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Long termVision

Agent to win programming contests [TopCoder]

Program Representations

Program Repair
Fuzzing/Security Testing

Program Optimization




Neural Programmers

def add5(x):
return x+

def dotwrite(ast):
nodename = getNodename()
label=symbol.sym_name.get(int(ast[0]),ast[0])

print % (nodename, label),
if isinstance(ast[1l], str):
if ast[1].strip():
print % ast[1]
else:
print
else:
print

children = []
for n, child in enumerate(ast[1:]):
children.append(dotwrite(child))

print % nodename,
for name in children:
print % name,

Logic Samples
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Induction Synthesis Program Synthesis
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Difficult to Generalize Generalizes Better Strong Generalization
Lots of Examples Lots of Examples FeWw Examples
Single-task learning Single-task learning Multi-task tearning
Non-Interpretable programs Interpretable programs |nterpretab|e programs

Examples: NTM, DNC, etc. Examples: QuickSort
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String e
Substring f

Position p
Direction Dir

Regex r

Concat(f1, -, fn)
ConstStr(s)

SubStr (v, p1, pr)

(r, k,Dir) | ConstPos(k)
Start | End

s| Ty - | T




ExampleFlashFillTask

William Henry Charles Charles, W.
Larry Page Page, L.
Sergey Brin Brin, S.

Martha D. Saunders Saunders, M.

Concat(f,, ConstStr(“, "), £,, ConstStr(“."))
SubSstr(v, (Word,-1,Start), (Word,-1,End))

SubStr(v, CPos(0), CPos(1l))



GeneralMethodology

DSL == 4 mm) Synthesizer

v

Syntax

3 Key Properties Semantics
Executable

Rishabh Singh, Pushmeet Konli. Artificial Programming. SNAPL 2017



Reference program: GetToken_Alphanum_3 | GetFrom_Colon_1 | GetFirst_Char_4
Ud 9:25,JV3 0Obb 2525,JV3 bbUd92
zLny xmHg 8:43 A44q 843 A44qzLny

A6 g45P 10:63 Jf 1063 JfA6g4d
culL.zF.dDX,12:31 dDX31culz

ZiG OE bj3u 7:11 bj3ull1ZiGO

Reference program: GetToken_WS_-1(GetSpan(Number, 1 End, ¢/’, 3, End)) |
Const(‘R’) | GetToken_Word_5 | Const(‘L’) | Const(‘,’) | ToProper(GetToken_Word_3)
| GetToken_Alphanum_5 | EOS

aC Ic 3.rFL JiW.MmB fzYoa TX oNpV fHm /ai WHGM JUF RMmBL,RVKW

wa.Xvq-wo-isxn KD.qxpkH mACHu/ZNI fyARKDL,TdnAB

Iceg gbeOz ck CbwoZ /Zmfb WMyoO /10 CQlXs,EkeFJAxi Ey xAG RZmfbL,QvqqEy

e 04 oo By kg e s |

qm/CsPc 0aSUW,wKz.rRH, jFq0.PGihT IE-2,NL XelRrRHL,QnXel
zzToV-2W6z,dE,Ptl /dSZR.Xel/xyEA-qN kf.Yo

wUx -7.ND7.xiE.DkEwx ur /qNKCc.SWrB ZE.nylKj AA,FT/ | FTRurL,DgXsskh4l
/Fa-Av,1h41,32p-DQsSk-yWka RjpGS




Model prediction: GetSpan(‘[’, 1, Start, Number, 1, End) | Const(‘]’) | EOS

[CPT-101
[CPT-101
[CPT-11]
[CPT-1011]

[CPT-101]
[CPT-101]
[CPT-11]
[CPT-1011]

[CPT-101]
[CPT-101]
[CPT-11]
[CPT-1011]

[CPT-1011 [CPT-1011] [CPT-1011]

Model prediction: Replace_Space_Comma(GetSpan(Proper, 1, Start, Proper, 4, End) |
Const(‘.’) | GetLast_Proper | EOS

Jacob Ethan James
Alexander Michael
Elijah Daniel Aiden
Matthew Lucas

Jackson 0Oliver Jayden
Chris Kevin

Earth Fire Wind Water
Sun

Jacob,Ethan,James,Alexander. -
Michael
Elijah,Daniel,Aiden,Matthew. -
Lucas
Jackson,0Oliver,Jayden,Chris.-
Kevin
Earth,Fire,Wind,Water.Sun

Jacob,Ethan, James,Alexander. -
Elijah,Daniel,Aiden,Matthew.-
Jackson,Oliver,Jayden,Chris.-

Earth,Fire,Wind,Water.Sun




1/0 Encoder ToProperCase(GetStrBetStartAndAt(GetSecondWord(inp)))




Keyidea: Guided Enumeration

Problem

How to assign probabilities to each action a; such that the
global tree state is taken into account?

