
Demystifying Neuro-Symbolic AI for
Software-Hardware Co-Design

Zishen Wan
PhD Student @ School of ECE, Georgia Tech

Advisors: Prof. Arijit Raychowdhury, Prof. Tushar Krishna

Seminar @ Google, April 17, 2025



Executive Summary

• Understand neuro-symbolic workloads from architecture and
system perspective.

• Identify optimization opportunities for neuro-symbolic systems.

• Demonstrate orders of scalability and efficiency improvement of 
neuro-symbolic workload via co-designed system. 
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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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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: 20%

NN accuracy: 8.7%NN accuracy: 65%NN accuracy: 71%
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What is Neuro-Symbolic AI?

Neural SymbolicRecognition
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

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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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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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

Symbolic [Neuro] Neuro [Symbolic] Neuro | Symbolic Neuro:Symbolic->Neuro NeuroSymbolic

Symbolic

Neuro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Sy
m

bo
lic

Em
be
dd
in
g

Em
be
dd
in
g

Symbolic [Neuro] Neuro [Symbolic] Neuro | Symbolic Neuro:Symbolic->Neuro NeuroSymbolic

Symbolic

Neuro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Sy
m

bo
lic

Em
be
dd
in
g

Em
be
dd
in
g

Inspired by Henry Kautz’s terminology

Symbolic [Neuro] Neuro [Symbolic] Neuro | Symbolic Neuro:Symbolic->Neuro NeuroSymbolic

Symbolic

Neuro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Sy
m

bo
lic

Em
be
dd
in
g

Em
be
dd
in
g

Symbolic [Neuro] Neuro [Symbolic] Neuro | Symbolic Neuro:Symbolic->Neuro NeuroSymbolic

Symbolic

Neuro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Sy
m

bo
lic

Em
be
dd
in
g

Em
be
dd
in
g

Symbolic [Neuro] Neuro [Symbolic] Neuro | Symbolic Neuro:Symbolic->Neuro NeuroSymbolic

Symbolic

Neuro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Neuro

Symbolic

Sy
m

bo
lic

N
eu

ro

Sy
m

bo
lic

Em
be
dd
in
g

Em
be
dd
in
g

26Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google



→

(Whiskers ⨂ Tail ⨂ (Laser point → Chases)) → Cat (Cat ⊕ Dog) → Pet

⨂
TailWhiskers

⊕
Cat Dog

Pet

→

Laser pointer Chases

→

LNN

"($!)

"($")

Symbolic
(Fuzzy FOLs)
Connectives:
¬	∧		∨		→	

Quantifiers:
∃	∀

A# '()

LTN NeuralSource:

Target:

Feature
vectors

Loss

Symbolic
(VSA domain)

Vectors 

'*+()⨂
…

VSAIT

Symbolic

Pr
ob

 In
f

VSA OPs for 
rules

=
?

H_a

VSA OPs for 
rules

=
?

H_a

VSA OPs for rules

H_a

=?

A
ns

w
er

 
se

le
ct

Scene images Neural

N
eu

ra
l

Co
de

bo
ok

NVSA

(

)!

)"

)#

*$%&'

*$%&'

*$%&'+(')(
+(')( +(*)

)! )# )"

= % &,(!,(", )#$%#

+	% &,(",(&, )#'%
+	% &,(!,(&, )#$%#

+ , % &,((, -)(*$
(+!,",&

,

ZeroC

Global Properties
E.g. AllMatched()

Object Properties
E.g. Moveable(x)

Object Relations
E.g. On(x, y)

NLM

… …
…

…

…

Expand
Reduce

Expand

Permutation MLP

Permutation MLP

Permutation MLP

Input (pre-conditions) Output (conclusions)

……………………

VSA vectors

……………………

PrAE

N
eu

ra
l

Scene Inf.

CNN

Scene images

Prob reps

Sy
m

bo
lic Abduction

Execution

Answer

Neural

Expand
Reduce

Expand
Reduce

Expand
Reduce

Expand
Reduce

27Zishen Wan | School of ECE | Georgia Institute of Technology

Selected Neuro-Symbolic Workloads

Seminar @ Google



→

(Whiskers ⨂ Tail ⨂ (Laser point → Chases)) → Cat (Cat ⊕ Dog) → Pet

⨂
TailWhiskers

⊕
Cat Dog

Pet

→

Laser pointer Chases

→

LNN

"($!)

