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1 - Introduction 2 - Our approach

Learning programs with numerical values is
fundamental to many applications.

Key idea: separate the search in two stages. Inspired by ALEPH’s lazy evaluation procedure [5].

1. program search: generate partial hypotheses with numerical variables in place of numerical
symbols: f(List) « length(List,Length), leqg(Length,N), @numerical(N)

2. humerical search: searches for numerical values to fill in the numerical variables.
(a) finds values for the intermediate variable Length given the positive and negative examples:

F* = {f([a,b,c,d,e]), f([l,n, t,n])} and E~ = {f([u, v, w]), f([r, s])}
Se+(Length) = {5,4} and Sg- (Length) = {3, 2}

[ .

zendo(Game) « piece(Game,Piecel),
contact(Piecel,Piece?),
size(Piece2,Size),geq(Size,7).
(b) translates the numerical search as a SMT formula: 5> NA4>NA=(3=>N)A-=(2>N)

(c) substitutes numerical variables with a solution to the SMT formula:
f(List) « length(List,Length), leg(Length,3)

pharma3(Mol) « zincsite(Mol,Zinc),
hacc(Mol,Hydro),
dist(Mol,Zinc,Hydro,Dist),
leq(Dist,3.58),geq(D,1.78).

pharma3(Mol) « hacc(Mol,Hydro1l),
hacc(Mol,Hydro?2),
dist(Mol,Hydro1,Hydro2,Dist),
leq(Dist,2.78),

4 - Experiment 1

S - Experiment 2

Q3 How well does NUMSYNTH scale with the
number of examples?

Q1 Can NUMSYNTH learn programs with nu-
merical values?

Q2 How well does NUMSYNTH perform com-
pared to other approaches?
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