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Even for in-distribution data, Transformers are 
sample inefficient learners for solving compositions

4[Thomm et al., Limits of transformer language models on learning to compose algorithms, NeurIPS, 2024]
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Goal: promoting compositionally 
structured representation in 
service of reasoning 

Goal: Enabling reliable yet 
scalable reasoning via 
distributed representations

NVSA complements neural nets with vector-symbolic 
architectures in a unified framework

System 1: Perception System 2: Reasoning
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Stochastic in-memory factorizer (IMF) improves 
capacity by at least five orders of magnitude 
10× faster convergence 
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[Langenegger et al., In-memory factorization of holographic perceptual representations, Nature Nanotechnology, 2023]
Highlighted in Nat. Nanotechnol.’s News & Views
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GPT-3  87.6 ± 9.4 
NVSA (L2R) 99.8 ± 0.4

[Camposampiero et al., Towards learning abductive reasoning using VSA distributed representations, NeSy, 2024]
Spotlight Talk
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System: Complete the Raven's progressive 
matrix:
User: Only return the missing number!             
row 1: 769, 667, 0, 4, 2,     20, 63,  3,       5,      5;              
row 2: 848, 0,     0, 0, 387, 2,   106, 7,      308, 38;              
row 3: 611, 2,     0, 0, 0,     0,    0,     551,  0, 

Output: 58

I-RAVEN-X (3x10)

Larger matrices 
and inputs
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Summary
The roles of neuro-symbolic 
computing (albeit with distributed 
representations and operators) in 
machine intelligence:

• Enhancing energy and compute 
efficiency in perception by 
HW/SW co-design

• Fast and scalable reasoning 

• Better OOD generalization 

17
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