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Logic-and-AI in the news 
…
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BR & 2001!





More Expressive Formal Language:
Pure Predicate Calculus …
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Better Formal Language:  Pure Predicate Calculus
(presented via formal grammar; read in IFLWAI book)

Formula ) AtomicFormula
| (Formula Connective Formula)
| ¬ Formula

AtomicFormula ) (Predicate Term1 . . .Termk)

Term ) (Function Term1 . . . Termk)
| Constant
| Variable

Connective ) ^ | _ | ! | $ | ¬

Predicate ) P1 | P2 | P3 . . .
Constant ) c1 | c2 | c3 . . .
Variable ) v1 | v2 | v3 . . .
Function ) f1 | f2 | f3 . . .

<latexit sha1_base64="OuIUjMgVxuVRTgNlbRADc39sxjM="></latexit>
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Back As Promised To …
The Singularity
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And now, the Theoremhood Decision Problem,
i.e., the Entscheidungsproblem,

(THEOREMFOL) 
for First-Order Logic (FOL)

input output

Yes, proof

Not just hard:  impossible for a (and 
this needed to be invented in the 
course of clarifying and solving the 
problem) standard computing machine.

Llama(larry) ! 9x(Llama(x))

Llama(larry) ! 9x(Llama(x))
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Applying this to …
The Singularity Question

(Good-Chalmers Argument)

(Kurzweil is an “extrapolationist.”)

ASI = AI+++++++ 



Trump, Obama, …



Refuting the Good argument for 
The Singularity …

So, these super-smart machines that will 
be built by human-level-smart machines, 
they can’t possibly be smart enough to 
solve the Entscheidungsproblem.  Hence 
they’ll be just (recursively) faster at 
solving problems we can routinely solve?  
What’s so super-smart about that?



More Thorough Version of Refutation

https://kryten.mm.rpi.edu/SB_singularity_math_final.pdf

https://kryten.mm.rpi.edu/SB_singularity_math_final.pdf


Some James Oswaldian Content
…



Kurzweil's Technology Scaling Argument

Given sufficient technology, we 
can do anything physically 
possible. Minimally HI is possible, 
we have it, AHI is possible.

Technology itself, including life 
itself, scales super-exponentially 
and has for billions of years. Thus 
we will eventually reach a point 
where AHI is technologically 
possible, and probably ASI and 
the Singularity.
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A History of AGI Research Timeline

Almost every AI researcher before the 
second AI winter had AGI as a goal.
“I’m working on AGI… but first I'll show 
how good my approach is by using it to 
solve a narrow problem.”

ML based approaches which work very 
well on narrow problems & largely took 
AGI off the table as a goal. 

20

ML approaches possible on 
new hardware offer never 
before seen performance on 
narrow tasks

First wave of logic 
based AI, AGI seen 
to be “only about 20 
years away”

Second wave of logic based AI 
via KRR approaches (Japanese 
5th Generation Project, CYC)
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Å vaere logisk kan gi dyp glede!