S->e+e

S>e+e S>e+e
+
+ + <
a;:S->e+e > 1 e -> X e ->
a: e->Xx a e ->X a,: e->X
a: e->1 as: e -> 1 a: e->1
agze->0 a:e->0 agze->0

1 X

f(x) =x+1




f(y )=

O




z KeyChallenges

Program Representation 6?%\@

Example Representation



Recursive-Reverse-Recursive Neural

Network (R3NN)

The R3NN has the following parameters:

1.

An M-dimensional representation ¢(s) for every symbol (“e”) in
the grammar.

An M-dimensional representation w(r) for every rule (“e -> e op2
e”) in the grammar.

A recursive weight matrix W for every rule.

A reverse-recursive weight matrix G for every rule.

p ::= Ax.e
e ::=0 | 1| x| ople | eop2e

| ife e then e else e | fold e e Ax y.e
opl ::= not | shll | shrl | shrd | shri6
op2 ::=and | or | xor | plus



o
v RECUISIVE

Input:

Distributed representations
of each leaf’s symbol.

Output:
Global root representation.

((eop2e)op2e)



Reverse-Recursive

Input:

root representation from
recursive pass

Output:
Global leaf representations.

e >eop2e

zr =¢'() - w(r)

e op2 e
¢'<lne> ¢.<ln7) Jna) (r) = softmax(zy, ..., Zy)

((eop2e)op2e)



Cross-Correlationl/OEncoder
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SyntheticDataResults(< 13AST)

Sampling | Train | Test
1-best 60% | 63%
1-sample 6% | 57%
10-sample | 81% | 79%
S50-sample | 91% | 89%
100-sample | 94% | 94%
300-sample | 97% | 97%




Batching Trees for larger programs
R3NN for contextual program embeddings

FlashFillBenchmarks

Number of FlashFill Benchmarks solved

M Total Solved

4 7 9 10 11 13 15 17 19 24 25 27 30 31 37 50 59 63

Size of smallest programs for FlashFill Benchmarks

Sampling | Solved Benchmarks

10 13%

50 21%

100 23%

200 29%

500 33%

1000 34%
2000 38%
5000 38%




RobustFillpcmL2017

Basic Seq-to-Seq Attention-A
Attention-B Attention-C
++""""7* ________ -: ______________ R :

J. Devlin, J. Uesato, S. Bhuptiraju, R. Singh, A. Mohamed, P. Kohli



Multiplel/O Examples

[ Output Softmax ]
?

— — — [MaXPool]
v ) +lod) (a s

....... [FC) [FC]
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Extended DSL

Program p
Expression e
Substring f

Nesting n

Regex r

Type t

Case s
Position k&
Index 7
Character ¢
Delimiter

Boundary y

Concat(ei,es, e3,...)

f | n|ConstStr(c)
SubStr(ky.ksy)
GetSpan(ry,is,yi1.T2,12,V2)
GetToken(r,k, f) | ToCase(s, f)
Replace(f,dy,05)

tr| - [ tn [ 01 ] -+ | Om
Number | Alpha | Alphanum
Al1Caps | ProperCase | Lower
Proper | A11Caps | Lower
—100,-99, ...,1,2, ..., 100
—5,—-4,-3,-2,1,2,3,4,5
A—Z a—z0-—917 @...

&, NQO[%{}/ 84”7

Start | End



92% Generalization Accuracy

100%
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80%
70%
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Generalization Accuracy

Program Synthesis Results
FlashfillTest

100%

e d— = R
e S—— 80%

10 . 100
Beam Size

Basic Seq. —#+—Att-A —e—Att-B ——Att-C —e—Att-C-DP
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Generalization Accuracy

Effect of Noise by Model Type

FlashfillTest

100% 100%
90% 90%
80% 80%
70% 70%
60% 60%
50% 50%
40% 40%
30% 30%
20% 20%
10% 10%
0% ————— e e @ ® ® 0%

0 1 2 3 4 5 6 7 8 9 10

Number of Noise Characters

Basic Seq. =#=Att-A —e— Att-C —e=Induction —e—=Excel Flashfil



Incorrect Generalization

+90-212-326 2586
+44 118 212 3843

90.212.326.2586
44.118.212.3843

90
44,

Model prediction: GetFirst_Digit_2 | Const(.) | GetToken_Number 2 |
Const (.) | GetToken_Number_3 | Const(.) | GetToken_Alpha_-1 | EOS
+32-2-704-33 32.2.704.33 32.2.704.33
+44-118-909-3574 44.118.909.3574 44.118.909.3574
+90-212-326 5264 90.212.326.5264 90.212.326.5264
+44 118 909 3843 44.118.909.3843 44.118.909.3843
+386 1 5800 839 386.1.5800.839 38.1.5800.839
+1 617 225 2121 1.617.225.2121 16.617.225.2121
+91-2-704-33 91.2.704.33 91.2.704.33
+44-101-909-3574 44.101.909.3574 44.101.909.3574