"($")

Symbolic
(Fuzzy FOLs)
Connectives:
¬	∧		∨		→	

Quantifiers:
∃	∀

A# '()

LTN NeuralSource:

Target:

Feature
vectors

Loss

Symbolic
(VSA domain)

Vectors 

'*+()⨂
…

VSAIT

Symbolic

Pr
ob

 In
f

VSA OPs for 
rules

=
?

H_a

VSA OPs for 
rules

=
?

H_a

VSA OPs for rules

H_a

=?

A
ns

w
er

 
se

le
ct

Scene images Neural

N
eu

ra
l

Co
de

bo
ok

NVSA

(

)!

)"

)#

*$%&'

*$%&'

*$%&'+(')(
+(')( +(*)

)! )# )"

= % &,(!,(", )#$%#

+	% &,(",(&, )#'%
+	% &,(!,(&, )#$%#

+ , % &,((, -)(*$
(+!,",&

,

ZeroC

Global Properties
E.g. AllMatched()

Object Properties
E.g. Moveable(x)

Object Relations
E.g. On(x, y)

NLM

… …
…

…

…

Expand
Reduce

Expand

Permutation MLP

Permutation MLP

Permutation MLP

Input (pre-conditions) Output (conclusions)

……………………

VSA vectors

……………………

PrAE

N
eu

ra
l

Scene Inf.

CNN

Scene images

Prob reps

Sy
m

bo
lic Abduction

Execution

Answer

Neural

Expand
Reduce

Expand
Reduce

Expand
Reduce

Expand
Reduce

28MLBench @ ASPLOS25 Tushar Krishna | School of ECE | Georgia Institute of Technology

Selected Neuro-Symbolic Workloads



→

(Whiskers ⨂ Tail ⨂ (Laser point → Chases)) → Cat (Cat ⊕ Dog) → Pet

⨂
TailWhiskers

⊕
Cat Dog

Pet

→

Laser pointer Chases

→

LNN

"($!)

"($")

Symbolic
(Fuzzy FOLs)
Connectives:
¬	∧		∨		→	

Quantifiers:
∃	∀

A# '()

LTN NeuralSource:

Target:

Feature
vectors

Loss

Symbolic
(VSA domain)

Vectors 

'*+()⨂
…

VSAIT

Symbolic

Pr
ob

 In
f

VSA OPs for 
rules

=
?

H_a

VSA OPs for 
rules

=
?

H_a

VSA OPs for rules

H_a

=?

A
ns

w
er

 
se

le
ct

Scene images Neural

N
eu

ra
l

Co
de

bo
ok

NVSA

(

)!

)"

)#

*$%&'

*$%&'

*$%&'+(')(
+(')( +(*)

)! )# )"

= % &,(!,(", )#$%#

+	% &,(",(&, )#'%
+	% &,(!,(&, )#$%#

+ , % &,((, -)(*$
(+!,",&

,

ZeroC

Global Properties
E.g. AllMatched()

Object Properties
E.g. Moveable(x)

Object Relations
E.g. On(x, y)

NLM

… …
…

…

…

Expand
Reduce

Expand

Permutation MLP

Permutation MLP

Permutation MLP

Input (pre-conditions) Output (conclusions)

……………………

VSA vectors

……………………

PrAE

N
eu

ra
l

Scene Inf.

CNN

Scene images

Prob reps

Sy
m

bo
lic Abduction

Execution

Answer

Neural

Expand
Reduce

Expand
Reduce

Expand
Reduce

Expand
Reduce

29MLBench @ ASPLOS25 Tushar Krishna | School of ECE | Georgia Institute of Technology

Selected Neuro-Symbolic Workloads



→

(Whiskers ⨂ Tail ⨂ (Laser point → Chases)) → Cat (Cat ⊕ Dog) → Pet

⨂
TailWhiskers

⊕
Cat Dog

Pet

→

Laser pointer Chases

→

LNN

"($!)

"($")

Symbolic
(Fuzzy FOLs)
Connectives:
¬	∧		∨		→	

Quantifiers:
∃	∀

A# '()

LTN NeuralSource:

Target:

Feature
vectors

Loss

Symbolic
(VSA domain)

Vectors 

'*+()⨂
…

VSAIT

Symbolic

Pr
ob

 In
f

VSA OPs for 
rules

=
?

