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The premise of program induction

1. Represent knowledge as programs: as symbolic code



The premise of program induction

1. Represent knowledge as programs: as symbolic code

2. Learning=adding to that body of knowledge=
making new programs=program synthesis
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FlashFill (Gulwani 2012)

ExaMPLE 3 (Directory Name Extraction). Consider the follow-
ing exaniple taken from an excel online help forum.
[ Input vy Ouiput |
‘ Company'\Code'\index himi Company'\Code
| Company'\Docs'\Spec\specs.doc || Company'\Docs'\Spec', |
String Program:
SubStr(v1, CPes(0). Pos(SlashTok. €, —1))
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ExaMPLE 3 (Directory Name Extraction). Consider the follow-
ing exaniple taken from an excel online help forum.
[ Input vy Ouiput |
‘ Company'\Code\ index.himi Company'\Code
| Company'\Docs'\Spec\specs.doc || Company'\Docs'\Spec', |
String Program:
SubStr(v1, CPes(0). Pos(SlashTok. €, —1))

Szalinski (Nandi 2020)

(Union
(Cylinder [1, 5. 5]}
(Fold Union
(Tabulate {i &)
(Rotate [0, 0, 60i]
( Translate [1. -0.5.0]
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(a) CAD model of ship’s
wheel (b) Caddy program
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ExaMPLE 3 (Directory Name Extraction). Consider the follow-
ing exaniple taken from an excel online help forum.
[ Input vy Ouiput |
‘ Company'\Code\ index.himi Company'\Code
| Company'\Docs'\Spec\specs.doc || Company'\Docs'\Spec', |
String Program:
SubStr(v1, CPes(0). Pos(SlashTok. €, —1))

Szalinski (Nandi 2020)

(Union
(Cylinder [1, 5. 5]}
(Fold Union
(Tabulate {i &)
(Rotate [0, 0, 60i]
( Translate [1. -0.5.0]
(Cuboid [10, 1, 1]))))))

(a) CAD model of ship’s
wheel (b) Caddy program

String expr P := Switch((by,e;), - (by.ey))
Boolb = d;v--vd,
Conjunct d T A ATy,
Predicate = Match(vi.r. k) | - Match(vi.r. k)
Traceexpre := Concatenate(fi.-.fn)

Atomicexprf := SubStr(v,.p,.p,)
| ConstStr(s)
|

Loop(Aw : e)

Positionp := CPos(k) | Pos(ry,rz,c)
Integerexprc = k| kiw + k2
Regular Expressionr  := TokenSeq(Ty. -, T,.)
TokenT = C+ | [-C]+
| Special Token

op u= |- x|/ num = E|[ (vary | (num) (op) {num)
vec2 vec3d == [{num), (num). (num))
affine = Translate | Rotate | Scale | TranslateSpherical
binop nion | Difference | Intersection
cad z= (Cuboid (vec3)) | (Sphere {num))

| (Cylinder (vec2)) | (HexPrism (vecz)) | ...

| (Caffine) (vecs) (cad))

| ((binop) (cad) (cad))

| (Fold (binap) (cad-list))
cad-list == (List {cad)+)

| (Concat (cad-list)+)

| (Tabulate ({(var) Z*)+ {cad))

| (Map2 {affine) {vec3-list) {cad-list))
vec3-list z= (List {vec3)+)

| (Concat (vec3-list)+)

| (Tabulate ({var) Z*)+ {vec3))



Visual programs

Input Repeated Repc-:ate.d o for i in ranga(0, 5):
Object (Centroids) Program for j im range(0, 9):
Induction & 4 *(] o= e
draw

33 + 45 = i + 24 * j,
6 + 45 * j,

[ -]

Detection
& '

A %
Mao*, Zhang*, et al 2019

A <- (cuboid 16 0 4 28 16 20)

B <- (cylinder4412 4416 4)
C<-(+AB) — o> " =
M (+KL)

CAD program

rendering under different views

3D voxel spec

Ellis*, Nye*, Pu*, Sosa*, et al 2019

for i = 1..3
for 3 =1..1 |
draw(i*2, j*1, J) 2

partial image synthesized program Fyyq

Young et al 2019 Tian et al 2019



Where does this language come from?

41 4
Input Repeated Repc-:ate.d Ob for i in rAnga(0, 5):
Object (Centroids) Program - o)1
Detection Induction it i+ 3 :
g — o moRem O
33 5% i+ 24 %3
/ / 6+ 45 % 5,
. [ -]
[ A

Mao*, Zhang*, et al 2019

A <- (cuboid 16 0 4 28 16 20)

-
B <- (cylinder441244164)
oA —> 1 I .
< (+K L)
.

CAD program

T

rendering under different views

3D voxel spec

Ellis*, Nye*, Pu*, Sosa*, et al 2019

for i = 1..3
for 3 =1..1 |
draw(i*2, j*1, JJ |

LTS g ey

partial image apan

Young et al 2019 Tian et al 2019




Program Induction and learning to learn
learning a DSL
learning to synthesize
synergy between DSL+learned synthesizer



Learning to write code

Goal: acquire domain-specific knowledge needed to induce a class
of programs

e Library of abstractions (domain specific language)

e Inference strategy (synthesis algorithm)



Library learning

Initial Sample Problem: sort list
Primitives 9271~ [1279]
c [38942]— [23489]
: 622385 [22356 8]
map
fold
if
cons

Ellis, Morales, Sable-Meyer, Solar-Lezama, Tenenbaum. NeurlPS 2018.

