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Motivation

Many kinds of tools can benefit from better models of the statistical structure
of the code that developers write:
• Code completion engines in source code editors
• Code compression engines for sending programs over the network
• Predictive interfaces for conveying commands via devices with limited

bandwidth (e.g. mobile phones, wearable computers like Google Glass, or
rehabilitative interfaces like Stephen Hawking uses)

• Automated bug fixing tools that aim to restrict their search space to
consider only seemingly “natural” code patches

Previous Work: Token Sequences

Previous work has represented source code as a sequence of tokens, so that
natural language modeling techniques can be repurposed to assign probabilities
to program tokens conditioned on their surrounding tokens:

• n-gram models use observed frequencies conditioned on the n (typically
3-15) preceding tokens [1]

• SLAMC associates additional semantic information (available during lex-
ing) with tokens, and uses several topic modeling techniques [2]

Our Work: Typed Syntax Trees

Token sequences are unstructured representations of mathematical objects with
a rich structure and semantics: typed syntax trees. As a result, these meth-
ods often assign non-zero probabilities to malformed and ill-typed programs,
and can neglect, or consider only in an ad hoc manner, non-local structural or
semantic regularities.

To avoid these limitations, we investigate models where probabil-

ities are assigned to typed syntax trees directly.

Example

hi

A Language-General Framework

Type (⌧)

%% ++
Form (�) // Expression (e)

Role (⇢)

99 33

Context (�)

OO

Our objective is to learn P(e|⌧, ⇢,�), the probability of an expression, e, given
its type, ⌧ , the surrounding typing context, �, which tracks the signatures of
names in scope, and the structural context, ⇢, which captures information about
how e is being used (e.g. whether e is the guard of a conditional, an argument
to a function, etc.).

To make the model tractable, we will marginalize over a random variable
representing the form of e, written �:

P(e|⌧, ⇢,�) =
X

�2�

P(e|�, ⌧, ⇢,�)P(�|⌧, ⇢)

A Statistical Model of Java

To develop a simple model of Java within this conceptual framework, we will
consider:

• both primitive types (e.g. int) and classes
• a typing context, �, that tracks the signatures of variables, fields, methods

and classes/interfaces in scope
• structural contexts ⇢ 2 {stmt,asgn,arg,other}, representing expressions

appearing at the top-level, as the right side of an assignment statement,
as an argument to a method or in any other context

• forms � = {lit,meth,var}, representing literals (for primitive numeric
types, strings and enums), method calls and variables, respectively.
TODO: elaborate

Form Distribution

We use the notation #{...} to represent the number of expressions in the training
set constrained by the provided expression, type, form and syntactic context
(summing over any omitted categories.)

The conditional distribution for the forms is categorical, with the probability
for each � 2 � learned as:

P (�|⌧, ⇢) =
#{�, ⌧, ⇢}
#{⌧, ⇢}

The conditional distribution for an expression e, given its actual form, �e,
is:

P (e|�, ⌧, ⇢,�) =

8
>><

>>:

0 if � 6= �e

Plit(e|⌧, ⇢,�) if � = �e = lit

Pvar(e|⌧, ⇢,�) if � = �e = var

Pmeth(e|⌧, ⇢,�) if � = �e = meth

Form-Specific Distributions

where
Plit(e|⌧, ⇢,�) =

#{e, ⌧, ⇢}
#{lit, ⌧, ⇢}

Pvar(e|⌧, ⇢,�) =
⇢ 1

|V (�,⌧)| e : ⌧ 2 �

0 o/w

Pmeth(e|⌧, ⇢,�) =

8
>>><

>>>:

⇣
Punseen(⌧, ⇢)

1
|M(�,⌧)| M(e)

+(1� Punseen(⌧, ⇢))
#{e,⌧,⇢}

#{meth,⌧,⇢}

⌘
⇥

Qn
i=1 P (ei|⌧i,arg,�)