.212.326.2586

118.212.3843




Program induction Model

Induction Network

( Output |
— _ Softmax |
1Y 4
s ' MaxPool |
[ F©
VTR ! f
PRTANE



Generalization Accuracy

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Inductionvs Synthesis

FlashfillTest

10
9

—a— 7
6
-

— ——

1 Ex.

3
2
1

2 Ex. 3 Ex. 4 Ex.
Number of Observed I0 Examples

Synthesis, Beam=1 =#=Synthesis, Beam=100 —e—Induction

0%
0%
0%
0%
0%
0%
0%
0%
0%
0%
0%



Other Synthesis Domains

MoreComplexDSLs
FlashFill

Karel

Python §RScripts
GrammarlLeaming

SpecificationModalities
NaturalLanguage
Partial Programs




Synthesizing Karel Programs
[NIPS2017,ICLR2018)

R. Bunel, M. Hausknecht, J. Devlin, R. Singh, P. Konhli



Program A

def run():
repeat (4) :

putMarker ()
move ()
turnLeft ()




Prog p
Stmt s

Cond b

Action a

Cste r

def run() : s

while(b) : s | repeat(r):s|s1;s2 | a

if(b) : s | ifelse(b) : s; else : s9

frontIsClear() | leftIsClear() | rightIsClear()
markersPresent() | noMarkersPresent() | not b
move() | turnRight() | turnLeft()

pickMarker() | putMarker()

0[1]---]19




<def>

S S
::
_,“_, A /
& : SoftMax
= -

|

//
Maxpool
— =
J /

LSTM

Fully connected II

<def> II
Convolution

Input-Output




Supervised Learming

Supervised 71.91 80.00



Program A

def run():
repeat (4) :
putMarker ()
move ()
turnLeft ()

Program B

def run():
while (noMarkersPresent) :
putMarker ()
move ()
turnLeft ()




ReinforcementLearming

1. FirstSupervised Training

2.SampleProgramfromthemodel
3.Runtheprogramoni/O
4.PositiveReward if Output matches

Supervised 71.91 80.00
REINFORCE 71.99 74.11
Beam REINFORCE 77.68 82.73



def run() :
if rightIsClear():
turnRight ()
move ()
putMarker ()
turnLeft ()
turnLeft ()
move ()
turnRight ()
while frontIsClear () :
move ()
if rightIsClear():
turnRight ()
move ()
putMarker ()
turnLeft ()
turnLeft ()
move ()
turnRight ()




Neural Program Representations for
Software Engineering Applications




Fuzzing for SecurityBugs

— — T

Random Execute
Seed Mutations Binary

Input \

Coverage guided — AFL




, 125 0 obj 88 0 obj 75 0 obj
2 0 obj [(680.6 680.6] (Related Work) 4171
7< endobj endobj endobj
Type /Pages (a) (b) (c)
/Kids [ 3 0 R ]
/Count 1 47 1 obj
>> [false 170 85.5 (Hello) /My#20Name]|

endobj

Input Sequence Output Sequence

Patrice Godefroid, Hila Peleg Rishabh Singh. Learn&Fuzz:
Machine Learning for Input Fuzzing. ASE 2017



Learning whereto Fuzz

vanilla

= LSTM 1 Layer (64-bit chunks) /
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Monhit Rajpal, William Blum, Rishabh Singh. Not all bytes are equal:

Neural byte sieve for fuzzing.



def recPower(base, exp):
if exp <= 0:
return 1
return base x recPower

def recurPower (base, exp):
if exp ==
return 1
if exp ==
return base
if exp > 1:

recurPower (base, exp):
t 1
e return base * recurPower(base, exp-1)

else:
return recurPower (base,exp-1)

return base [=] * recurPow

Sahil Bhatia, Pushmeet Kohli, Rishabh Singh.Neuro-Symbolic Program Corrector. ICSE 2018
Ke Wang, Rishabh Singh, Zhendong Su. Dynamic Program Embeddings. ICLR 2018



Neural Programmer

Rishabh Singh, rising@google.com

t tmpvartm

oid foreach_enumerate(fun body, MultiType 1st){
assert 1lst.flag == LIST || 1lst.flag == STRING;

if(1st.flag
MTList ma

"
Long Term Vision: An agent to
for(int 1101=8; i1@1<tmpvartmp; i101++){
body (new MultiType(val=i101, flag=INTEGER), ma.listValues[i181]);
}

> win programming contests

if(1st.flag == STRING){
[ ) tmpvartmp = ma.len;
for(int 1181=0; i1@1<tmpvartmp; i101++){
body(new MultiType(val=i181, flag=INTEGER), ma.buff[i101]); C
’ r
) opCode

MTString ma = lst.str;
}

Neural Architectures for Program
and Spec Representation

? i

Program Induction peseo:,
eural FUZZiNg rse=o17,.aiezo1n

Encoder RNN Decoder RNN
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