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✔

building a practical synthesizer is hard …

f(x) = 4*x

1. pick the right search strategy
2. find the best correct program

✔

def f(x):  
  return x >> 2

Existing tools hardcode both the search 
strategy and cost metric (if any), so are 
difficult to reuse for new domains.

Metasketches are a new way to express 
synthesis problems, making the search 
strategy and the cost function explicit 
in the problem definition.
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1. structured candidate space (𝓢, ≼)

2. cost function (κ)

3. gradient function (g)
‣ g :  ℝ → 2𝓢

‣ g(c) is the set of all sketches in 𝓢 that 
may contain a program P with κ(P) < c

14

κ(P) = i for P ∈ Si ∈ 𝓢 

𝓢, ≼ (SSA with iterative deepening)

g(c) = { Si ∈ 𝓢 | i < c }

The gradient function g overapproximates 
the behavior of κ on 𝓢. 

It is always sound to return the trivial 
gradient g(c) = 𝓢.
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19

Finds the cheapest program that 
approximates a given reference program 
with respect to an application-specific 
error bound.
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synapse can solve new classes of problems 

19

Finds the cheapest program that 
approximates a given reference program 
with respect to an application-specific 
error bound.

def inversek2j(float x, float y): 
  th2 = acos(((x*x) + (y*y) - 0.5) / 0.5) 
  th1 = asin((y * (0.5 + 0.5*cos(*th2)) -  
              0.5*x*sin(*th2)) /  
              (x*x + y*y)) 
  return th1
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Synapse: 349 bytes
SyGuS: 7.1 MB
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𝓢, ≼ :  a finite set of network topologies

κ(P) = ∑i |P(xi) - yi|
g(c) = 𝓢



thanks!http://synapse.uwplse.org

𝓢, ≼, κ, g

is this a cat? yes!

http://synapse.uwplse.org

