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Programming Language

S—ax|y|0|1|(S+S)|if B then S else S
B—(S<8)|(S==5)]|(5>585)

Quiz: Can the program if x <= y then 0 else 1 be written in this language?
Answer: Yes.

S — if B then S else S
— if S < S then S else S
— if x < S then S else S
— if x < y then S else S
— if x < y then 0 else S
— if x < gy then 0 else 1



Representing Programs in Memory

1f x <= y then 0 else 1
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Library-Induced Semantic Spaces

* Semantic spaces are more conducive to search.

+  "“give me the next behavior”
* LLMs can give “innate" abilities to agents.

* Future: learning how to learn (recognizer in DreamCoder).
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Learning Programs with Gradient Descent

store_1_sales
store_2_sales

store_1_total = sum(store_1_sales)
store_1_total > £
store_1_total *= # Apply
@‘ store_1_report =
;"" ’rocess SR Store
store_2_total = sum(store_2_sales)
@ @ store_2_total > A
store_2_total *= # Apply 2

store_2_report =

print(store_1_report)

print(store_2_report)
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a1 can be either x1607 + 2605 or 0

ao can be either x160 + x50, or 0

if a1 = 513191 + 213293 and ao = $192 + $284 then
The network above is equivalent to:

h = 950,1 + 9661,2

if :72‘191 -+ $2(93 > O = 95(33‘1(91 + 513293) + 96(331‘92 + x294)
lfl.lx102 ";/37—'2_94 ;//O = x1(9591 + 9692) + X9 ((9592 + 9694)
€1 T i)

= 21719/ + $2(9N
else - --

Orfanos & Lelis (2023)
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Two Effects of a Growing Library

<+ Problem becomes harder: more functions to learn how to use.

“ Problem becomes easier: helpful functions make it easier.

* Select a subset of programs while minimizing the Levin loss
(Alikhasi & Lelis, ICLR 2024) (Orseau, Lelis, Lattimore & Weber, Neurips 2018).

“ Evaluates all programs. :-(
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d(n)

m(n)

l.evin Loss

ﬁ is the expected of number of samples to observe n.

d(n) is the cost of each sample.

Orseau et al. (2018)
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Selecting a Subset of Options

« [teratively select the option that minimizes the Levin loss.

* Stop when Levin loss goes up for the selected subset.
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Dec-Options

» Learn policy to solve some problems.
* Decompose them into sub-programs.
* Select a sub-set of them to use as options.

» Use options in downstream tasks.

Alikhasi & Lelis (2024)
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Learning Programs

# Libraries of programs can be used to approximate the
semantic space of a language.

* Libraries of programs can be learned by decomposing
neural networks.



We Are Hiring! University of Alberta, Canada.

= Several (10+) AI+X faculty positions across campus.
* 3 CS Positions (Theory+ML, SE+ML, and Theory)

* Please spread the word!