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. 2



Library learning

Initial

Wl Sample Problem: sort list
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map )
fold
if
cons

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. A



Library learning

. Initial Sample Problem: sort list
Wi 0271~ 279
38942~ [23489]
: 6223851 [223568]
map
fold
if
cons
>

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial

Initiz Learned Library of Concepts Sample Problem: sort list
BRI 9271~ [279
5 [38942]— [23489]
° 622385 [223568]
map
fold concept_4
VIRV
if \ (A(L P)(fold L nil
(A (z u) (if (P 2) ‘
cons (cons z u) u))))
> [filter]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial

Learned Library of Concepts
Primitives
ma.p
md\ concept_4
if

cons (A(L P)(fold L nil
g (A(z u) (if (P z)
(cons z u) uw))))

[filter]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

Sample Problem: sort list

9271 —
3894 2]~
622385}

279
23489
223568

11



Library learning

Initial

Initiz Learned Library of Concepts Sample Problem: sort list
BRI 9271~ [279
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cons (cons z u) u))))
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Library learning

Initial Learned Library of Concepts Sample Problem: sort list
Eriitieos 0271~ (279
[38942]— [23489]
- 622385 223568
map concept_13 { bl 1
SONSERI (A(L) (car (concept_4 L

(A(L P)(fold L nil

(A (z u) (if (P 2)
(cons z u) u))))

(A(y) (nil? (concept_4 L
(A (2) (> z¥))))))))

fold

if \
cons

>

[maximum]

[filter]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial Learned Library of Concepts Sample Problem: sort list
Eriitieos 0271~ (279
: 389421~ [23489]
: 6223851 [223568]
map concept_13

fold concept_4

i (A(L P)(fold L nil

s \\*(Mzw Gf (P 2) (A(L) (car (concept_4 L
cons (cons z u) u)))) .

(A(y) (nil? (concept_4 L
A (z) (> z2¥))))))))

> filter]

[maximum]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial Learned Library of Concepts Sample Problem: sort list
Eriitieos 0271~ (279
[38942]— [23489]
- 622385 223568
map concept_13 { bl 1
SONSERI (A(L) (car (concept_4 L

(A(L P)(fold L nil

(A (z u) (if (P 2)
(cons z u) u))))

(A(y) (nil? (concept_4 L
(A (2) (> z¥))))))))

fold

if \
cons

>

[maximum]

[filter]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial Learned Library of Concepts Sample Problem: sort list
Primitives 9271~ [1279
[38942]— [23489]
6223851 [223568]

concept_13

map

fold conceptRy (A(L) (car (concept_4 L
(c o i) -
if \ (A(L P)(fold L nil (A(y) (nil? (concept_4 L concept_15
A
cons (()\((oznsu)z (u‘)f u()PnZ)) K@ © 2 )0 \ (A (L N)(concept_13 (concept q
[maximum] L (A (L)(> N (length(concept_4
> [filter] Lo @z W) )

[nth largest element]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial Learned Library of Concepts Sample Problem: sort list
Primitives 9271~ [1279
5 [38942]— [23489]
- 622385 223568
map concept_13 { bl 1

concept_4

(A(L) (car (con

fold t 15
N A P) (fold 1 (A(y) (nil? (concept_4 L
if \ ((A((LZ u))( (0” (Lp n;) Ao 62 ¥ \ e
cons (cons z u) u)))) q \
R = [maximum] (A (L N)(concept_13 (concept_4
) [filter] L (A (L)(> N (length(concept_4
L zw))NN J

[nth largest element]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial Learned Library of Concepts Sample Problem: sort list
Primitives 9271~ [1279
[38942]— [23489]
6223851 [223568]

concept_13

map

fold /%\ (A(L) (car (concept_4 L
if \ OuL P) (fold L nil (A(y) (ni1? (concept 4 L concept_15 ionto sort List discovered
(AM(z u) (if (P 2) A (2) (> zy»NNNN 4 P
cons (cons z u) u)))) \ (X (L N)(concept_13 (concept_4 in learned language:
" [maximum] L (A (L)(> N (length(concept_4 (map (A (n)
» >
fiten] LGz w»NNN) (ooncept 15 L (+ 1 m)))

[nth largest element] (range (length L)))

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Library learning

Initial Learned Library of Concepts
Primitives
ma.p concept_13

concept_4

(A(L P)(fold L nil
(A (z u) (if (P 2)
(cons z u) u))))

(A(L) (car (con
(A(y) (nil? (c pt_:
A z) G zy)HNN)N

L
4L

[maximum]

[filter]

Ellis, Wong, Nye,

concept_15

\ (X (L N)(concept_13 (con:
L (A (L)(> N (length(con

L (e zw»NN)

[nth largest element]

..., Solar-Lezama, Tenenbaum. arxiv 2020.

Sample Problem: sort list

9271~ [1279
38942~ [23489]
6223851 [223568]

Solution to sort 1list discovered
in learned language:
(map (A (n)
(concept_15 L (+ 1 n)))
(range (length L)))

get Nth largest element,
whereNis 1, 2, 3, ...

11




Library learning

Initial Learned Library of Concepts
Primitives
ma.p concept_13

concept_4
(A(L P)(fold L nil

(A(L) (car (concep
(A(y) (nil? (conc

concept_15

Sample Problem: sort list

9271~ [1279
38942~ [23489]
6223851 [223568]

to sort list discovered

(A (z u) (if (P 2)
(cons z u) u))))

A z) G zy)HNN)N

[maximum]

[filter]

\ (X (L N)(concept_13 (concept_4
L (A (L)(> N (length(concept_4
L (e zw))

[nth largest element]

Solution rewritten in initial primitives:

(lambda (x) (map (lambda (y) (car (fold (fold x nil (lambda (z u) (if (gt?
(fold x nil (lambda (v w) (if (gt?
(nil? (fold (fold x nil (lambda (c d) (if (gt?
(gt? c e) (cons e £) £))))) (cons c d) d))) nil (lambda (g h) (if (gt?
(cons a b) b))))) (range (length x))))

z v) (cons v w) w))))) (cons z u) u))) nil

Ellis, Wong, Nye,

.., Solar-Lezama, Tenenbaum. arxiv 2020.

in learned language:

(map (A (n)
(concept_15 L (+ 1 n)))
(range (length L)))

get Nth largest element,
whereNis 1,2, 3, ..

(+y 1) (length

(lambda (a b) (if

(+ y 1) (length (fold x nil (lambda (e f) (if
g a) (cons g h) h))))

11



Library learning

Initial Learned Library of Concepts Sample Problem: sort list
Eriitieos 0271~ (279
[38942]— [23489]
nap e 6223851 [223568]
fold concepfEs O\(L) (car (con
if \ o pcrota Lntt Q) (ni1? (concept. 4 L concept_15 ion to sort 1ist discovered
cons (cons z u) u)))) \ (A (L N)(concept_13 (concept_4 in learned language:
R - [maximum] [t (; (L)(; N (length(conccpt,‘}\ (map (A (M)
filter] A WEGzwNNN teoncept 15 L ¢+ 1 m))
[nth largest element] (range (length L)))

get Nth largest element,
whereNis 1,2, 3, ..

