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1. Search order is critical
2. Desire optimal solutions

x+x+x+x

x << 2

Counterexample-guided inductive synthesis [Solar-Lezama et al, 2006]
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≼

≼
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≼
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2. cost function (κ)𝓢

3. gradient function (g)𝓢
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≼Always sound for g to 
return all of 𝓢 if a tighter 
bound is unavailable.

g(c) always being finite is 
sufficient (not necessary) 
to guarantee termination.
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Is Synapse a practical approach to solving different kinds of 
synthesis problems? 

Approximate computing, array programs

Can Synapse reason about complex cost functions?

In the paper: 
• Parallel speedup 
• Optimizations (structure constraints, sharing) 
• More kinds of problems 
• More complex cost functions

Evaluation questions
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Synapse: 349 bytes 
SyGuS: 7.1 MB

Array Search benchmarks from the syntax-guided synthesis (SyGuS)  
competition [Alur et al., 2015] 

arraysearch-n: find program that searches lists of length n
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κ(P)  = 
X

i

|P (xi)� yi|
Classification error executes 
the program for each point in 
the training set
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