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PL Research: Last 10 years [sample]

 (Semi-] Automated Program Synthesis

e Mostly learning functions/algorithms over discrete spaces
(from examples, natural language, components, partial specs, etc)

 Automated Symbolic Reasoning

e Abstract Interpretation = theory of sound & precise approximation
 SMT solvers

« Approximate/Probabilistic Programming
« Applications/Analysis/Synthesis



Two part talk ( 22 + 3] ©

Learning-based Programming Engines PSI: Exact Solver for Probabilistic Programs

1. Pick a structure of interest, e.g., trees: /Q} def mainQ { “
p := Uniform(0,1); 2p
Tcond ::= ¢ | WriteOp TCond | MoveOp TCond rf- = [:l- ? :!- ? ol’:é ? 0] , I ] { > 51 /
love! 1= e i ownFirs ownLas: Or I I n =-- r = en % /
2. Define a DSL for expressing functions: T Wates, erows, osteat. proviet. observe( - 0l
[Can be Turing Complete] riteOp ::= WriteValue, WriteType, WritePos H == H - /
vriteop tevalue, WiriteType, Uritep y Bernoulli(p) == r[i])); y
3. Synthesize f,,, € DSL from Dataset D: fbesrzjf;gg‘S"Lm""f’ return p; KT z os
} P
4.Use f,., on new structures: Joest (,m ) =7

http://plml.ethz.ch http://psisolver.org
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http://psisolver.org/

Two part talk ( 22 + 3] ©

Learning-based Programming Engines

1. Pick a structure of interest, e.g., trees: /Q}

TCond ::= & | WriteOp TCond | MoveOp TCond
2. Define a DSL for expressing functions: O Ecore. PrevDrs. NexcLeaT, Provicar.
. PrevNodeType, PrevNodeValue,
(can be Turing complete] i 1= wricevarie, wricerpe, wriceros
. i Soese = argmin cost(D, f)
3. Synthesize f,,, € DSL from Dataset D: &
fe DSL

4.Use f,., on new structures: Joest (,m ) =7

http://plml.ethz.ch
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Probabilistic Learning from Code

Statistical Engine Solution

N
babilist :
p“’rjm;e'f © " PL+ML

number of V

repositories
Google [T B® Microsoft

15 million repositories

Billions of lines of code

High quality, tested,
maintained programs

last 5 years



Probabilistic Learning from Code

Probabilistically likely solutions to problems hard to solve otherwise

Joint work with :

Veselin Andreas  Pavol  Christine Svetoslav ~ Pascal Benjamin Timon Petar Mateo

Raychev Krause Bielik Zeller ~ Karaivanov  Roos Bischel Gehr  Tsankov Panzacchi
Publications Statistical Engines

* Program Synthesis for Char. Level Language Modeling, ICLR*17 sub

e Learning a Static Analyzer from Data, https://arxiv.org/abs/1611.01752 apk-deguard.com

e Statistical Deobfuscation of Android Applications, ACM CCS’16

* Probabilistic Mode for Code with Decision Trees, ACM OOPSLA'16 DEm
«  PHOG: Probabilistic Mode for Code, ACM ICML'16 jsnice.org

 Learning Programs from Noisy Data, ACM POPL 16 NNy NICE |

e Predicting Program Properties from “Big Code”, ACM POPL15

nice?2predict.org

 Code Completion with Statistical Language Models, ACM PLDI'14
: : . SLANG NICE :
« Machine Translation for Programming Languages, ACM Onward’14 49 2 Predict

more: http://plml.ethz.ch
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N nicE

JSNice.org

v' ~200,000 users

v Top ranked tool

v' Every country
This Page Amsterdam (thispage ams - Jul 16
Do you write ugly JavaScript code? Not to worry. JSNice will make it look like you

“ are a ENaEEY coder. Yail - buff ly/1HRAJL7

3" Ingvar Stepanyan (1RReverser - Aug b
. JSNice.org became my ISR tool for code deobfuscation.

Expand

B Brevity @seekbrevity - Jul 28
| JSNice is an a e tool for de-minifying #avascript files. JSNice.org, Its
great for #leaming and reverse engineering.