Solution rewritten in initial primitives:

(lambda (x) (map (lambda (y) (car (fold (fold x nil (lambda (z u) (if (gt? (+ y 1) (length
(fold x nil (lambda (v w) (if (gt? z v) (cons v w) w))))) (cons z u) u))) nil (lambda (a b) (if
(nil? (fold (fold x nil (lambda (c d) (if (gt? (+ y 1) (length (fold x nil (lambda (e f) (if
(gt? c e) (cons e f) £))))) (cons ¢ d) d))) nil (lambda (g h) (if (gt? g a) (cons g h) h))))
(cons a b) b))))) (range (length x))))

induced sort program found in < 10min. Brute-force search
without learned library would take ~ 1073 years

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



e Wake: Solve problems by writing programs
e Sleep: Improve library and neural recognition model:

e Abstraction sleep: Improve library
e Dream sleep: Improve neural recognition model

cf. Helmholtz machine, wake/sleep neural network training algorithms

12



Library learning as Bayesian inference

dark: observed

light: unobserved

[Dechter et al, 2013] [Liang et al, 2010] [Lake et al, 2015]

13



Library learning as Bayesian inference

dark: observed

light: unobserved

[Dechter et al, 2013] [Liang et al, 2010] [Lake et al, 2015]

14



Library learning as Bayesian inference
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[Dechter et al, 2013] [Liang et al, 2010] [Lake et al, 2015]
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Library learning as Bayesian inference

dark: observed

light: unobserved

[Dechter et al, 2013] [Liang et al, 2010] [Lake et al, 2015]

16



Library learning as Bayesian inference

library learning via program analysis +

new neural inference network for program synthesis +
better program representation (Lisp+polymorphic types [Milner 1978])

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. S/
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WAKE

SLEEP: ABSTRACTION

SLEEP: DREAMING
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WAKE

Library

fi(x) =(+ x 1)
f2(z) =(fold cons\

(cons z nil))

Neurally-Guided

Recoghnition Search
model
Task N
[7 2 31—[4 3 8] —>%%
7 S\

[4 3 21—[3 4 5]

Programs for task:
(map f1 (fold f» nil x))

SLEEP: ABSTRACTION

SLEEP: DREAMING
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WAKE

Library

fi(x) =(+ x 1)
f2(z) =(fold cons\

(cons z nil))

Neurally-Guided

Recognition Search
model
Task N7
[7 2 31—[4 3 8] —>%%
o i\

[4 3 2]1—[3 4 5]

Programs for task:
(map f1 (fold f» nil x))

SLEEP: ABSTRACTION

SLEEP: DREAMING

Fantasies Replays

Library progs. for task

a)dwes
9)dwes

program program

Train recognition model
run
program —— task
'

Loss
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Library

fi(x) =(+ x 1)
f2(z) =(fold cons\

(cons z nil))

[4 3 2]1—[3 4 5]

Neurally-Guided

Recognition Search
model
Task N7
[7 2 31—[4 3 8] —>%%
o i\

Programs for task:
(map f1 (fold f» nil x))

SLEEP: ABSTRACTION

progs. for task 1 progs. for task 2:
(+ (car z) 1) (cons (+ 1 1))
cons

Refactoring Algorithm:
version spaces

new Library w/ (+ x 1):

SLEEP: DREAMING

Fantasies Replays

Library progs. for task

a)dwes
9)dwes

program program

Train recognition model
run
program —— task
'

Loss
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WAKE

Library
fi(x) =(+ x 1)
f2(z)

(cons z nil)

Task

[4 3 2]1—[3 4 5]

(fold cons_\
)

[7 2 31—[4 3 81 — P,

Programs for task:

Neurally-Guided

Search

Recognition
model

SLEEP: ABSTRACTION

SLEEP: DREAMING

progs. for task 1.
(+ (car z) 1)

progs. for task 2:
(cons (+ 1 1))

cons

Refactoring Algorithm:
version spaces

new Library w/ (+ x 1):

Fantasies ~ Replays

Library progs. for task

9)dwes
9)dwes

program program

Train recognition model

run
program ——— task

Lgss

18



Program Induction and learning to learn
learning a DSL
learning to synthesize
synergy between DSL+learned synthesizer
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Abstraction Sleep: Growing the library via refactoring

Task: [1 2 3]1—[2 4 6] Task: [1 2 3]—[01 2]
[4 3 4]1—[8 6 8] [4 3 4]—[3 2 3]




Abstraction Sleep: Growing the library via refactoring

Task: [1 2 3]1—[2 4 6] Task: [1 2 3]1—[0 1 2]
[4 3 4]1—[8 6 8] [4 3 4]1—[3 2 3]
\
Wake: program search Wake: program search
(Y (A (r 1) (if (nil? 1) nil (Y (A (r 1) (if (nil? 1) nil
(cons (+ (car 1) (car 1)) (cons (- (car 1) 1)

(r (cdr 1)))))) (r (cdr 1))))))




Abstraction Sleep: Growing the library via refactoring

Task: [1 2 3]1—[2 4 6] Task: [1 2 3]—[01 2]
[4 3 4]1—[8 6 8] [4 3 4]1—[3 2 3]
[
Wake: program search Wake: program search
(Y (A (r 1) (if (nil? 1) nil (Y (A (r 1) (if (nil? 1) nil
(cons (+ (car 1) (car 1)) (cons (- (car 1) 1)
(r (cdr 1)))))) (r (cdr 1))))))
I I
refa‘ctor refa‘ctor
(10 refactorings) Sleep: Abstraction (10* refactorings)
(A &) 0 (1) Gf (nil? 1) () ¥ (A (D Gf (@il? 1)
nil nil
(cons (f (car 1)) (cons (f (car 1))
(r (cdr 1))))))) (r (cdr 1)))))))

A (2 (+z2)) W\ (2) -z 1))




Abstraction Sleep: Growing the library via refactoring

Task: [1 2 3]1—[2 4 6] Task: [1 2 3]1—[0 1 2]
[4 3 4]1—[8 6 8] [4 3 4]1—[3 2 3]
\
Wake: program search Wake: program search
(Y (A (r 1) (if (nil? 1) nil (Y (A (r 1) (if (nil? 1) nil
(cons (+ (car 1) (car 1)) (cons (- (car 1) 1)
(r (cdr 1)))))) (r (cdr 1))
I I
refa‘ctor refa‘ctor
(10 refactorings) Sleep: Abstraction (10* refactorings)
() Y (A (1) Gf @il? 1) () ¥ (A (D Gf (@il? 1)
nil nil
(cons (f (car 1)) (cons (f (car 1))
(r (cdr 1))))))) (r (cdr 1)))))))
\ (z) (+z 2))) A\ (@) -z D))

