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Synthesizing programs from examples

GP is for synthesizing programs from examples (input-output pairs, tests)

@ A natural means of expressing user's intent

However:

@ No guarantee of correctness.
The sample of training examples must be large enough to facilitate generalization.
o Curse of dimensionality

@ No formal theory of generalization, e.g., PAC-like (Probably Approximately Correct,
Valiant 1984)

Correctness is essential in safety-critical systems, security, transportation, ...
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Synthesizing programs from specifications

The alternative: Spec-based synthesis
o Programs are being synthesized from a contract

o Contract = a pair of logical clauses specifying the desired behavior of the program
by constraining its inputs and outputs

o pre(in) — precondition, constrains the input to the program.
eg. im>0 A inp>0
@ post(in, out) — postcondition, constrains the corresponding output.
e.g. out > iny A out > iny A (out = in1 V out = im)
Contracts can be turned into satisfiability problems and fed into a SAT/SMT solver to

perform synthesis:
3pVin : pre(in) = post(in, p(in))
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Satisfiability Modulo Theories (SMT) Solvers

Answer the question: Is the given logical formula satisfiable under the theory T, which
defines semantics of a certain set of functions?

Examples: T = QF_LIA (Quantifier-Free Linear Integer Arithmetic)

Variables: x,y,z € Z, a € {false, true}

(10-x=20) A a
SAT: x =2, a= true

(x<y) AN (y<z) A (z<x)
UNSAT

(x<y) Ay<2) A (z25x)
SAT: x=0, y=0, z=0
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Spec-based synthesis

Contracts can be turned into satisfiability problems and fed into a SAT/SMT solver to
perform synthesis:

3,Vin : pre(in) = post(in, p(in))
Pros:

@ The synthesized program is provably correct.

Cons:

@ High computational cost (satisfiability is NP-complete)

Can we use GP to guide spec-based synthesis?
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Counterexample-Driven Genetic Programming (CDGP)

Use GP as program generator and employ program verification.

Vin : pre(in) = post(in, p(in))

Equivalently:
Jin : pre(in) =~ post(in, p(in))

Problem: SMT solvers provide only binary feedback on a given program.

o Not useful for guiding search.
How to elicit fine-grained fitness from verification? \
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Counterexample-Driven Genetic Programming (CDGP)

Use counterexamples.

@ Counterexample = (in,out) pair returned by a solver together with ‘SAT’

In evaluation phase:

@ Verify programs and collect the resulting counterexamples

o Calculate programs’ fitness on the collected counterexamples

GP
search

Counterexample-Driven Genetic Programming

Program
Testing
Fitness
All passed?
Verification
Counterexample
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CDGP (conservative variant)

1. procedure CDEVAL(P, T, (pre, post))
2 T+ 0

3 for all p € P do

4 p.eval < EvVAL(p, T¢)

5: if p.eval =|T,| then

6: ¢ « VERIFY(p, (pre, post))
7 if ¢ = UNSAT then return p
8
9

else
T« TU{c}
10: end if
11: end if
12: end for

13: return (P, T.UT)
14: end procedure
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CDGP (conservative variant)

1. procedure CDEVAL(P, T, (pre, post))
2 T+ 0

3 for all p € P do

4 p.eval < EvVAL(p, T¢)

5: if p.eval =|T,| then

6: ¢ « VERIFY(p, (pre, post))
7 if ¢ = UNSAT then return p
8
9

else
T« TU{c}
10: end if
11: end if
12: end for

13: return (P, T.UT)
14: end procedure

@ T, updated once per generation.
o With growth of T, evaluation becomes more fine-grained.

o T is a set = duplicates are eliminated.

Counterexample-Driven Genetic Programming K. Krawiec, |. Btadek, J. Swan 9



CDGP (non-conservative variant)

1. procedure CDEVAL(P, T, (pre, post))
2 T« 0

3 for all p € P do

4 p.eval < EvVAL(p, T¢)

5:

6 ¢ < VERIFY(p, (pre, post))
7 if ¢ = UNSAT then return p
8 else

9 T+ TU{c}

10: end if

11:

12: end for

13: return (P, T.UT)
14: end procedure

o Verifies all evaluated programs.
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Related work

@ Model-checking in fitness function, applied to synthesize a state-machine controller
for a vending machine (Johnson 2007)

o Competitive coevolution of programs with tests (Arcuri & Yao 2007)
o Combining model-checking and GP (Katz & Peled, 2008, 2016)

o Incorporating formal approaches in Genetic Improvement (Burles et al. 2015, Kocsis
et al. 2016, Kocsis & Swan 2017)
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Goal: Assess CDGP on a range of spec-based synthesis benchmarks.