Expand

Alvare Sanchez (Dalvasavi - Jun 10

ORs s ood

Statistical renaming, Type inference and Deobfuscation.
jsnice.org
Expand

Alex Vanston (mnvdot - Jun 7

ﬁ I've been looking for this for years: JS NICE buff.ly/1pQagfr #javascript
#unminify #deobfuscate #makeltReadable

Expand

Kamil Tomsik (cztomsik - Jun B

H tell me [ETELE works!

de-minify #jquery #javascript incl. args, vars & #jsdoc
impressive! jsnice. org

& CodeGeek

COMMENTS

20 Online Code Editors and Tools for Develop B

HOME WORDPRESS WEB DESIGN TYPOGRAPHY RESOURCES ~ ARCHIVES CONTALT ADVERTISE

20 Essential Tools for Coders
GAYIN 1 DEVELOPMENT - RESOURCES 2001, 201t @
20 Best Freebies for Web Designers
e of Year 2014

AR A LA LR R RS - B USEIRE, RTCEE RN S e |

CIFY JAVASCRIPTS(l, HEBFFIRIEE

right place, | have gathered 20 Ess 1) jsNi ;m
development tasks. Following dev S
beautify, store your snippet and h naming
you will find the list handy and acc

1. S Nice

5. SLETET, SRR OSSN

3 [ e enssens. v i i eenereaTn

ENTER AAVASCRIFT

DK




A Key Question

Learning Model

Probabilistic
— Model &=

Widely Efficient High Explainable
Applicable Learning Precision Predictions




Training dataset D

F.open(“f2” | “r”); query:
J=EERI0) S f.open(“File” | “r”);

f.open(“f2” | “w”);
f.write(*“c”);

. |?

f.open(“f1” | “r”);
f.read();



Training dataset D

f.open(“f2” | “r”); query:

f- read() 9 f- Open(“fi Ie,’ I (41 r.”) ;

f.open(“f2” | “w”);

f.write(*’c”); F. |2

f.open(“f1” | “r”); 3-gram model on tokens

f.read(); Hindle et. al., ACM ICSE'12
Plopen || F-|) ~ 3/6
Plread ||Ff.|) ~ 2/6
Pwrite ||Ff.|) ~ 1/6

"

context Y



Training dataset D
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probabilistic model on APIs
Raychev et. al., ACM PLDI'14

P(read || open |) ~ 2/3
Pwrite | open |) ~ 1/3

Training dataset D .

f.open(“f2” | “r”); query: context y

f- read() 9 f- Open(“fi Ie11 I “r.11) ;

f.open(“f2” | “w”);

f.write(*c”); f.|?

f.open(“f1” | “r”); 3-gram model on tokens

f.read(); Hindle et. al., ACM ICSE'12
Plopen || F-|) ~ 3/6
Plread ||Ff.|) ~ 2/6
Pwrite ||Ff.|) ~ 1/6

I_H

context Y
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probabilistic model on APIs
Raychev et. al., ACM PLDI'14

P(read || open |) ~ 2/3
Pwrite | open |) ~ 1/3

Training dataset D .
T.open(“f2” | “r”); query: contexty
f- read() 9 f- Open (“fi Ie11 I (41 r”) ;
T.open(“f2” | “w”’);
f.write(*c”); f.|?
f.open(“f1” | “r”); 3-gram model on tokens
f.readQ); Hindle et. al., ACM ICSE'12
Plopen ||Ff.|) ~ 3/6
Plread ||Ff.|) ~ 2/6
Pwrite ||Ff.|) ~ 1/6
I_H
context y

What should the context be?




program context

Il
_||,

—
—

Tl

nifln

key idea: synthesize a function f:

“...All problems in computer science can be solved
by another level of indirection...”
-- David Wheeler



Creating probabilistic models: our method

[“Learning Programs from Noisy Data”, ACM POPL 16,
“PHOG: Probabilistic Model for Code”, ACM ICML 16,
“Probabilistic Model for Code with Decision Trees”, ACM OOPSLA'16]

1. Pick a structure of interest, e.g., ASTs: @

2. Define a DSL for expressing functions: DSL

(can be Turing complete)

3. Synthesize f, ., € DSL from Dataset D: frest = argmin cost(D, f)
feDSL

4. Use f,,.. to compute context and predict: frest ( /Qj ) - vy



Step 1: Pick Structure of Interest

Let it be abstract syntax trees (ASTs) of programs

JavaScript program AST

CallExpression

elem_notify({

position: “top’, ”””,,,—-~\\\\\\\\\

autoHide: false, MemberExpression ObjectExpression

delay: 100 /I\
D: 2N

Identifier Property Property Property Property
elem notify position autoHide delay

String Boolean
“top”’ false



Step 2: Define a DSL over structure

Syntax TCond = ¢ | WriteOp TCond | MoveOp TCond
MoveOp = Up, Left, Right, DownFirst, DownlLast,
NextDFS, PrevDFS, NextLeaf,
PrevLeaf,PrevNodeType, PrevNodeValue, PrevNodeContext
WriteOp ::= WriteValue, WriteType, WritePos
Semantics

WriteValue

Vy<—V-




Step 3: synthesize f, .,

fpest = @rgmin cost(D, f)
fe DSL



Step 3: synthesize f, .,

DSL generate candidate f dataset D
TCond ::= & | WriteOp TCond | MoveOp TCond 4‘

MoveOp ::= Up, Left, Right, ...

