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Adapting Software Today: 
Human in the loop

specification

original implementation new implementation



Automatic Inference + Synthesis:
Verified Lifting

specification 

original implementation new implementation

domain-specific language for specifications



Case Study 1: Leveraging Databases
Java àSQL

List getUsersWithRoles () {
List users = this.userDao.getUsers(); 
List roles = this.roleDao.getRoles();    
List results = new ArrayList();
for (User u : users) {

for (Role r : roles) {
if (u.roleId == r.id)

results.add(u); 
}}

return results; }

List getUsersWithRoles () { 

return executeQuery(

"SELECT   u FROM users u, roles r

WHERE    u.roleId == r.id 

ORDER BY u.roleId, r.id"); }

Lifted code can be 
optimized by DBs

100-1000x speedup

Verified
Lifting

codegen

[PLDI 13, DE Bulletin 14]

1. Define ordered lists and their operations

2. Synthesizer infers 
spec from source

3. Retarget spec to databases



Case Study 2: Distributed Processing Frameworks
Sequential Java àHadoop

// sequential implementation
void regress(Point [] points) 
{

int SumXY = 0;
for(Point p : points){    
SumXY += p.x * p.y;

}
return SumXY;

}

void map(Object key, Point [] value) 
{  for(Point p : points)

emit("sumxy", p.x * p.y); }

void reduce(Text key, int [] values) 
{  int SumXY = 0;

for (Integer val : values)
SumXY = SumXY + val;

emit(key, SumXY); }

Lifted code can be 
optimized by Hadoop

6x speedup

SumXY = reduce(map(points, fm), fr)
fm(x,y)   = x * y
fr(v1,v2) = v1 + v2

Verified
Lifting

codegen

1. Define ordered lists and their operations

2. Synthesizer infers 
spec from source

3. Retarget spec to Hadoop



Case Study 3: Leveraging GPUs
Fortran àHalide

procedure sten(imin,imax,jmin,jmax,a,b) 
real,dim(imin:imax,jmin:jmax) :: a 
real,dim(imin:imax,jmin:jmax) :: b 
do j=jmin,jmax

t = b(imin, j) 
do i=imin+1,imax 
q = b(i,j) 
a(i,j) = q + t 
t=q 

enddo
enddo

end procedure 

int main() { 
ImageParam b(type_of<double>(),2); 

Func func; 

Var i, j; 

func(i,j) = b(i-1,j) + b(i,j); 

func.compile_to_file("ex1", b); 

return 0; 

} 

Lifted code can be 
executed on GPUs

17x speedup

lem, where it needs to discover, for example, that a complex
sequence of nested loops is actually implementing a simple
five point stencil. Recovering the original algorithm behind
a hand-optimized piece of low-level code is difficult to do
with traditional compiler technology. Instead, verified lifting
leverages inductive synthesis technology. The system makes
hypotheses by generalizing from observed behavior of the
code, and then tests the hypotheses by attempting to verify
them. By leveraging recent advances in inductive synthesis
and verification based on SAT/SMT solving, our system is
able to synthesize high-level representations from complex
real-world stencils in a matter of minutes in most cases.

The general technique of verified lifting was first proposed
by Cheung et al. in the context of database-backed applica-
tions [14]. In that context, the goal was to lift imperative code
performing data manipulations up to a high-level SQL query
that could then be implemented efficiently in the database.
Adapting the technique to stencil computations, however,
poses a number of new challenges which are addressed in
this paper. These challenges arise from the fact that the low-
level code we are targeting requires much more complex loop
invariants, making the synthesis and verification problems
fundamentally more difficult, and requiring new techniques
to solve them. For example, the largest stencil computation
for which we applied our system required it to automatically
infer five loop invariants each with five universally quantified
variables and 457 AST nodes.

We have implemented verified lifting for stencil com-
putations in a prototype called STNG, which can automat-
ically identify and find high-level summaries of stencils from
general-purpose code written in Fortran. The summaries are
expressed using a predicate language based on the theory of
arrays [10]. To demonstrate how the lifted summaries can
be used, STNG translates them into a high-performance sten-
cil DSL called Halide [43]. Translating the summaries to
Halide allows the stencil implementations to be automatically
parallelized and even ported to be executed on GPUs.

Overall, this paper makes the following contributions:

• We describe verified lifting of stencil computations, a
technique that combines recent advances in inductive syn-
thesis and verification to lift code in a low-level language
to its equivalent in a high-level predicate language.

• We describe inductive template generation, a new tech-
nique that uses combined concrete and symbolic execu-
tion of the original implementation to guide the search for
the high-level summary of the stencil and the invariants
necessary to prove it correct.

• We demonstrate the use of Skolemization and partial
Skolemization to make the synthesis of universally quan-
tified invariants tractable.

