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Tamay from Epoch Al here.

We made a mistake in not being more transparent about OpenAl's involvement. We were restricted from
disclosing the partnership until around the time 03 launched, and in hindsight we should have negotiated
harder for the ability to be transparent to the benchmark contributors as soon as possible. Our contract
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Even for in-distribution data, Transformers are
sample inefficient learners for solving compositions
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NVSA’s reasoning is 240x faster
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[Hersche et al., A Neuro-vector-symbolic architecture for solving Raven’s progressive matrices, Nature Machine Intelligence, 2023]
Spotlighted in Quanta Magazine as one of the three biggest achievements of the 2023 in computer science 13
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Learning rules as an assignment problem

[Camposampiero et al., Towards learning abductive reasoning using VSA distributed representations, NeSy, 2024]
Spotlight Talk
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Visual abstract reasoning:

3) OOD generalization

- 5
o NS
HE R

I-RAVEN (3x3)

System: Complete the Raven's progressive
matrix:
User:
row 1: 2
row 2: 1
row 3: 1

ly return the missing numbers!

)
’

On
,1,3
, 1,2
)3,

Output: 4
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Visual abstract reasoning:

3) OOD generalization

- 5
o NS
HE R

I-RAVEN (3x3)

System: Complete the Raven's progressive
matrix:

User: Only return the missing numbers!
row 1: 2,1, 3;

row 2:1,1, 2;

row 3:1, 3,

Output: 4

Larger matrices
and inputs

I-RAVEN-X (3x10)

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;
row3:611,2, 0,0,0, O, O, 551, 0,

Output: 58
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LLMSs struggle with OOD

100 ¢ —_ —— %

(Y]
(@)

00
o

60

GPT-4 (self-cons.)
—6—-LLaMa-3 70B (self-cons.)
40 ——NVSA (L2R)

30 -0l

50

20

O ‘%

10 100 1000
Input range

Raven’s arithmetic accuracy (%)

[Hersche et al., Towards learning to reason: comparing LLMs with neuro-symbolic on arithmetic relations in abstract reasoning,

AAA|l workshop Neural Reasoning and Mathematical Discovery, 2025] 16
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40 ——NVSA (L2R)

30 -0l

50

20
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10 100 1000
Input range

Raven’s arithmetic accuracy (%)

[Hersche et al., Towards learning to reason: comparing LLMs with neuro-symbolic on arithmetic relations in abstract reasoning,

AAA|l workshop Neural Reasoning and Mathematical Discovery, 2025] 16



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
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