Compress (MDL/Bayes objective)

R ¥
uar] A @ +z2)))  (MAP] (A @ -z D)

[MAP]= (A (£) (¥ (A (r 1) (if (nil? 1) nil

(cons (f (car 1))
(r (cdr 1)))))) 20




Abstraction Sleep: Growing the library via refactoring

Task: [1 2 3]1—[2 4 6] Task: [1 2 3]1—[0 1 2]
[4 3 4]1—[8 6 8] [4 3 4]—[3 2 3]
\
Wake: program search Wake: program search

(Y (A (r 1) (if (nil? 1) nil (Y (A (r 1) (if (nil? 1) nil
(cons (+ (car 1) (car 1)) (cons (- (car 1) 1)

these 101 refactorings represented in exponentially
more efficient refactoring data structure:

q® cquivalence graphs—+version spaces using 10% nodes, &
calculated in under 5min
c.f. [Tate et al 2009], [Gulwani 2012]

Compress (MDL/Bayes objective)

R ¥
uar] A @ +z2)))  (MAP] (A @ -z D)

[MAP]= (A (£) (¥ (A (r 1) (if (nil? 1) nil
(cons (f (car 1))
(r (cdr 1))))))
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Program Induction and learning to learn
learning a DSL
learning to synthesize
synergy between DSL+learned synthesizer
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WAKE

Library

fi(x) =(+ x 1)
f2(z) =(fold cons\

(cons z nil))

[4 3 2]1—[3 4 5]

Neurally-Guided

Recognition Search
model
Task N7
[7 2 31—[4 3 8] —>%%
o i\

Programs for task:
(map f1 (fold f» nil x))

SLEEP: ABSTRACTION

progs. for task 1 progs. for task 2:
(+ (car z) 1) (cons (+ 1 1))
cons

Refactoring Algorithm:
version spaces

new Library w/ (+ x 1):

SLEEP: DREAMING

Fantasies Replays

Library progs. for task

a)dwes
9)dwes

program program

Train recognition model
run
program —— task
'

Loss
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Library

(cons z nil)

Task
[7 2 31—[4 3 81 —P,
[4 3 21—[3 4 5]

fi(x) =(+ x 1)
f2(z) =(fold cons
)

Recognition
model

Programs for task:

SLEEP: ABSTRACTION

progs. for task 1 progs. for task 2:
(+ (car z) 1) (cons (+ 1 1))
cons
i P
1 car z

' '

Refactoring Algorithm:

version spaces

new Library w/ (+ x 1):

SLEEP: DREAMING

Fantasies Replays

Library progs. for task

a)dwes
9)dwes

program program

Train recognition model

program —1p task

:
Loss J
3
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Neural recognition model guides search

task —»% —Pp program
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Neural recognition model guides search

o _» sample
task —V:/%%:—V distribution ~~9 program



Neural recognition model guides search

o _» sample
task —V:/%%:—V distribution ~~9 program

%% is a...

recurrent network (Devlin et al 2017)
unigram model (Menon et al 2013; Balog et al 2016)

24



Neural recognition model guides search

o _» sample
task —V% +—» distribution ~~% program

P(child|parent,arg)

%%: is a “bigram” model over syntax trees

25
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task —V% +—» distribution ~~% program

P(child|parent,arg)
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Neural recognition model guides search

o _» sample
task —V% +—» distribution ~~% program

P(child|parent,arg)

Advantages:

neural net runs once per task,
so CPU bottlenecks instead of GPU
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Neural recognition model guides search

o _» sample
task —V% +—» distribution ~~% program

P(child|parent,arg)

Advantages:

neural net runs once per task,
so CPU bottlenecks instead of GPU
learns to break syntactic symmetries:
P(1|*,arg=left)=0.0
“do not multiply by one”

25



Program Induction and learning to learn
learning a DSL
learning to synthesize
synergy between DSL+learned synthesizer

26



DreamCoder Domains

List Processing Text Editing Regexes LOGO Graphics
Sum List Abbreviate Phone numbers

g
[123] —>6 Allen Newell »A.N. (555) 867-5309 O IE
[4 6 8 1]— 17 Herb Simon —H.S. (650) 555-2368
Double Drop Last Three Currency @
[1 23] —>[24 6] shrdlu — shr $100.25 Q/
[4 51] —- [8 10 2] shakey — sha $4.50
Block Towers Symbolic Regression Recursive Physical Laws

Programming o 1 —
f TEE = Z F,
] 7 | Filter Red m —
E m EE = : [(NEEEE] — [EE] v
W [ANEEEN] > [(NEEE] _,
mmmmm) > (mEE] [T 9142

GE

s y=1x)

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. o



DreamCoder Domains

List Processing Text Editing Regexes LOGO Graphics
Sum List Abbreviate Phone numbers
g
[123] —>6 Allen Newell »A.N. (555) 867-5309 O IE
[4681]— 17 Herb Simon —H.S. (650) 555-2368
Double Drop Last Three Currency @
[1 23] —>1[24 6] shrdlu — shr $100.25 Q/
[4 51] —- [8 10 2] shakey — sha $4.50
Block Towers Symbolic Regression Recursive Physical Laws
Programming . 1 =
[ a=— E F;
11 Filter Red m =
1 : E [(NEEEN] — [EN] !
EEE] —» [(mEEE]| _,
[(NEEEN] — [HEN] F X q1q2 ,,An
s y=fx) |72
27
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LOGO Turtle Graphics

30 out of 160 tasks
Y o@ve -
/o8 C OO = D& % 7
@ o 6 3

~ 9w A O E

O

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. e



LOGO Turtle Graphics — learning an interpretable library

, .
Ax y)( RL
(1000 v ([ tevene )
get/set i \ / J
f fn9 fn13
2 oy a0 N
@ Gy deove SD {umr 4 > 00 )/ aw e n \ .
) { acenn ) n16
~— N 53
o tn3
= (for 3 (A0 fn12;
/ N fni4 (move © )
/oma n1e —
‘ vome | [ o (nee
move - e x))
(2 =) = o
ves J) fn1s
— ~
(10 € © )
- _ /
c n6 N
/{u for = i)\ T nl1
(move x ©)
N e & )oO
penue (fn6 €

fn7

(pen-up

(move 1 0)) > 0 new Tocatton

)

