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Programs in language



Programs that make signs

Lake, Salakhutdinov, Tenenbaum. Science 2015.



Programs in vision



The story

Where we want to be: how do we learn to drive, talk, do math

Where we are: geometric concepts, linguistic rules, simple
programming



The story

Key ingredients:

I Learning from few examples

I Modeling your uncertainty

I Coming up with explanations (generative/causal models)

The toolkit:
Programming Languages meets Bayes

“Bayesian Program Learning”:
[Lake et al, 2015]; [Liang et al, 2010]
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One-shot learning

Humans can learn programs −→ H’s can

Robots don’t eat meat −→ ???
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One-shot learning

Humans can learn programs −→ H’s can

Robots don’t eat meat −→ R’s don’t



Simple algorithms from few examples

(9 3 5 2 4) −→ (4 2 5 3 9)

(1 2 9 9 2 5) −→ (1 2 9 5)

(9 7 9 0) −→ (9 7 0)

(0 9) −→ (443 0 9)

(1 1 1 1) −→ (443 1 1 1 1)

(4 9 5 2) −→ (4 0 9 0 5 0 2)

Program-synthesis style problems: eg [Feser et al. 2015], [Solar-Lezama 2008]
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Knowing when you don’t know

When one example doesn’t suffice

(7 4 3) −→ (3 4 7)

(5 2 3) −→ (2 3 5)

(1 6 4) −→ (1 4 6)

Input Output

P Smith P

A possible program English interpretation

substr(0,pos(‘’,‘ ’,0)) “first word”
substr(0,1) “first character”
const(‘P’) “output P”

See Sumit Gulwani’s FlashFill system: Gulwani 2011. POPL.
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A part of the toolkit

Program induction algorithms
for learning from few examples



Inductive biases over programs

Bayes: Learn from few examples =⇒ Strong inductive bias
Programming Languages: Domain Specific Language L

P[program|examples] ∝ P[program]P[examples|program]

program ∈ L

Transforming strings
Program ::= Term

| Program + Term
Term ::= String

| substr(Pos,Pos)
Pos ::= Number

| pos(Str,Str,Num)
Num ::= 0 | 1 | 2 | ...

| -1 | -2 | ...
Str ::= Character

| Character + String
Character ::= a | b | c | ...

Transforming sequences

Bool ::= (<= Int) | (>= Int)
| (= Int)

Int ::= 0
| (+1 Int) | (-1 Int)
| (length List)
| (head List)

List ::= nil | X
| (filter Bool List)
| (tail List)
| (list Int)
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ProgramSample

Sample from posterior P[program|examples]

PL techniques for searching ML techniques
for sampling

→

Embedding

“XORSample”, “Embed & Project”, ...



ProgramSample learning to sort

Examples MDL
Sampled
correct?

Posterior
is...

(7 4 3)→(3 4 7) reverse 7 diffuse

(7 4 3)→(3 4 7)
(5 2 3)→(2 3 5)
(1 6 4)→(1 4 6)

sort 3 peaky

(3 2 4 1)→(1 2 3 4)
count up to
list length

7 peaky

(3 2 4 1)→(1 2 3 4)
(1 6 2 0)→(0 1 2 6)

sort 3 peaky

See Sampling for Bayesian Program Learning, Ellis, Solar-Lezama,
Tenenbaum. NIPS 2016.



ProgramSample list experiments

Reverse:
(if (<= (+1 0) (length X))

X
(append (recurse (tail X))

(list (head X))))



ProgramSample list experiments

Reverse:
(if (= (+1 0) (length X))

X
(append (recurse (filter (<= (+1 0)) (tail X)))

(list (head X))))



ProgramSample list experiments

Reverse:
(if (<= (+1 0) (length X))

X
(append (recurse (tail X))

(list (head X))))

Count: # times list head occurs in list tail
(length (filter (= (head X)) (tail X)))



ProgramSample list experiments

Reverse:
(if (<= (+1 0) (length X))

X
(append (recurse (tail X))

(list (head X))))

Count: # times list head occurs in list tail
(-1 (length (filter (= (head X)) X)))



ProgramSample list experiments

Reverse:
(if (<= (+1 0) (length X))

X
(append (recurse (tail X))

(list (head X))))