H_a

VSA OPs for 
rules

=
?

H_a

VSA OPs for rules

H_a

=?

A
ns

w
er

 
se

le
ct

Scene images Neural

N
eu

ra
l

Co
de

bo
ok

NVSA

(

)!

)"

)#

*$%&'

*$%&'

*$%&'+(')(
+(')( +(*)

)! )# )"

= % &,(!,(", )#$%#

+	% &,(",(&, )#'%
+	% &,(!,(&, )#$%#

+ , % &,((, -)(*$
(+!,",&

,

ZeroC

Global Properties
E.g. AllMatched()

Object Properties
E.g. Moveable(x)

Object Relations
E.g. On(x, y)

NLM

… …
…

…

…

Expand
Reduce

Expand

Permutation MLP

Permutation MLP

Permutation MLP

Input (pre-conditions) Output (conclusions)

……………………

VSA vectors

……………………

PrAE

N
eu

ra
l

Scene Inf.

CNN

Scene images

Prob reps

Sy
m

bo
lic Abduction

Execution

Answer

Neural

Expand
Reduce

Expand
Reduce

Expand
Reduce

Expand
Reduce

Selected Neuro-Symbolic Workloads



→

(Whiskers ⨂ Tail ⨂ (Laser point → Chases)) → Cat (Cat ⊕ Dog) → Pet

⨂
TailWhiskers

⊕
Cat Dog

Pet

→

Laser pointer Chases

→

LNN

"($!)

"($")

Symbolic
(Fuzzy FOLs)
Connectives:
¬	∧		∨		→	

Quantifiers:
∃	∀

A# '()

LTN NeuralSource:

Target:

Feature
vectors

Loss

Symbolic
(VSA domain)

Vectors 

'*+()⨂
…

VSAIT

Symbolic

Pr
ob

 In
f

VSA OPs for 
rules

=
?

H_a

VSA OPs for 
rules

=
?

H_a

VSA OPs for rules

H_a

=?

A
ns

w
er

 
se

le
ct

Scene images Neural

N
eu

ra
l

Co
de

bo
ok

NVSA

(

)!

)"

)#

*$%&'

*$%&'

*$%&'+(')(
+(')( +(*)

)! )# )"

= % &,(!,(", )#$%#

+	% &,(",(&, )#'%
+	% &,(!,(&, )#$%#

+ , % &,((, -)(*$
(+!,",&

,

ZeroC

Global Properties
E.g. AllMatched()

Object Properties
E.g. Moveable(x)

Object Relations
E.g. On(x, y)

NLM

… …
…

…

…

Expand
Reduce

Expand

Permutation MLP

Permutation MLP

Permutation MLP

Input (pre-conditions) Output (conclusions)

……………………

VSA vectors

……………………

PrAE

N
eu

ra
l

Scene Inf.

CNN

Scene images

Prob reps

Sy
m

bo
lic Abduction

Execution

Answer

Neural

Expand
Reduce

Expand
Reduce

Expand
Reduce

Expand
Reduce

31MLBench @ ASPLOS25 Tushar Krishna | School of ECE | Georgia Institute of Technology

Example: Neuro-Vector-Symbolic Architecture (NVSA)



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

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

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

Neuro Perception Symbolic Reasoning

• Neuro-Symbolic Category: Neuro | Symbolic
• Learning Approach: Supervised and Unsupervised
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Hersche, et al. “A neuro-vector-symbolic architecture for solving Raven’s progressive matrices”. In Nature Machine Intelligence, 2023

Neuro Perception Symbolic Reasoning

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

Neuro Perception Symbolic Reasoning

• 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%

37Zishen Wan | School of ECE | Georgia Institute of Technology

Example: Neuro-Vector-Symbolic Architecture
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Example: Neuro-Vector-Symbolic Architecture (NVSA)



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

Research Question:

39

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

• End-to-end runtime latency analysis:
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Neuro-symbolic workload exhibits high latency compared to neural models;
Symbolic component is executed inefficiently across off-the-shelf CPU/GPUs
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Profiling setup: CPU+GPU system, using pytorch profiler, seven neuro-symbolic workloads

Seminar @ Google



Workload Characterization - Runtime

• End-to-end runtime latency analysis:

2080TiNXTX2
0

102

103

104

101

R
un

tim
e 

La
te

nc
y 

(s
)