0 o/w
Punseen(⌧, ⇢) =

|{m|#{m,meth, ⌧, ⇢} > 0}|
#{meth, ⌧, ⇢}+ ⌘

Here,
• M(e) = (e ⌘ o.m(e1, . . . , en)) ^ � ` o : ⌧0 ^ ⌧0.m : ⌧1, . . . , ⌧n ! ⌧

• M(�, ⌧) is the set of unused methods with return type ⌧ :
{m|m : ⌧1, . . . , tn ! ⌧ ^#{m,meth, ⌧, ⇢} = 0}

• And V (�, ⌧) is the set of variables of in scope with type ⌧

Implementation

We implemented our method as a plugin to the Eclipse IDE utilizing the JDT
(Java Development Tools) library. This allows us to use Eclipse’s Java parser
and typechecker, and gives us accesss to functions for walking through Java
source code that make it easier to collect the statistics we need.

We compared our results to probabilities generated using an n-gram model,
with n = 3. The n-grams were generated using a version of the CMU Language
Modeling Toolkit and the probabilities were computing using various Python
scripts.

Results

We tested our predictor using ten-fold cross validation on a few open source
projects and measured the average probability of the observed expression ac-
cording to our model. We compared this to the average probabilities given as
by an n-gram model:

While these results are promising, we did notice that a large number of observed
expressions are assigned 0 probability by our model. An important reason for
this was situations where the predictor was forced to give up due to insufficient
training data. Improved handling of this situation will greatly improve our
prediction accuracy.

Conclusions

Our tests show that our method performs significantly better than an n-gram
model. This indicates that taking language semantics into account is useful for
code prediction systems.
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Previous Work: Programs are Token Sequences

Many  tools  stand  to  benefit  from  models  that  accurately  capture  the  
statistics  of  natural  programs.

Our Approach: Programs are Typed Syntax Trees

code completion  
engines

code compression  
engines

predictive user 
interfaces

2. A General Modeling Framework        

view ( favorite ) ;

enum Planet { !
  MERCURY, !
  VENUS, !
  …,!
  NEPTUNE !
}

class Astronomer {!
  void view(Planet p) { … }!
}

class Sagan extends Astronomer {!
  void beforeBed() {!
    view(favorite);!
  }!
!
  Planet favorite = Planet.NEPTUNE;!
}

Choosing  the  right  representation  for  programs  is  important  
because  it  determines  what  information  is  available  to  models.

Running Example

Previous  work  has  considered  only  tokenized  representations  of  
programs.  This  makes  it  possible  to  borrow  techniques  from  the  
vast  literature  on  natural  language  processing.

call Sagan.view : void

But  programs,  unlike  natural  sentences,  are  objects  of  a  synthetic  
formal  system  specified  by  a  well-‐‑defined  grammar  and  typing  
rules.  We  are  developing  models  that  assign  probabilities  to  
these  mathematical  objects  —  typed  syntax  trees  —  directly.  
	   
This  choice  makes  it  easier  to  structure  our  models,  incorporate  
information  available  during  parsing  and  type  checking,  and  
ensure  that  only  valid  expressions  have  non-‐‑zero  probability.

var this : Sagan

var this : Sagan

field Sagan.favorite : Planet

The  probability  distribution  we  are  interested  in  is:  

4. Implementation

target

args

target

This  factorization  can  be  understood  as  a  Bayesian  network:

3. A Statistical Model of Java Expressions

✦ An  expression  can  have  the  role  of:  a  top-‐‑level  statement,  an  argument  
to  a  method  call,  the  target  of  a  dot  operation  (e.x),  the  right-‐‑hand  side  of  
an  assignment,  or  some  other  role.  

✦ The  typing context  tracks  the  types  of  local  variables,  the  classes  and  
interfaces  that  have  been  imported,  their  inheritance  relationships  and  
the  type  signatures  of  their  methods  and  fields.

It  is  easier  to  write  down  this  distribution  if  we  consider  different  forms  of  
expressions  separately.  We  combine  them  by  marginalizing  over  the  form,  
under  the  assumption  that  it  is  independent  of  the  typing  context.