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

@

(fn8 5 (fnd (* € 2) = €))

ml

(for 7 (A (x) (fn9 x)))

(fn8 6 (fn7 ; ns ;
fn7 ; fn5))

-

(move 0 (fn® 7)); fn5 ;
(fn13 4)

29



LOGO Turtle Graphics — learning an interpretable library

/ — n fn12

A x y) RL
tset (1000 v ([ teuvene )
get/set \ P
f iegnenes - fn13 (fn8 5 (fnd (* € 2) w €)
a : 3 .
@ Gy deove SD 2 {“WV 4 > 00 )/ aw e n \ : E‘_UJ
) { acenn ) fn16
A \_ AN
for tn3
- (for 3 (A(x) fn12; for 7 (A (x fn9
- N Gor 2,000, (for 7 (8 (x) (719 1)
{ / 2m 4) n1e —
" | &F [ o (10 e T o .
move 1 e v/
(f2 =) < \ RS-
. N\
AN
/) fn1s
— ~ (fn8 6 (fn7 ; fns ;
fn7 ; fn5))
(10 € © )
B J

G né
/!u -m.uu,\"“ nll
([ "=ny)” )eo
pen-up o o (move 0 (fn® 7)); fn5 ;
fn7 (fn13 4)

(pen-up

(move 1 0)) > 0 new Tocatton

)

29

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.




LOGO Turtle Graphics — learning an interpretable library

/ — s fn12

Ax y)( RL
Y (fn8 x) x y)) ([ tevene )
g B ) \ yEd
n2 e g . n13 (fn8 5 (fnd (* € 2) o €)
2n R 3 e
@ Gy deove SD 2 (@0 2 4 00 )/ aw e n \ . E‘.U.'
\ / x)) ‘\, €)(* €x))) ’;) fnl6
o n3
= for 3 (\(x) f12;
/ N _— :“Zw 0( ( 17 (for 7 (A (x) (fn9 x)))
( / 2m 4 n1e —_—
" ) siore /o (10 e ) N
move ) e N/
na <\ -
AN

Draws fn1s s s s
spirals 7 ~ (fn8 6 (fn7 ; fn5 ;
(for y (A (u) (move ( (6 e o \ fn7 ; fn5))

- (* z u) x)))) D) @ N
. /fu n°- o w O\ circies nll ’)

A (xy z)

( nove x © JoO
pen-up e / L (fn6 € (move 0 (fn0 7)); ns ;
fn7 (fn13 a)

(pen-up

wove 1) ) o 1ocatton

7

29

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.




LOGO Turtle Graphics — learning an interpretable library

fn8 Repeatedly draws

and rotates
(A(x y) (fnl

R (fn@ x) x y)) s < (fn8 5 (fn4 (* € 2) = ¢€)
% oy o o 3O
<D ‘ il

get/set

fnl
- 7, n16
e = bidicd (for 3 (A(x) fn12; (for 7 (X (x) (fn9 x)))
4 N fn1s (move © fn3)
( /2w 4y e n1e e
L_ant /" x) (fnle e ‘o .
nove Z L Ceon \
fn4d I . - -
AN
D fn1s
A (x y z) 5;7:2’55 . = (fn8 6 (fn7 ; fn5 ;
(for y (A (u) (move ( (6 e o ) fn7 ; fn5))
- (* z u) x)))) (‘) é' N

G né
/!u -m.uu,\"“ nll
([ "=ny)” )eo
pen-up o o (move 0 (fn® 7)); fn5 ;
fn7 (fn13 4)
(pen-up

wove 1) ) o 1ocatton

7

29

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.




LOGO Turtle Graphics — learning an interpretable library

get/set

move

pen-up

Ellis,

[ oy n o 3O

n3

A (for = (A ()

(o ) o)

fn7

( (pen-up Y

\ (move 1 0))

fnlé

oo fn12;
)

Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

@

(fn8 5 (fn4 (* € 2) = €))

Rl

(for 7 (A (x) (fn9 x)))

(fn8 6 (fn7 ; fns ;
7 ; fns))

D

(move 0 (fn0 7)); ns ;
(fni3 4)

29



LOGO Turtle Graphics — learning an interpretable library

get/set

move

pen-up

Ellis,

ng
fn12 .
A y) (ol BB
= /
(8 x) x ¥2) ([ teuveneo ) Y,
N A
fn2 ? b . " n13
/oy o wrx 3O -
(o0 o y?:yj) 3 (0 a o /o (f1e Cam )
\ oy ) ( BRI fn16

n3

2w 4y Fosd

fna

circle(r)

Ay z
(for y (A (u) (move
'z w0

(fn1e e €

ne
/a0 dore o fnll
(move x €) )}
L @eesy, )oO
(fn6 €
fn7

( (pen-up Y
\ (move 1 0)) t

Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

@

(fn8 5 (fn4 (* € 2) = €))

51

(for 7 (A (x) (fn9 x)))

(fn8 6 (fn7 ; fns ;
7 ; fns))

(move 0 (fn0 7)); ns ;
(fni3 4)

29



What does DreamCoder dream of? (before learning)

30
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Planning to build towers

example tasks (112 total)

[l

19N

_mommn _ n_naon b

e M

|

i

Ellis, Wong, Nye,

1

..., Solar-Lezama, Tenenbaum. arxiv 2020.
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Planning to build towers

example tasks (112 total)

m _moom o _noon B ﬂ:ﬂ:l

.:::Eé B ki e

learned library routines (/ 20 total)

arch(h) i H ” " pyramid(h)

= 2 § §
'~y 3 1 |

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

wall(w, h) bridge(w, h)
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Learning dynamics

Tower building

100
80
60
40
20

% Test Solved

R e e
Wake/Sleep Cycles

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. 35



Learning dynamics

Tower building

g 1004 = full medel
> .
5 801 no abstraction
v 60 i
= no dreaming
3 40 1

20 4
® 0

10
Wake/Sleep Cycles

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. 35



Learning dynamics

Tower building

100
80
60
40 1
20

% Test Solved

R e T

Wake/Sleep Cycles

full model

no abstractien

no dreaming

EC baseline

neural synthesis baseline
enumeration baseline

baselines: Exploration-Compression, EC [Dechter et al. 2013]

neural program synthesis, RobustFill [Devlin et al. 2017]
24 hours of brute-force enumeration