WriteOp ::= Writevalue, WriteType, ... 4{9]

\ millions (=~ 108)

frest = argmin cost(D, f) -~ Byild
Synthesizer feDSL Probabilistic
Model P

use D and f to compute

P(element | f ( ))

/ to scale: iterative synthesis
COSt(D’ f) = entropy(P) on fraction of examples
o(ID)



Step 4: use f, ., to predict

program fpest Context ¥
elem_jnotify( Left {}
s s WriteValue {hide}
. Up {hide}
g WritePos {hide, 3}
pOSItIOﬂ- top ’ -
hide[ false, Up ihide, 3}
> DownFirst {hide, 3}
} DownLast {hide, 3}
); WriteValue {hide, 3, notify}

’

{Previous Property, Parameter Position, APl name}



Deepd: Experimental Results
[Probabilistic Model of JavaScript]

Dataset D: 150,000 files Training Time: ~100 hours  f,.; ~ 50,000 instr.

Probabilistic Model Accuracy (APIs]
Last two tokens, Hindle et. al. [ICSE’12] 22 .2%
Last two APIs, Raychev et. al. [PLDI'14] 30.4%

Deep3 66 .6%

Details in: “Probabilistic Model for Code with Decision Trees”, ACM OOPSLA' 16




Deepd: Experimental Results
[Probabilistic Model of Python]

Dataset D: 150,000 files Training Time: ~100 hours  f,., ~ 120,000 instr

Probabilistic Model Accuracy (identifiers]

Last two tokens, Hindle et. al. [ICSE’12] 38%

Deep3 51%

Details in: “Probabilistic Model for Code with Decision Trees”, ACM OOPSLA' 16



Applying the Concept to Natural Language

[Program Synthesis for Character Level Language Modeling, ICLR’17 sub]

Dataset D: Training Time: ~ 8 hours foest ~ 9,000 instr

Hutter Prize Wikipedia Dataset uses a char-level DSL with state

Interpretable model, browse here:
http://www.srl.inf.ethz.ch/charmodel.html

Probabilistic Model Bits-per-Character
7-gram (best] 1.94
Stacked LSTM (Graves 2013) 1.67
MRNN (Sutskever 2011) 1.60
MI-LSTM (Wu et al. 2016) 1.44

HM-LSTM* (Chung et al. 2016) 1.40


http://www.srl.inf.ethz.ch/charmodel.html

Learning (Abstract) Semantics

[Learning a Static Analyzer from Data, https://arxiv.org/abs/1611.01752]

VarPtsTo(“global”, h)

_ o checklfInsideMethodCall
function |SB|g§V) { checkMethodCal IName
return v < this.length checkReceiverType

¥ _ o checkNumberOfArguments ...
[12, 5]-filter(i1sBig);

VarPtsTo(this, h)

Can be understood by experts

2 flow

A STATIC TYPE CHECKER FOR JAVASCRIPT

Found issues in Facebook’'s Flow




SODE

http://deepcode.ai

ETH spin-off, co-founded in 2016 by

From code to predictions

Handles any programming language

We are hiring!

Veselin
Raychev

Martin
Vechev


http://deepcode.ai/

More Info

Learning from Large Codebases,
PhD Thesis, ETH Zurich, 2016

Veselin
Raychev

http://plml.ethz.ch

Dagstuhl Seminar on Big Code Analytics, Nov 2015

Data sets, tools, challenges: http://learningfrombigcode.org



http://plml.ethz.ch/
http://plml.ethz.ch/
http://plml.ethz.ch/
http://learningfrombigcode.org/
http://learningfrombigcode.org/
http://learningfrombigcode.org/

Binary crossentropy loss

Synthesis with NTMs
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Two part talk ( 22 + 3] ©

Learning-based Programming Engines PSI: Exact Solver for Probabilistic Programs

1. Pick a structure of interest, e.g., trees: /Q} def mainQ { “
p := Uniform(0,1); 2p
Tcond ::= ¢ | WriteOp TCond | MoveOp TCond rf- = [:l- ? :!- ? ol’:é ? 0] , I ] { > 51 /
love! 1= e i ownFirs ownLas: Or I I n =-- r = en % /
2. Define a DSL for expressing functions: T Wates, erows, osteat. proviet. observe( - 0l
[Can be Turing Complete] riteOp ::= WriteValue, WriteType, WritePos H == H - /
vriteop tevalue, WiriteType, Uritep y Bernoulli(p) == r[i])); y
3. Synthesize f,,, € DSL from Dataset D: fbesrzjf;gg‘S"Lm""f’ return p; KT z os
} P
4.Use f,., on new structures: Joest (,m ) =7

http://plml.ethz.ch http://psisolver.org
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Two part talk ( 22 + 3] ©