To  build  an  initial  model  of  Java  expressions,  we  made  the  following  choices:
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expression type role typing context

The  role  of  an  expression  considers  the  placement  of  e  within  its  parent  term.    
The  typing context  tracks  contextual  information  used  by  the  typechecker,    
such  as  the  types  of  the  variables  in  scope  and  signatures  of  other  constructs.

✦ The  distribution  of  forms  is  determined  empirically.  Here,                indicates  a  
count  parameter:  the  number  of  expressions  in  the  training  set  that  have  
the  specified  characteristics,  summing  over  omiOed  characteristics.
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{m|m : ⌧1, . . . , tn ! ⌧ ^#{m,meth, ⌧, ⇢} = 0}

• And V (�, ⌧) is the set of variables of in scope with type ⌧

Implementation

We implemented our method as a plugin to the Eclipse IDE utilizing the JDT
(Java Development Tools) library. This allows us to use Eclipse’s Java parser
and typechecker, and gives us accesss to functions for walking through Java
source code that make it easier to collect the statistics we need.

We compared our results to probabilities generated using an n-gram model,
with n = 3. The n-grams were generated using a version of the CMU Language
Modeling Toolkit and the probabilities were computing using various Python
scripts.

Results

We tested our predictor using ten-fold cross validation on a few open source
projects and measured the average probability of the observed expression ac-
cording to our model. We compared this to the average probabilities given as
by an n-gram model:

While these results are promising, we did notice that a large number of observed
expressions are assigned 0 probability by our model. An important reason for
this was situations where the predictor was forced to give up due to insufficient
training data. Improved handling of this situation will greatly improve our
prediction accuracy.

Conclusions

Our tests show that our method performs significantly better than an n-gram
model. This indicates that taking language semantics into account is useful for
code prediction systems.

References

[1] A. Hindle, E. T. Barr, Z. Su, M. Gabel, and P. Devanbu. On the naturalness of software. In
Software Engineering (ICSE), 2012 34th International Conference on, pages 837–847. IEEE,
2012.

[2] T. T. Nguyen, A. T. Nguyen, H. A. Nguyen, and T. N. Nguyen. A statistical semantic language
model for source code. In Proceedings of the 2013 9th Joint Meeting on Foundations of

Software Engineering, ESEC/FSE 2013, pages 532–542, New York, NY, USA, 2013. ACM.

Acknowledgement

The n-gram model used for comparison was from: Hindle, Abram, et al. "On
the naturalness of software." (ICSE 2012)
Thanks to Rachel Aurand for portions of the n-gram implementation

✦ The  form-‐‑specific  distributions  are  designed  by  taking  into  account  the    
semantics  of  each  form.  For  example,  

¡ n-‐‑grams  (Hindle  et  al,  ICSE  2012)  
¡ topic  modeling  +  part  of  speech  analysis    
(Nguyen  et  al.,  FSE  2013)

StatisticalModelingofTypedSyntaxTrees

Cyrus Omar, Salil Joshi, Flávio Cruz

{comar, salilj, fmfernan}@cs.cmu.edu

Motivation

Many kinds of tools can benefit from better models of the statistical structure
of the code that developers write:
• Code completion engines in source code editors
• Code compression engines for sending programs over the network
• Predictive interfaces for conveying commands via devices with limited

bandwidth (e.g. mobile phones, wearable computers like Google Glass, or
rehabilitative interfaces like Stephen Hawking uses)
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• SLAMC associates additional semantic information (available during lex-
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and can neglect, or consider only in an ad hoc manner, non-local structural or
semantic regularities.

To avoid these limitations, we investigate models where probabil-

ities are assigned to typed syntax trees directly.
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• a typing context, �, that tracks the signatures of variables, fields, methods

and classes/interfaces in scope
• structural contexts ⇢ 2 {stmt,asgn,arg,other}, representing expressions
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Implementation

We implemented our method as a plugin to the Eclipse IDE utilizing the JDT
(Java Development Tools) library. This allows us to use Eclipse’s Java parser
and typechecker, and gives us accesss to functions for walking through Java
source code that make it easier to collect the statistics we need.