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.
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Learning dynamics

% Test Solved % Test Solved

% Test Solved

Text editing

100
80 1
60 1
40

£

204

L

A AR TR A

10
Tower building

100
80
60 1
40
204

e 7l
10 15

0
List processing

Wake/Sleep Cycles

LOGO Graphics

100 |
80 1
60 1
40

20

SERAE RARA. SREAC AR

10
Symbolic Regression

100

60 -
40
20 1

i = C——

log probability

R SR e

Generative text modeling

0
Wake/Sleep Cycles

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

== full model
no abstractien
no dreaming
=== EC baseline
= = neural synthesis baseline
m—— enumeration baseline

36



Synergy between recognition model and library learning

Problem-solving

Wy, Recognition
model

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. i



Synergy between recognition model and library learning

Problem-solving

Wy, Recognition
model

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. i



Synergy between recognition model and library learning

Problem-solving

Recognition

Trains model
(Dreaming)

Library

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. i



Synergy between recognition model and library learning

Problem-solving

Recognition

Trains model
(Dreaming)

Library

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. i



Evidence for dreaming bootstrapping better libraries

% Test Solved

10 15 20 25
Average library depth

Darker: Early in learning

Brighter: Later in learning

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. =



Evidence for dreaming bootstrapping better libraries

ved
oo o r
B OO0 0 O

% Test Solve

© o
[= T 8]

10 15 20 25
Average library depth

@ full model
no dreaming

Darker: Early in learning

Brighter: Later in learning

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. =



Evidence for dreaming bootstrapping better libraries

o - 1.0
] ] e!lo!”!a!iﬁu
2 =08 ' g.sa e
o [e]
wn n 0.6 ‘. s .. 0
i 004 '!
(0] ()
[ o2
S 2, ."
10 15 20 25 0 5 10 15 20
Average library depth Total library size
@ full model

no dreaming

Darker: Early in learning

Brighter: Later in learning

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.
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From learning libraries,
to learning languages

39



From learning libraries,
to learning languages

modern functional programming — physics

39



From learning libraries,
to learning languages

1950’s Lisp — modern functional programming — physics

39



Physics Formula Sheet

Mechanics
v = _
x:xo+vxnt+§axt1 a=+ [Fepens| = k%]
1.2 1p,2
0= 0, + ot +3at PEiping = Skx
® =0, +at Toping = 270 %
2 1 3
T= Zn =7 Toensutm = 274 5
v=fh
p=mv x = Acos(2nft) [Forany] = G%
Ap = Fat a=2t= e [Fyu = mg
KE = 3mv* T=rxF PEsey = -G
APE = mgAy L=Io p=%
AE = W = Fdcosd AL = TAt KE =110’
Electricity
= _pt
AV = IR R= A
4 -
=3t P = 1AV
1 1 1 1
Ries = Ri+ Ro+ .. + R, RmRITR TR
Geometry

Rectangle A =bh Rectangular Solid V = twh  Triangle A= %bh

Circle A=nr’  Cylinder V =mnrt Sphere V= %nrl
C=2nr S = 2nrl + 2nr? S = 4nr?

Trigonometry

a Cza+b sing=> msezB tand = =
4 c c b

Variables

a = acceleration
A = amplitude

A = Area

b = base length

C = circumference
d = distance

E = energy

f = frequency

F = force

= height

= current
I = rotational inertia
KE = kinetic energy
k = spring constant

L = angular momentum

= length

m = mass

P = power
momentum

q = charge

r = radius

R = resistance

S = surface area

T = period

t = time

PE = potential energy

V = electric potential

V = volume

v = velocity

w = width

W = work

X = position

y = height

o = angular acceleration
2 = wavelength

1 = coefficient of friction
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Growing languages for vector algebra and physics

Ellis, Wong,

Physics Equations

Newton’s Second Law

N
=13
méia;

Work

U=F-d

Kinetic Energy

1
KE = ~m||?
2mII

Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

Parallel Resistors

-
Reotar = ():i R*)
i

1

Force in a Magnetic
Field

|F| = qI% x B

Coulomb’s Law

(I a—
Fo ==,
17 =75l

41



Growing languages for vector algebra

Initial
Primitives i-7
subtract vectors
map U+v
add vectors
zip i/
1?
cons
vir2
empty i
scale vector
cdr Z
ab
power . 2 )
ab/2
fold
2a
car b
2a/b
+

- W 2.l

sum components

4 ab - cd

o ab-cd

1 1
x

n

reciprocal

Ellis, Wong, Nye,

and physics

Learned Library of Concepts

Physics Equations

Newton’s Second Law

R
i3
méa;

Work

U=F-d

Kinetic Energy

KE = Zml3?
= 5mlo

..., Solar-Lezama, Tenenbaum. arxiv 2020.

Parallel Resistors

141
Reotar = (Zi R*)
i

Force in a Magnetic
Field

IF| = qI# x B|

Coulomb’s Law

o q
Foao 02—,
I -7l

41



Growing languages for vector algebra

and physics

Initial - Learned lerary of Concepts Physics Equations
Primitives i-7
subtract vectors /v Z v Newton’s Second Law Parallel Resistors
-1
CED u+td add many vectors 1 Z . ( 1
a=— F; R, =(z, —
zip add vectors m i i total i R‘
IVIZ —
cons N
W \. @
. BE
empt
YR a ab/vin2 ) )
scale vector Work Force in a Magnetic
cdr . X
( ab — U=F-d Field
power g Z Vx J |F| = q|# x B|
ab/2 'square root
fold —_—
2a 2
car b gebee Kinetic Energy Coulomb’s Law
o : 1
n 2 a/2t"2+btsc KE = Eth ™ :h fli L
3 e [
* sum u-v
/ ( ab—cd dot product
e ab-cd
1 1
x
. —

reciprocal

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.
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Growing languages for vector

algebra and physics

Parallel Resistors
1

-
Reotar = (Zi R*)
i

Force in a Magnetic
Field

IF| = ql5 x B|

Initial Learned lerary of Concepts Physics Equations
Primitives -7
Subtract vectors. /v Z v Newton’s Second Law
map i+ 7 add many vectors i= lz
add vectors mla;
zip —l
191 e
cons 8
e N @
e/ S G
empt 5
By . av ) ab/v{"2 " Work
" scale vector abd o
cdr = 2.3
ST R U=F-d
sover 5 N inverse square
ab/2 square root
fold —
2a a
za @2
car \ 5 ) Ft2+bttc
2a/b
+

Kinetic Energy
a/2tr24btsc

KE E |15)?
= Smlp
P ) . :
- 2.l ~_ . «
: e — e - Jamb
/ C ab—cd | dot product period
o ab-cd
1 1
x
.

reciprocal

Ellis, Wong, Nye, Solar-Lezama, Tenenbaum. arxiv 2020.