(b) Hardware Devices
PrAEZeroCVSAIT

(a) Neuro-Symbolic AI Workloads
LNN LTN NVSA NLM

0

40%

60%

80%

20%R
un

tim
e 

Pe
rc

en
ta

ge

100%

54
.6

%
45

.4
%

48
.0

%
52

.0
%

7.
9%

92
.1

%

39
.4

%
60

.6
%

16
.3

%
83

.7
%

73
.2

%
26

.8
%

19
.5

%
80

.5
% NVSA WorkloadNLM Workload

2080TiNXTX2

Sy
m

bo
lic

N
eu

ro

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

41Zishen Wan | School of ECE | Georgia Institute of Technology

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

• Compute operator analysis:
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Neural dominated by MatMul and Conv operations; Symbolic dominated by
vector/element-wise and logical operations
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Workload Characterization - Operator

48

One example of dominated symbolic operation is vector-symbolic circular
convolutions

(e)
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Workload Characterization – Kernel Behavior

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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Workload Characterization – Kernel Behavior

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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Workload Characterization – Kernel Behavior

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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Workload Characterization – Kernel Behavior

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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Workload Characterization – Kernel Behavior
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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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Workload Characterization – Control Flow

• Data Dependence Graph analysis:

Input

Symbolic

Neural Network

Input

SymbolicNeural 
Network

Output Output
NVSA, VSAIT, PrAE NLM, ZeroC, LTN LNN

Structure

Input Symbolic

Neural 
Network

Output

Knowledge
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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)

58Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google



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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This talk: Demystify Neuro-Symbolic AI for SW/HW Co-Design

Neural Network
Scalable, Flexible,

Handle inconsistency

Symbolic Probabilistic 
Interpretable, Explainable,

Data-efficient
Robust to 

uncertainty

Neuro-Symbolic AI Algorithms

+ +

To
w

ar
ds

 H
um

an
-li

ke
 C

og
ni

tiv
e A

I 
Le

ar
ni

ng
, R

ea
so

ni
ng

, L
og

ic
al

 T
hi

nk
in

g,
 C

ol
la

bo
ra

tio
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

Neural Network
Scalable, Flexible,

Handle inconsistency

Symbolic Probabilistic 
Interpretable, Explainable,

Data-efficient
Robust to 

uncertainty

Neuro-Symbolic AI Algorithms

+ +

To
w

ar
ds

 H
um

an
-li

ke
 C

og
ni

tiv
e A

I 
Le

ar
ni

ng
, R

ea
so

ni
ng

, L
og

ic
al

 T
hi

nk
in

g,
 C

ol
la

bo
ra

tio
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

Neural Network
Scalable, Flexible,

Handle inconsistency

Symbolic Probabilistic 
Interpretable, Explainable,

Data-efficient
Robust to 

uncertainty

Neuro-Symbolic AI Algorithms

+ +

To
w

ar
ds

 H
um

an
-li

ke
 C

og
ni

tiv
e A

I 
Le

ar
ni

ng
, R

ea
so

ni
ng

, L
og

ic
al

 T
hi

nk
in

g,
 C

ol
la

bo
ra

tio
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

Optimize Neuro-Symbolic
Systems via Co-Design

Identify Potential Inefficiency
Reasons

Seminar @ Google



Characterize Neuro-Symbolic
Workloads Neural Network

Scalable, Flexible,
Handle inconsistency

Symbolic Probabilistic 
Interpretable, Explainable,

Data-efficient
Robust to 

uncertainty

Neuro-Symbolic AI Algorithms

+ +

To
w

ar
ds

 H
um

an
-li

ke
 C

og
ni

tiv
e A

I 
Le

ar
ni

ng
, R

ea
so

ni
ng

, L
og

ic
al

 T
hi

nk
in

g,
 C

ol
la

bo
ra

tio
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

63Zishen Wan | School of ECE | Georgia Institute of Technology

This talk: Demystify Neuro-Symbolic AI for SW/HW Co-Design
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How to enhance the efficiency and scalability
of neuro-symbolic systems?

Research Question:
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Hardware Architecture Overview

.. . .. . .. .

...

...

...

... ... ...

...

...

...

...

... ... .. .

...

...

...