Count: # times list head occurs in list tail
(length (filter (= (head X)) (tail X)))

Sort:
(if (<= (+1 0) (length X))

X
(append (recurse (filter (<= (head X)) (tail X)))

(list (head X))
(recurse (filter (>= (head X)) (tail X)))))



ProgramSample list experiments

Reverse:
(if (<= (+1 0) (length X))

X
(append (recurse (tail X))

(list (head X))))

Count: # times list head occurs in list tail
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ProgramSample text edit experiments

Training examples Program

Input Output

12/31/13 12.31
1/23/2009 1.23
4/12/2023 4.12
6/23/15 6.23
7/15/2015 7.15

SubStr(0,Pos(’’,’/’,0))+

Constant(’.’)+

SubStr(Pos(’/’,’’,0),

Pos(’’,’/’,-1))

17 problems adapted from:
Lin et al. Bias reformulation for one-shot function induction. ECAI
2014.



The last ingredient

Programs as Generative Models



From toy languages to real languages

Pig Latin:
pig −→ ig-pay

latin −→ atin-lay

program −→ rogram-pay

induction −→ induction-ay

Latin: Nominative ∼ Genitive
noks ∼ noktis (“night”)
frons ∼ frontis (“brow”)
frons ∼ frondis (“leaf”)

UNSUPERVISED program induction!

English Pig Latin
f (·)

Stem

GenitiveNominative

f2(·)f1(·)
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Learning to count



Learning to count

Counting in Tibetan:
Number Pronunciation

1 ǰig
4 ši
10 ǰu
11 ǰu+ǧjig (10+1)
40 ši+b̌ju (4+10)

Explanation:
ǰig (“1”) is really ǧjig
ǰu (“10”) is really b̌ju

Program:
C→ ∅/# C

(Delete initial cluster of consonants)



Learning to make words

Timothy O’Donnell

p → w / [ ]
k → y / [ ]
kosiri, no-yosiri-ti
porita, no-worita-ti
yaarato, no-yaarato-ti
...

[ ] → [ -H ] / [ +H ] [ ]
[ ] → [ +H ] / [ +H ] [ ] [ ]
ku-láb-a, ku-láb́-ana, ku-láb-́ıla, ku-láb-́ılana, ..., kuḱıtú-lab-ila
ku-sún-a, ku-súnán-a, ku-sún-́ıla, ku-sún-́ılana, ..., kuḱıtú-sun-ila
...

[ +tense ] → [ -hi +mid ]
/ [ -central ]* e

siind-a, seend-era
huut-a, hoot-era
suk-a, sok-era
tig-a, teg-era
...
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Learning to Draw Characters

Lake, Salakhutdinov, Tenenbaum. Science 2015.



Learning to Draw Characters

Lake, Salakhutdinov, Tenenbaum. Science 2015.



Learning Geometric Concepts

People are really good at these concepts! Fleuret et al. PNAS
2011.
Innateness of geometric concepts: Dehaene et al. Science 2006.



Toolkit: Unsupervised Bayesian Program Learning

−→

draw(shape[0]); move(`);
draw(shape[0]); move(`, 90◦);
draw(shape[0]); move(`, 90◦);
draw(shape[0]);

−→

goto(initPosition, initOrientation)
draw(shape[0]); move(`);
draw(shape[0], scale=z); move(`);
draw(shape[0], scale=z);

46 concepts, 23 problems:
Human (avg 6.27 examples): 19.85/23
Best baseline (10000 examples): 11/23
Our baseline (6 examples): 11/23
BPL (ours) (6 examples): 17/23

Ellis, Solar-Lezama, Tenenbaum. NIPS 2015.
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The Future



Curriculum Learning

How do we learn complicated behaviors, like programming?



Hierarchical Bayes & Curriculum Learning

Program space

program1 program2 program3

task1 task2 task3

[Liang et al, 2010]; [Lake et al, 2015]



Bootstrap Learning & Hierarchical Bayes

EC Algorithm. Starting with NAND, build complicated Boolean
circuits

Eyal Dechter

Bootstrap Learning via
Modular Concept
Discovery. Dechter et
al., 2013. IJCAI.



Similar Ideas



Similar Ideas



Similar Ideas



Similar Ideas



Similar Ideas



Thank you!



Questions?