• We present our implementation of verified lifting in STNG,
which identifies stencils from Fortran code and lifts them
to summaries expressed in a predicate language. To show

procedure sten(imin,imax,jmin,jmax,a,b)

real (kind=8), dimension(imin:imax,jmin:jmax) :: a

real (kind=8), dimension(imin:imax,jmin:jmax) :: b

do j=jmin,jmax

t = b(imin, j)

do i=imin+1,imax

q = b(i,j)

a(i,j) = q + t

t = q

enddo

enddo

end procedure (a)
post(a, b) ⌘ 8imin+1  i  imax, jmin  j  jmax.

a(i,j) = b(i-1,j) + b(i,j)

(b)
invariant(a, b, j) ⌘ j  jmax+ 1 ^

8imin+1  i  imax, jmin  j0 < j.
a(i,j0) = b(i-1,j0) + b(i,j0)

(c)

int main() {

ImageParam b(type_of<double>(),2);

Func func; Var i, j;

func(i,j) = b(i-1,j) + b(i,j);

func.compile_to_file("ex1", b);

return �; }

(d)

Figure 1. Simplified stencil example. (a) Original Fortran
stencil function. (b) Synthesized postcondition. (c) Synthe-
sized outer loop invariant. (d) Halide program to create stencil
object file and header.

the benefits of lifting, STNG translates the summaries
into Halide, a high-performance DSL. By running the
Halide code on microbenchmarks, mini-apps, and real-
world applications, our results demonstrate that, combined
with autotuning, the translated Halide code can improve
performance by up to 17⇥ on non-trivial real-world
applications.

2. Overview
The input to the STNG compiler is Fortran code with stencil
kernels, and the output is Halide code for each of the stencils,
together with a new version of the original Fortran code that
has been modified to invoke the Halide generated implemen-
tations in place of its original kernels. The process of lifting
occurs in two steps: first, we discover a summary of the loop
nest that captures, in a mathematical formula, the changes
to the output arrays after the kernel has executed. We then
use this formula to generate code in the backend language
(Halide in this case).

To demonstrate STNG, we show how it lifts the simple
stencil shown in Figure 1(a). Though this example is simpler
than stencils used in real world code, it allows us to show
the issues that arise in lifting low-level code to a high-level
predicate language.
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putations in a prototype called STNG, which can automat-
ically identify and find high-level summaries of stencils from
general-purpose code written in Fortran. The summaries are
expressed using a predicate language based on the theory of
arrays [10]. To demonstrate how the lifted summaries can
be used, STNG translates them into a high-performance sten-
cil DSL called Halide [43]. Translating the summaries to
Halide allows the stencil implementations to be automatically
parallelized and even ported to be executed on GPUs.

Overall, this paper makes the following contributions:

• We describe verified lifting of stencil computations, a
technique that combines recent advances in inductive syn-
thesis and verification to lift code in a low-level language
to its equivalent in a high-level predicate language.

• We describe inductive template generation, a new tech-
nique that uses combined concrete and symbolic execu-
tion of the original implementation to guide the search for
the high-level summary of the stencil and the invariants
necessary to prove it correct.

• We demonstrate the use of Skolemization and partial
Skolemization to make the synthesis of universally quan-
tified invariants tractable.

• We present our implementation of verified lifting in STNG,
which identifies stencils from Fortran code and lifts them
to summaries expressed in a predicate language. To show

procedure sten(imin,imax,jmin,jmax,a,b)

real (kind=8), dimension(imin:imax,jmin:jmax) :: a

real (kind=8), dimension(imin:imax,jmin:jmax) :: b

do j=jmin,jmax

t = b(imin, j)

do i=imin+1,imax

q = b(i,j)

a(i,j) = q + t

t = q

enddo

enddo

end procedure (a)
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int main() {

ImageParam b(type_of<double>(),2);

Func func; Var i, j;

func(i,j) = b(i-1,j) + b(i,j);

func.compile_to_file("ex1", b);
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Figure 1. Simplified stencil example. (a) Original Fortran
stencil function. (b) Synthesized postcondition. (c) Synthe-
sized outer loop invariant. (d) Halide program to create stencil
object file and header.

the benefits of lifting, STNG translates the summaries
into Halide, a high-performance DSL. By running the
Halide code on microbenchmarks, mini-apps, and real-
world applications, our results demonstrate that, combined
with autotuning, the translated Halide code can improve
performance by up to 17⇥ on non-trivial real-world
applications.

2. Overview
The input to the STNG compiler is Fortran code with stencil
kernels, and the output is Halide code for each of the stencils,
together with a new version of the original Fortran code that
has been modified to invoke the Halide generated implemen-
tations in place of its original kernels. The process of lifting
occurs in two steps: first, we discover a summary of the loop
nest that captures, in a mathematical formula, the changes
to the output arrays after the kernel has executed. We then
use this formula to generate code in the backend language
(Halide in this case).

To demonstrate STNG, we show how it lifts the simple
stencil shown in Figure 1(a). Though this example is simpler
than stencils used in real world code, it allows us to show
the issues that arise in lifting low-level code to a high-level
predicate language.
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[SNAPL 15, PLDI 16]

Verified Lifting

codegen

1. Define DSL based on theory of arrays

2. Synthesizer infers 
spec from source

3. Retarget spec to GPU



void flowlet (Packet p) {
p.new_hop = hash3(p.sport, p.dport,   

p.arrival) % HOPS;
p.id = hash2(p.sport, p.dport) % FLOWS;

if (p.arrival – last_time[p.id] > 
THRESHOLD) 

saved_hop[pkt.id] = p.new_hop;

...
}

Compile 10 data plane 
algorithms to HW + 

run at line rate

codegen

1. Define hardware building blocks as atoms

2. Synthesizer infers 
spec from source

3. Retarget spec to hardware

[under submission]

Conditionals Nested	conditionals
Read-Add-Write Paired	Updates
... ...

Verified Lifting

Case Study 4: 
Programmable Switches



Verified Lifting
• User provides a simple DSL

• Automatically infers clean spec from input

• Tool generates a compiler that adapts code to 
new implementation

• Applied technique to various domains
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