SR
A

M
 B

SRAM C

SRAM A

(b) Scalable Compute Array

CPU DRAM
Controller

DRAM

Reconfigurable Neuro/
Symbolic Compute Array

SRAM

Workload 
Scheduler

Memory 
Controller

Custom SIMD Unit

(a) Overall Architecture

Memory bus

Memory bus

Ctrl bus

Ctrl bus

Neuro-Symbolic Accelerator

Host SoC

Ctrl bus

Ctrl bus

Memory bus

Memory bus

BW=32

B
W

=1
6 

  3
2 PE PE PE

PE PE PE

PE PE PE

...

...

...

...
... ...32  32+

top_in_A top_in_B

left_in left_innext

top_in_Anext
top_in_Bnext

(c) Reconfig. Neuro/Symbolic PE

+

A B

PASS

ACC

top_in_A top_in_B

left_in

left_innext+

+

top_in_Anext top_in_Bnext

.. . .. . .. .

...

...

...

... ... ...

...

...

...

...

... .. . .. .

...

...

...

SR
A

M
 B

SRAM C

SRAM A

(b) Scalable Compute Array

CPU DRAM
Controller

DRAM

Reconfigurable Neuro/
Symbolic Compute Array

SRAM

Workload 
Scheduler

Memory 
Controller

Custom SIMD Unit

(a) Overall Architecture

Memory bus

Memory bus

Ctrl bus

Ctrl bus

Neuro-Symbolic Accelerator

Host SoC

Ctrl bus

Ctrl bus

Memory bus

Memory bus

BW=32

B
W

=1
6 

  3
2 PE PE PE

PE PE PE

PE PE PE

...

...

...

...
... ...32  32+

top_in_A top_in_B

left_in left_innext

top_in_Anext
top_in_Bnext

(c) Reconfig. Neuro/Symbolic PE

+

A B

PASS

ACC

top_in_A top_in_B

left_in

left_innext+

+

top_in_Anext top_in_Bnext
.. . .. . .. .

...

...

...

... ... ...

...

...

...

...

... ... .. .

...

...

...

SR
A

M
 B

SRAM C

SRAM A

(b) Scalable Compute Array

CPU DRAM
Controller

DRAM

Reconfigurable Neuro/
Symbolic Compute Array

SRAM

Workload 
Scheduler

Memory 
Controller

Custom SIMD Unit

(a) Overall Architecture

Memory bus

Memory bus

Ctrl bus

Ctrl bus

Neuro-Symbolic Accelerator

Host SoC

Ctrl bus

Ctrl bus

Memory bus

Memory bus

BW=32

B
W

=1
6 

  3
2 PE PE PE

PE PE PE

PE PE PE

...

...

...

...
... ...32  32+

top_in_A top_in_B

left_in left_innext

top_in_Anext
top_in_Bnext

(c) Reconfig. Neuro/Symbolic PE

+

A B

PASS

ACC

top_in_A top_in_B

left_in

left_innext+

+

top_in_Anext top_in_Bnext
.. . .. . ...

...

...

...

... ... ...

...

...

...

...

... ... .. .

...

...

...

SR
A

M
 B

SRAM C

SRAM A

(b) Scalable Compute Array

CPU DRAM
Controller

DRAM

Reconfigurable Neuro/
Symbolic Compute Array

SRAM

Workload 
Scheduler

Memory 
Controller

Custom SIMD Unit

(a) Overall Architecture

Memory bus

Memory bus

Ctrl bus

Ctrl bus

Neuro-Symbolic Accelerator

Host SoC

Ctrl bus

Ctrl bus

Memory bus

Memory bus

BW=32

B
W

=1
6 

  3
2 PE PE PE

PE PE PE

PE PE PE

...

...

...

...
... ...32  32+

top_in_A top_in_B

left_in left_innext

top_in_Anext
top_in_Bnext

(c) Reconfig. Neuro/Symbolic PE

+

A B

PASS

ACC

top_in_A top_in_B

left_in

left_innext+

+

top_in_Anext top_in_Bnext

70Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google



Reconfigurable Neuro/Symbolic PE
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Micro-architecture of
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Reconfigurable neuro/symbolic PE incurs low area overhead based on 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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Example: (A1, A2, A3)     (B1, B2, B3) = (A1B1+A2B2+A3B3, A1B3+A2B1+A3B2, A1B2+A2B3+A2B1)

