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We present an alternative to standard neural surrogate 
development: neural surrogate compilation.

A neural surrogate of a program is a neural network that 
approximates the behavior of a program.

We develop a neural surrogate compiler using a 
hypernetwork—a neural network that produces neural 
network weights as output [1].

Researchers train these neural surrogates by collecting 
I/O pairs from the program.

The CompNet Architecture

Neural Surrogates of Programs

Neural Surrogate Compilation

Datasets

A neural surrogate compiler takes a program as input 
and produces a neural surrogate of the given program.

To train neural surrogate compilers, we develop ExeStack, 
a dataset of executable programs from The Stack [2].
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We call this architecture CompNet.
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ExeStackCPN

Data Efficiency Improvements

Training Time Improvements

End-to-End Error Improvements

We evaluate whether CompNet-initialized surrogates 
improve test loss over random initialization, when 
finetuned on I/O pairs.  We compare to model-agnostic 
meta learning (MAML) [4] and pretrained surrogates.

We evaluate whether CompNets improve training time, 
when finetuned on I/O pairs.

We evaluate whether CompNets improve end-to-end 
error in a color quantization application.
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#define SQUARE(x) 
((x)*(x)) 

double f(double t) { 
return 123 * SQUARE(t); 

} 

float add( 
float x, float y) { 

return x + y; 
} 

float add( 
float x, float y 
){ return x+y; }

functions.c

float add( 
float x, float y 
){ return x+y; }

float add( 
float x, float y) { 

return x + y; 
}

double f(double t) { 
return 123 * ((t)*(t)); 

}
double f(double t) { 

return 123 * ((t)*(t)); 
} 

float add( 
float x, float y) { 

return x + y; 
} 

float add( 
float x, float y 
){ return x+y; } ❌
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1 Run C preprocessor
2 Extract functions
3 Remove functions with 

pointer and numeric types

4 Collect I/O pairs
5 Remove nondeterministic 

functions
6 Deduplicate

ExeStackCPN  ExeStack⊂
ParrotBenchCPN  ParrotBench [3]⊂

We further specialize ExeStack to ExeStackCPN for 
CompNets and develop ParrotBenchCPN to evaluate 
CompNets.
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Mean Squared Error

Structured Similarity Index Measure
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