We compared our results to probabilities generated using an n-gram model,
with n = 3. The n-grams were generated using a version of the CMU Language
Modeling Toolkit and the probabilities were computing using various Python
scripts.

Results

We tested our predictor using ten-fold cross validation on a few open source
projects and measured the average probability of the observed expression ac-
cording to our model. We compared this to the average probabilities given as
by an n-gram model:

While these results are promising, we did notice that a large number of observed
expressions are assigned 0 probability by our model. An important reason for
this was situations where the predictor was forced to give up due to insufficient
training data. Improved handling of this situation will greatly improve our
prediction accuracy.

Conclusions

Our tests show that our method performs significantly better than an n-gram
model. This indicates that taking language semantics into account is useful for
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Variables  are  drawn  from  a  uniform  distribution  
over  all  variables  of  the  right  type  in  scope.

Numeric  literals  are  drawn  from  a  double  exponential  (Laplace)  distribution  with  additional  weight  given  to  
literals  seen  in  the  training  corpus.

Field  accesses  are  drawn  by  independently  considering  the  target  expression  and  then  drawing  from  a  uniform  
distribution  over  its  fields  with  additional  weight  given  to  fields  seen  during  training.
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{m|m : ⌧1, . . . , tn ! ⌧ ^#{m,meth, ⌧, ⇢} = 0}

• And V (�, ⌧) is the set of variables of in scope with type ⌧

Implementation

We implemented our method as a plugin to the Eclipse IDE utilizing the JDT
(Java Development Tools) library. This allows us to use Eclipse’s Java parser
and typechecker, and gives us accesss to functions for walking through Java
source code that make it easier to collect the statistics we need.

We compared our results to probabilities generated using an n-gram model,
with n = 3. The n-grams were generated using a version of the CMU Language
Modeling Toolkit and the probabilities were computing using various Python
scripts.

Results

We tested our predictor using ten-fold cross validation on a few open source
projects and measured the average probability of the observed expression ac-
cording to our model. We compared this to the average probabilities given as
by an n-gram model:

While these results are promising, we did notice that a large number of observed
expressions are assigned 0 probability by our model. An important reason for
this was situations where the predictor was forced to give up due to insufficient
training data. Improved handling of this situation will greatly improve our
prediction accuracy.

Conclusions

Our tests show that our method performs significantly better than an n-gram
model. This indicates that taking language semantics into account is useful for
code prediction systems.
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Other  forms  follow  similar  paOerns:  subexpressions  are  considered  mutually  independent  and  observations  in  the  
training  corpus  increase  the  weight  of  an  expression  against  to  a  simple/uniform  baseline  distribution.
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Motivation

Many kinds of tools can benefit from better models of the statistical structure
of the code that developers write:
• Code completion engines in source code editors
• Code compression engines for sending programs over the network
• Predictive interfaces for conveying commands via devices with limited

bandwidth (e.g. mobile phones, wearable computers like Google Glass, or
rehabilitative interfaces like Stephen Hawking uses)

• Automated bug fixing tools that aim to restrict their search space to
consider only seemingly “natural” code patches

Previous Work: Token Sequences

Previous work has represented source code as a sequence of tokens, so that
natural language modeling techniques can be repurposed to assign probabilities
to program tokens conditioned on their surrounding tokens:

• n-gram models use observed frequencies conditioned on the n (typically
3-15) preceding tokens [1]

• SLAMC associates additional semantic information (available during lex-
ing) with tokens, and uses several topic modeling techniques [2]

Our Work: Typed Syntax Trees

Token sequences are unstructured representations of mathematical objects with
a rich structure and semantics: typed syntax trees. As a result, these meth-
ods often assign non-zero probabilities to malformed and ill-typed programs,
and can neglect, or consider only in an ad hoc manner, non-local structural or
semantic regularities.

To avoid these limitations, we investigate models where probabil-

ities are assigned to typed syntax trees directly.