X

X X

A1

A2 A3

B1

B2 B3

X

X X

A1

A2 A3

B3

B1 B2

X

X X

A1

A2 A3

B2

B3 B1

A1B1+A2B2+A3B3 A1B3+A2B1+A3B2 A1B2+A2B3+A2B1

73Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google



Bubble Streaming Dataflow
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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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Bubble Streaming Dataflow
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Bubble Streaming Dataflow

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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Bubble Streaming Dataflow
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Our Methodology
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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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Algorithm Optimization – Efficient Factorization
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Algorithm Optimization – Efficient Factorization
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Factorization disentangles large symbolic knowledge codebook into small volume of 
attributes, thus reducing computational time and space complexity 

Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google



Goals Challenges Methodology

Energy and Latency
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CogSys: Co-Design for Neuro-Symbolic AI

CogSys
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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

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

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

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

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

91Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google



CogSys: Co-Design for Neuro-Symbolic AI
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32x32Size of Each
Array

• 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) 

Evaluation – Setup and Accelerator Layout
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Evaluation – Algorithm Performance

• 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,
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Evaluation – Ablation Study
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Key Observations:

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

symbolic operations with only 4.8% area overhead. 

Our design achieves 0.3s latency per cognition task, with
1.18W power consumption.
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How to automate this neuro-symbolic
architecture design process?

Research Question:
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Frontend: dataflow arch generator
- Step 1: Extract execution trace
- Step 2: Generate dataflow graph
- Step 3: HW-mapping co-exploration

Backend: FPGA deployment
- Step 1: Pre-define hardware template
- Step 2: Configure design parameters
- Step 3: Synthesize and compile RTL

End-to-End FPGA Deployment for Neuro-Symbolic AI

Hanchen Yang*, Zishen Wan*, Ritik Raj, Joongun Park, Ziwei Li, Ananda Samajdar, Arijit Raychowdhury, Tushar Krishna, “NSFlow: An End-to-End 
FPGA Framework with Scalable Dataflow Architecture for Neuro-Symbolic AI ”, in DAC 2025

100Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google



Frontend – Dataflow architecture Generation 

Extract workload execution trace
Generate dataflow graph & 

two-stage HW-mapping co-exploration
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Backend – FPGA Deployment

Pre-defined architecture template Dataflow & configure design parameters
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Can we tape out the design and explore how 
emerging memory technology can further help?

Research Question:
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A 40nm Programmable Heterogeneous SoC with 
RRAM/SRAM for Accelerating Neuro-Symbolic AI

104Zishen Wan | School of ECE | Georgia Institute of TechnologySeminar @ Google

Temporarily withheld due to chip under review



Looking Ahead: LLM + Neurosymbolic
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Towards safe and trustworthy AI System:
LLM + cognitive model for human moral judgment

Towards human-centered AI System:
LLM + knowledge base for conversational reasoning

Towards logical reasoning AI System:
LLM + symbolic solver for scientific computing

Towards intelligent AI System:
LLM + concept graph for intelligent autonomous system

Seminar @ Google



Example: How Neurosymbolic Advances LLM Reasoning
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Trinh et al, “Solving Olympiad Geometry without Human Demonstrations”, Nature 2024



Vision: LLM Representation <-> Human Brian

Language Embedding
Speech Embedding

LLM Brian Comprehension

Language area (IFG)
Speech area (STG)

Language Embedding
Speech Embedding

LLM Brian Production

Language area (IFG)
Speech area (STG)

Articulation area (MC)
https://research.google/blog/deciphering-language-processing-in-the-human-brain-
through-llm-representations/



Approach: Co-Design of Cognitive Systems
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Our Team

Zishen Wan Che-Kai LiuHanchen YangRitik Raj

Arijit Raychowdhury
Ananda Samajdar

Tushar Krishna
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Students
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Summary
• Motivation

• Neuro-symbolic AI is a promising paradigm 
towards next-generation cognitive AI 
• Challenge: inefficiency on off-the-shelf HW

• Approach
• Characterize neuro-symbolic workloads 
• Identify potential inefficiency reasons 
• Optimize neuro-symbolic system via co-design

• Architecture: Reconfig PE, dataflow, mapping 
• System: adaptive workload scheduling 
• FPGA: automated end-to-end FPGA deployment 
• ASIC SoC: programmable neuro-symbolic SoC 
• Achieve efficient and scalable neuro-symbolic 

execution across agentic reasoning tasks 
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