Coulomb’s Law

Foao 02—
-7l

41



Growing languages for vector algebra

and physics

Initial Physics Equations
Primitives i-7

subtract vectors. /v Z v Newton’s Second Law Parallel Resistors
map i+

add manv vectors

Learned lerary of Concepts

% R = (315;)
D add vectors miai ! total =\
15]? PN (scale-vector(reciprocal m) (reciprocal (sum-components
cons - V2 \ ab (add-many-vectors Fs)) ér:??)(x(r) (reciprocal r))
MLy AN 52
empt 5
B av ) ab/v[~2 N\ k ) )
B} e — abd Wor Force in a Magnetic
co p s 112 U="F-d Field
power z Vx inverse square (dot-product F d) |F| = q|# x B
ab/2 square root (* q (ab-cd v_x b_y v_y b_x))
fold —_—
2a a,
car L 5 ) Et +bt+c Kinetic Energy Coulomb’s Law
\ " 1
. 2a/b a/2t"2+btsc § KE = Elel‘ o
) (ab/2 m (IvI"2 v)) (inverse-square q_1 q_2
* i (subtract-vectors r_1 r_2))
/ dot product
0
1 1
x
" —

reciprocal

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Growing languages for vector algebra and physics

Initial
Primitives

~ Learned Library of Concepts
u-v

subtract vectors —/ Z 5
—_— \ j )
U+

add many vectors

add vectors
1?
iz ab
152
av ) ab/v{"2 -
scale vector ab®
1*

square root
a
St2+bt+c
2

. 2 J {
ab/2
)

a/2t"2+btsc

. it ~_. 2
j /
= T AL
b—cd ) dot product period
ab-cd
1
. * b

reciprocal

inverse square

Physics Equations

Newton’s Second Law Parallel Resistors

EEE e 1
a= ;Z‘R Reotar = (Zi RT)

(scale-vector (reciprocal m) (reciprocal (sum-components
(add-many-vectors Fs)) (map (A(r) (reciprocal r))

-1

Rs)))
Work Force in a Magnetic
U=F-d Field

(dot-product F d) |F| = q|# x B|

(* q (ab-cd v_x b_y v_y b_x))
Kinetic Energy Coulomb’s Law

L
KE = Em|V|t ™ :h q2 ZTIA
I -7l

@/2.m (Ivi*2 v) (inverse-square q_1 q_2
(subtract-vectors r_1 r_2))
A (xyzu (map (A (v) (* (/
(* (power (/ (* x x) (fold (zip
zu (A (Wa) (-wa))o (A (b
) (+ (* b b) 9)) ((x1
1) (+ 11))) y) (fold (zip z u Solution to Coulomb’s
(A (de) (-de))) 0 (A (fg) |Law ifexpressedin
(+ (xff)g)))v)) (zipzu initial primitives
(A (h i) (- hi)))))

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. L



Growing a language for recursive programming

Initial Recursive Programming Algorithms
Primitives
Stutter
Y
combinator
cons
car
cdr
nil
if
nit? List lengths
. ((Wmm], [H]] - (3 1]
[(mm|), [], [®]] - [20 1]
]

List differences

(1 82], [051) - [131]
[(236], [124] -[112)

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. e




Growing a language for recursive programming

G Learned Library of Concepts
Primitives
Y
combinator
cons
cal fold
cdr fold(xs,f,x0) =
(if (nil? xs) x@
nil (f (fold (cdr xs)
f x0) (car xs)))
if
nil?
+
unfold
unfold(x,g.f.p) =
0 @if (p x) nil
(cons (f x)
1 (unfold (g x)
g fp))

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

Recursive Programming Algorithms

Stutter
] -

L]
A (X (uv) (cons
v (cons v u))) nil)

Take every other

[(NEEEEE] _ [(NEN]

List lengths
(®]] - (3 1]
[1, (@] - [20 1]

List differences
(1 82], [051) - [131]
[236], [124]) - [112]

42



Growing a language for recursive pro

Initial
Primitives
Y
combinator

cons

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

Learned Library of Concepts

map (xs. f) xs (A (25
x) (cons (f x) zs)) nil)

fold

length(xs) = (
O (X (1) 0)

fold(xs,f,x0) =
(Gf (ni1? xs) x0
(f (fold (cdr xs)
f x8) (car xs))) ( )

filter(p.xs) = (fold xs (A (25 X)
(if (p x) 25 (cons x z5))) nil)

unfold R
\ / cometa ) range |
unfold(x,g.f.p) = X ) (f u s -
Gf (p x) nil Dy o (2 > e 3 range(n) = (count_to + 0)
(cons (f x) —
(unfoldl (gix) nfold_list count
g f P d

unfold_list(f,xs,p) = xs

count_down(f,n) =
O (W (f (cdr u)) car » :

(f n) n)

Recursive Programming Algorithms

Stutter
[CLLL)]
-
(fold A (A (u v) (cons
v (cons v u))) nil)

Take every other

List lengths

((Wmm], [H]] - (3 1]
[(mm|), [], [®]] - [20 1]
(map A length)

List differences
(1 82], [051) - [131]
[236], [124]) - [112]

42



Growing a language for recursive pro

G Learned Library of Concepts Recursive Programming Algorithms
Primitives ) .
Y Stutter

combinator

map (xs, f) xs (A (zs
X) (cons (f x) 25)) nil)

cons
~ - \ 1d A (A (uv) (cons
car fold length —\ v (cons v u))) nil)
cdr fold(xs.f.x0) = length(xs) = (fo s . Take every other
Gf (n1? xs) x@ oo o 1 m) 8 L zip ) fis
nil (f (fold (cdr xs) ( A -
f x0) (car xs))) o 3 index zlp(xs f y57 = is)’{ o [mmE]
. filter \ / " .
if index(n.xs) = (car (& (m (f (index n i_list cdr A nil?)
filter(p.xs) (fold xs (A (zs x) (fo (range n) (A (u ys) (ind n xs))))
ni1? (if (p x) zs (cons x 25))) nil) V) (cdr u)) xs)) List lengths
+ (®]] - (3 1)
- count_to | 0, (M) - [201]
unfold ang
5 \ / count_f mu x.y) = range J
unfold(x.g,f.p) = AW (fu —
0 Gt (%) il 0 0 D = range(n) = (countto * 6) List differences
(cons (f x)
1 (unfold (g x) inford liet count n [182], [051] - [131]
g1 p) [236], [124] - [112]