Example

hi

A Language-General Framework

Type (⌧)

%% ++
Form (�) // Expression (e)

Role (⇢)
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Typing Context (�)

OO

Our objective is to learn P(e|⌧, ⇢,�), the probability of an expression, e, given
its type, ⌧ , the surrounding typing context, �, which tracks the signatures of
names in scope, and the structural context, ⇢, which captures information about
how e is being used (e.g. whether e is the guard of a conditional, an argument
to a function, etc.).

To make the model tractable, we will marginalize over a random variable
representing the form of e, written �:

P(e|⌧, ⇢,�) =
X

�2�

P(e|�, ⌧, ⇢,�)P(�|⌧, ⇢)

A Statistical Model of Java

To develop a simple model of Java within this conceptual framework, we will
consider:

• both primitive types (e.g. int) and classes
• a typing context, �, that tracks the signatures of variables, fields, methods

and classes/interfaces in scope
• structural contexts ⇢ 2 {stmt,asgn,arg,other}, representing expressions

appearing at the top-level, as the right side of an assignment statement,
as an argument to a method or in any other context

• forms � = {lit,meth,var}, representing literals (for primitive numeric
types, strings and enums), method calls and variables, respectively.
TODO: elaborate

Form-Specific Distributions

where
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Here,
• M(e) = (e ⌘ o.m(e1, . . . , en)) ^ � ` o : ⌧0 ^ ⌧0.m : ⌧1, . . . , ⌧n ! ⌧

• M(�, ⌧) is the set of unused methods with return type ⌧ :
{m|m : ⌧1, . . . , tn ! ⌧ ^#{m,meth, ⌧, ⇢} = 0}

• And V (�, ⌧) is the set of variables of in scope with type ⌧

Implementation

We implemented our method as a plugin to the Eclipse IDE utilizing the JDT
(Java Development Tools) library. This allows us to use Eclipse’s Java parser
and typechecker, and gives us accesss to functions for walking through Java
source code that make it easier to collect the statistics we need.

We compared our results to probabilities generated using an n-gram model,
with n = 3. The n-grams were generated using a version of the CMU Language
Modeling Toolkit and the probabilities were computing using various Python
scripts.

Results

We tested our predictor using ten-fold cross validation on a few open source
projects and measured the average probability of the observed expression ac-
cording to our model. We compared this to the average probabilities given as
by an n-gram model:

While these results are promising, we did notice that a large number of observed
expressions are assigned 0 probability by our model. An important reason for
this was situations where the predictor was forced to give up due to insufficient
training data. Improved handling of this situation will greatly improve our
prediction accuracy.

Conclusions

Our tests show that our method performs significantly better than an n-gram
model. This indicates that taking language semantics into account is useful for
code prediction systems.
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We  are  implementing  our  statistical  
model  of  Java  using  the  Eclipse  JDT,  
which  performs  the  necessary  parsing  
and  tracking  of  the  typing  context,  and  
will  serve  as  the  basis  of  future  
applications.    
!
This  project  is  called  Syzygy  and  our  
current  codebase  is  openly  developed  
and  licensed  on  Github:    
!
        http://github.com/cyrus-/syzygy  

To  test  our  implementation,  we  
perform  10-‐‑fold  cross-‐‑validation  of  
our  model  on  a  corpus  of  several  large  
open  source  projects  wriOen  in  Java.    
!
Each  expression  in  these  projects  is  
compared  to  a  3-‐‑gram  model  such  as  
that  used  in  Hindle  et  al.,  2012.    
!
In  the  future,  we  will  be  performing  
comparisons  on  a  larger  array  of  
competing  models.

5. Training and Testing 6. Results

Defining  and  parameterizing  the  conditional  distribution  functions  for  the  
form  and  expression  determine  a  particular  language  model.
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natural language modeling techniques can be repurposed to assign probabilities
to program tokens conditioned on their surrounding tokens:
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To develop a simple model of Java within this conceptual framework, we will
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source code that make it easier to collect the statistics we need.

We compared our results to probabilities generated using an n-gram model,
with n = 3. The n-grams were generated using a version of the CMU Language
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expressions are assigned 0 probability by our model. An important reason for
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