PSI: Exact Solver for Probabilistic Programs

def main(Q {
p := Uniform(0,1);
r := [1,1,0,1,0];

for i in [0..r.1en] {
observe( - il
Bernoulli(p) == r[i])); os | /

}

return p;

}

http://psisolver.org



http://psisolver.org/

PSI

PSI: Exact Symbolic Inference for Probabilistic Programs, CAV'16

Timon Sasa
Gehr Misailovic

Exact inference for probabilistic programs

http://psisolver.org/
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PSI

def max(a,b) {
r := a;
if b>r {r =>0b; }

return r;

def main() {

= Uniform(0,1);
= Gauss(0,1);
:= Uniform(0,1);

N < X

r := max(x,max(y,z));
observe(x < 0.75);
1T Bernoulli(1/2)

{ assert(r < 0.9); }
return r + UniformInt(1,3);

}



PSI

def max(a,b) {

}

r

it

-

1= a;
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return r + Uniformlnt(1,3);




PSI

def max(a,b) {

a little nicer to look at...

0.7 T T T

r := a;
if b>r {r=>0b;} T
return r; 051
def main(Q) { # 2 osf
x = Uniform(0,1); 0.2 -
y := Gauss(0,1); 0.1 -
z = Uniform(0,1); o : - - : g
r := max(x,max(y,z)); r1
observe(x < 0.75);
it Bernoulli(1/2) can compute various queries on the PDF:

{ assert(r < 0.9): } e.g., expectations, marginal probabilities

return r + UniformInt(1,3); E[result] = 2.6929

h Pr[error] = 0.132827



PSl: Ingredients

Symbolic Domain for PDFs

ce = I|E!|?1'|U|l|2|
| log(e)| —elep +...+e,|ep ... e,|ef?
16(e) | fe1 = ea] | fex < ea] | fex # 2] | [ex < ea]

|/]Rd;z’ e[z] | Z efx] | pler,....en)

xel

| (d/d.’r)_l[e_‘*ﬁ](rf) (Error function)
Encodes probability density functions

» Bernoulli(z:p) =p-0(1 —z)+ (1 —p)-o(x)

e—{:z:—;u}Q/['.?u!

(2m)2

» Gauss(z;p.v)=[v=0]-0(x —pu)+ [v#0]-

. "“.,_‘-,! . <‘.J . ‘J<
» Uniformint(z;a,b) = b EZZO:(I [Il [? _j |- [2 < ]
vezla < 2] - [z < O]

Symbolic Simplification

» Basic algebraic simplifications
r+r—2-x, x-x — 2, ...

» Simplifications on constraints
=0+[z#0 =1, [x<0-0<z] —[z=0],
o(x)-1<z] =0, ...

» Linearize Guards
Sy —22) -

[~y < 0]+ ([r = 0] 8(y) + [ # 0] - 52=(0(x = /7) + 6(z + /D)),

» Symbolic Integration
Jpdz [pdy 0<zl-[z<1]-[0<y]-[y<1]-d(z—a-y) =

—[0<z] [z <1] log(z), ...

48



Learning-based Programming Engines

1. Pick a structure of interest, e.g., trees:

2. Define a DSL for expressing functions:
(can be Turing complete)

3. Synthesize f,,, € DSL from Dataset D:

4.Use f,., on new structures:

A

TCond ::= & | WriteOp TCond | MoveOp TCond

MoveOp ::= Up, Left, Right, DownFirst, DownLast,
NextDFS, PrevDFS, NextLeaf, Previeaf,

PrevNodeType, PrevNodevalue,

WriteOp ::= WriteValue, WriteType, WritePos

frest = argmin cost(D, f)
fe DSL

fbest (@ ) o 2 4

http://plml.ethz.ch

d

}

PSI: Probabilistic Solver rsi SOLVER
ef mainQ {
p := Uniform(0,1); 2y
r :=[1,1,0,1,0]; /
for i in [0..r_.len] {
observe( - il /
Bernoulli(p) == r[i])); /

return p; ° '” ""

http://psisolver.org

L
0.8



http://plml.ethz.ch/
http://psisolver.org/
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