— count_down(f,n) =
= unfold_list(f,xs,p) = xs ¢ Ty (zip A - B )
A (u) (f (cdr v))) car D)

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. e



Growing a language for recursive pr

Initial
Primitives
Y
combinator

cons

Learned Library of Concepts

map (xs, f) xs (A (zs
%) (cons (f x) 25)) nil)

length(xs) = K'_\

fold

fold(xs,f.x@) =

(if (ni1? xs) x0 A (x) (+1m)0) zip
(f (fold (cdr xs) ( -
f x0) (car xs))) \ index 2ipGis, fuys) =/ (ma
filter FRCl)
index(n,xs) = (car e (n) (f (
filter(p.xs) = (fold xs (A (zs x) (fold (range n) (A (u ys) ( n xsm)

(if (p x) zs (cons x z5))) nil) V) (cdr u)) xs))

count_to

unfold

count_| mu x.y) = range
A ) (fu
1)) o m 2) (=)

unfold(x,g,f.p) = range(n) = (coun

(if (p x) nil O
(cons (f x)
(unfold (g x) unfold 1list count n
81 p)) N )
unfold_list(f,xs,p) = xs e
A (u) (f (cdr v))) (3( D)

Origami Programming:

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020.

Recursive Programming Algorithms

Stutter

d A (A (uv) (cons
v (cons v u))) nil)

Take every other
(NN ]
(= - [(mmE)

(unfold_list cdr A nil?)

List lengths
m), [(®]] -
[,

[3 1]
(®]] - (2 01)

List differences
(182], [051] -
(2 36], [124] -
(zip A - B)

[131]
[112)

Jeremy Gibbons, 2003
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Growing a language for recursive programming

R !ni:javl Learned Library of Concepts Recursive Programming Algorithms
rimitives ) N
Y Stutter
combinator oG T 0N (TS [(um] - [(EE
oS %) (Cons (f x) 25)) nil) [NEN] . [NEEEEN]
S p (fold A (X (u v) (cons
car fold length —\ v (cons v u))) nil)
cdr fold(xs,f,x0) = length(xs) = (fold xs N Take every other
(if (nil? xs) x0 A (0 x) (1) 0) L zip i -
nil (f (fold (cdr xs) A - l ] - [(mm]
f x0) (car xs))) o index zlp(xs f y57 =@ ;), (NENEEEN] . [NEN]
. filter \ b, h xs
i index(n.xs) = (car () (f C(indexn  (unfold_list cdr A nil?)
filter(p,xs) = (fold xs (A (z5 x) (fold (range m) (A (u ys) (index n xs))))
nil? (if (p x) zs (cons x z5))) nil) V) (cdr u)) xs)) List lengths
. =], (®]] - (3 1]
count_to | (1, ("] - (201)
unfold ange
= \ / count_{ mu x.y) = range J
unfold(x.g,f.p) = A (fu - L
= ange(n) = (count_to + )
) (;ZOLZ fi :;1 1>> o <17 2) =y) List differences
1 (unfold (g x) unfold list count_down [182], [051] - [131]
g f p)) i [236], [124] - [112]
_ — count_down(f,n) =
= unfold_list(f,xs,p) = xs - (fn)n) (zip A - B)
A (u) (f (cdr v))) car D)

1 year of compute. 5 days on 64 CPUs.

Origami Programming: Jeremy Gibbons, 2003

Ellis, Wong, Nyé, ..., Solar-Lezama, Tenenbaum. arxiv 2020. e



Lessons

Library learning interacts synergistically with neural synthesis:
bootstrapping, more than sum of parts
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on experience to make it more powerful and more human

understandable
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Lessons

Library learning interacts synergistically with neural synthesis:
bootstrapping, more than sum of parts

Symbols aren’t necessarily interpretable. Grow the language based
on experience to make it more powerful and more human
understandable

Learning-from-scratch is possible in principle. Don't do it. But
program induction makes it convenient to build in what we know
how to build in, and then learn on top of that
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the end.
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3D program induction

A <- (cuboid 16 0 4 28 16 20)

B <- (cylinder4412 44 16 4)
C<(+AB) —r oo . >
M<- (+K L)

CAD program

rendering under different views

3D voxel spec

Challenge: combinatorial search!
Branching factor: > 1.3 million per line of code, = 20 lines of code
search space size: (1.3 million)?° =~ 1022 programs

Ellis*, Nye*, Pu*, Sosa*, Tenenbaum, Solar-Lezama. NeurlPS 2019.

*equal contribution 48



Solution: stochastic tree search + learn policy that writes code
+ learn value function that assesses execution of program so far;
analogous to AlphaGo [Silver et al. 2016]

Input:
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Solution: stochastic tree search + learn policy that writes code
+ learn value function that assesses execution of program so far;
analogous to AlphaGo [Silver et al. 2016]

policy 7 value V n/V 7 v

47



3D program induction

Input
(voxels)

Rendered
program

Ellis*, Nye*, Pu*, Sosa*, Tenenbaum, Solar-Lezama. NeurlPS 2019

*equal contribution 8



3D program induction

—~ :
»
+~ O I
= :
Qo.
c >
-
o] -4 D DT
Oc | =
(]
28 - ¢
q)e Ng—
D:D.

same architecture learns to synthesize text editing programs
(FlashFill, Gulwani 2012)

Ellis*, Nye*, Pu*, Sosa*, Tenenbaum, Solar-Lezama. NeurlPS 2019.

*equal contribution 8



Library structure: Text Editing

DreamCoder learns libraries for FlashFill-style text editing [Gulwani 2012]

Ellis, Wong, Nye, ..., Solar-Lezama, Tenenbaum. arxiv 2020. G



Library structure: Generating Text

Libraries for probabilistic generative models over text:
data from crawling web for CSV files
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150 random dreams before learning
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