal 

Mapping

Scaling Up/Out 

Adaptive 

Scheduling

• In this work,
• Characterize system implications

• Propose algorithm-system-hardware co-design
• Algorithm: efficient factorization

• System: adaptive scheduling

• Hardware Architecture: reconfigurable neuro/symbolic
PE, dataflow, mapping, and scaling strategy

• Achieve efficient and scalable neuro-symbolic
execution across reasoning tasks
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Outline

• Neuro-symbolic AI 101

• Neuro-symbolic AI workload characterization

• Neuro-symbolic AI hardware architecture

• Final project: neuro-symbolic kernel optimization
• https://github.com/sharc-lab/FPGA_ECE8893/tree/main/2025_Spring/topic4
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• Neural (neural networks): learning, flexibility, scalability

• Symbolic (reasoning-based AI): interpretability, data efficiency, reasoning

• Neuro-Symbolic AI: integrate neural and symbolic towards cognitive and
trustworthy AI systems

Project: Neuro-Symbolic Kernel Optimization
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• Recent Examples: neuro-symbolic method to solve complex geometry
problems

Project: Neuro-Symbolic Kernel Optimization

Eval on 30 Int. Math Olympics (IMO) problems:
• GPT-4:
• AlphaGeometry (Neuro-Symbolic):
• Human Gold Medalist:

0/30
25/30
26/30

LLM: construct auxiliary points and lines
Symbolic: deductive reasoning

“Solving Olympiad Geometry without Human Demonstrations”, Nature 2024
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• Neuro-Vector-Symbolic Architecture

Project: Neuro-Symbolic Kernel Optimization

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

Neural: perception Symbolic: rule reasoning
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• Neuro-Vector-Symbolic Architecture – symbolic reasoning

Project: Neuro-Symbolic Kernel Optimization

Circular
Convolution

Hersche, et al, ”A neuro-vector-symbolic architecture for solving Raven’s progressive matrices.”, Nature Machine Intelligence, 2023
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• Part 1: Neural Kernel (One layer of ResNet18)
• Reference code: <neural/neural_conv.py>
• Input format: <neural/neural_input/input.npy>
• Output data: <neural/neural_output/output.npy>

• Part 2: Symbolic Kernel (Circular Convolution)
• Reference code: <symbolic/symbolic_circular_conv.py>
• Input format: <symbolic /symbolic_input/input_A.npy, input_B.npy>
• Output data: <symbolic/symbolic_output/output_C.npy>

• Bonus!
• Bonus 1: Design a complete version of ResNet18 (Reference: SkyNet)
• Bonus 2: Design a kernel that is reconfigurable to support convolution (neural)

and circular convolution (symbolic)

Project: Neuro-Symbolic Kernel Optimization
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