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Neural Networks in Our Daily Life
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Image Recognition Speech Recognition Language Translation Autonomous Vehicle

Medical Diagnosis Financial Services Recommendation Systems ChatGPT
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But… Is That Enough?
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Complex Question Answering
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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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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

[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 

ISPASS 2024 05/07/202405/07/2024
11

Zishen Wan | School of ECE | Georgia Institute of Technology



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
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LLM: construct generation
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…

These neuro-symbolic approaches are typically very slow
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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
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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]

18

[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
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What’s the system behavior and co-design
opportunities of Neuro-Symbolic AI?
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Software System Architecture Technology
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Objective of this Work
Workload and Characterization of Neuro-Symbolic AI
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Objective of this Work
Workload and Characterization of Neuro-Symbolic AI
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Objective of this Work
Workload and Characterization of Neuro-Symbolic AI
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Objective of this Work
Workload and Characterization of Neuro-Symbolic AI
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Objective of this Work
Workload and Characterization of Neuro-Symbolic AI
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Lots of Neuro-Symbolic Algorithms
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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

24
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Neuro-Symbolic AI Workload Category
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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
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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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Example: Neuro-Vector-Symbolic Architecture
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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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Example: Neuro-Vector-Symbolic Architecture
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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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Example: Neuro-Vector-Symbolic Architecture
• 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
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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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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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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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Objective of this Work
Workload and Characterization of Neuro-Symbolic AI
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Neuro-Symbolic Workload Characterization
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Profiling setup: CPU+GPU system, using pytorch profiler, seven neuro-symbolic workloads

05/07/2024
36
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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

ISPASS 2024 05/07/2024

• End-to-end runtime latency analysis:
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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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• Compute operator analysis:
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• Compute operator analysis:
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• Compute operator analysis:
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• 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
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Neuro-Symbolic Workload Characterization

• Data Dependence Graph analysis:
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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?

ISPASS 2024 05/07/2024

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 (%)

05/07/2024
46

Zishen Wan | School of ECE | Georgia Institute of Technology



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
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Memory-
bound

Compute-bound

ISPASS 2024 05/07/2024

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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Towards safe and trustworthy AI System:
LLM + cognitive symbolic model for human moral judgment

ISPASS 2024 05/07/2024

Looking Ahead: LLM + Neurosymbolic
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Scenario:
Imagine that a stranger will 

give Hank one thousand 
dollars to break all the 

windows in his neighbor’s 
house without his 

neighbor’s permission. 
Hank carries out the 
stranger’s request. 
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Looking Ahead: Challenge and Opportunity

CLEVRER Dataset

RAVEN Dataset

Lack of cognitive datasetsData
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Looking Ahead: Challenge and Opportunity

CLEVRER Dataset

RAVEN Dataset

Human-like AI

Metacognition
Interpretability

Deductive Reasoning
Systematicity

Compositionality
Counterfactual thinking

…

Building ImageNet-like NSAI datasetsLack of cognitive datasetsData
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Looking Ahead: Challenge and Opportunity

Building ImageNet-like NSAI datasetsLack of cognitive datasetsData

Nascent integration Unifying neuro-symbolic-prob modelsModel
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Looking Ahead: Challenge and Opportunity

Building ImageNet-like NSAI datasetsLack of cognitive datasets

Nascent integration Unifying neuro-symbolic-prob models

Developing efficient SW frameworkModularity & extensibilitySoftware

Model

Data

Efficient NSAI Software

Encompass broad set of
reasoning logics

Fast
Memory-efficient

…
ISPASS 2024 05/07/2024
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Looking Ahead: Challenge and Opportunity

Building ImageNet-like NSAI datasetsLack of cognitive datasets

Nascent integration Unifying neuro-symbolic-prob models

Developing efficient SW framework

Benchmarking NSAI workloads

Modularity & extensibility

Diverse NSAI algo and HWSystem

Software

Model

Data
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Looking Ahead: Challenge and Opportunity

Building ImageNet-like NSAI datasetsLack of cognitive datasets

Nascent integration Unifying neuro-symbolic-prob models

Developing efficient SW framework

Benchmarking NSAI workloads

Designing cognitive HW architecture

Modularity & extensibility

Diverse NSAI algo and HW

Heterogeneous kernelsHardware

System

Software

Model

Data
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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
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Summary
Workload and Characterization of Neuro-Symbolic AI

Thank you!!
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