Benchmarks from the Syntax Guided Synthesis (SyGuS) competition
o Signature: 1" — I
@ SMT Theory: Linear Integer Arithmetic (LIA)

I ::=I+I|I-I]| iteB,I,I) | -1 10111 wv | ... Vi
B ::= and(B,B) | or(B,B) | not(B) | B =B
| IKI | I<=I|I=II>TI]|I>I

Name Arity  Semantics

CountPos 2,3  The number of positive arguments

IsSeries 3 Do arguments form an arithmetic series?

IsSorted 4 Are arguments in ascending order?

Max 2,4  The maximum of arguments

Median 3 The median of arguments

Range 3 The range of arguments

Search 2,4  The index of an argument

Sum 2,4  The sum of arguments
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Compared methods:
o Conservative CDGP

@ Non-conservative CDGP
o Baseline: GPR: Are random tests are better than counterexamples?

o Like conservative CDGP, but collects random tests in T., drawn uniformly from
(—100, 100)"

The archive T. may grow slowly, so we consider also:
o Steady-state algorithm (to add tests more frequently)

@ Lexicase selection (to improve diversity)

Some details on setup:
o T. allowed to grow indefinitely
o Doubled population size for GPR (1000)

https://github.com/kkrawiec/CDGP
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Results (budget = 100 generations)

Success rate:

CDGP non-conservative CDGP conservative GPR
Generational Steady-state Generational ~ Steady-state Generational Steady-state
Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex

CountPos2 1.00 1.00 1.00 1.00 093 1.00 0.83 1.00 0.97 1.00 0.97 1.00
CountPos3 0.77 1.00 0.60 1.00 0.07 0.63 0.03 0.53 0.40 1.00 0.27 1.00

IsSeries3 0.43 1.00 0.43 1.00 037 1.00 053 0.93 0.00 1.00 0.20 0.00
IsSorted4 0.70 1.00 0.67 1.00 027 0.77 033 0.93 0.43 1.00 0.33 0.57
Max2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Max4 0.83 1.00 0.97 1.00 023 097 020 093 1.00 1.00 0.93 1.00
Median3 0.83 1.00 0.73 1.00 020 0.80 0.10 0.87 0.80 1.00 0.80 1.00
Range3 0.47 1.00 0.53 1.00 033 0.87 0.17 0.70 0.80 1.00 0.67 0.92
Search2 1.00 1.00 1.00 1.00 073 0.97 0.63 1.00 0.57 1.00 0.47 0.65
Search4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sum?2 0.77 1.00 0.73 1.00 0.10 0.27 020 0.23 0.67 1.00 0.75 1.00
Sumé4 0.00 0.12 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Time:
CDGP non-conservative CDGP conservative GPR
Generational Steady-state Generational Steady-state Generational Steady-state
Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex

CountPos2 37.4 14.7 73.7 49.8 6.5 7.3 304 311 263.0 636.5 2070.3 3157.1
CountPos3  341.2 98.7 597.7 505.4 39.2 86.7 76.1 2815 2587.7 43045 5102.4 8048.3
IsSeries3 201.4 37.7 4476 229.4 20.1 203 48.2 110.0 783.8 66255.9 2556.3 86402.5
IsSorted4 224.0 77.7 675.4 890.8 29.6 123.6 77.5 179.9 1213.2 13462.2 4256.9 55551.4

Max2 6.0 5.6 29.7 26.9 2.4 28 224 223 16.5 148.2 1532.4 1625.0
Max4 433.8 86.3 1136.2 908.2 336 713 732 1921 367.2 353.2 2333.0 4383.1
Median3 274.7 825 661.7 555.0 345 894 704 2298 7317 788.4 2743.3 41435
Range3 579.5 100.6  934.9 587.0 235 37.1 56.6 158.0 991.0 3466.8 2528.4 20216.0
Search2 109.6 17.9 2243 90.4 129 143 409 63.8 1218.2 11198.3 3503.4 44266.3
Search4 1326.8 23643.2 1990.8 54181.6 36.7 199.6 715 861.9 1539.3 67320.7 2392.8 86402.4
Sum2 151.6 48.5 3953 3309 237 923 51.6 209.9 1049.9 4946.0 2583.9 16110.5
Sumé4 5567.0 32720.5 7527.6 50260.7 36.8 224.7 77.6 547.2 1952.0 75752 3733.3 22180.8
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Results (budget = time)

Success rate:

CDGP non-conservative

Generational

Steady-state

CDGP conservative

Generational

Steady-state

GPR

Generational

Steady-state

Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex
CountPos2 1.00 1.00 1.00 1.00 1.00 1.00 0.97 0.97 0.83 0.60 0.00 0.00
CountPos3 0.80 1.00 0.63 1.00 0.67 0.97 0.60 0.87 0.13 0.67 0.00 0.00
IsSeries3 0.93 1.00 0.73 1.00 090 1.00 0.97 0.97 0.27 0.00 0.03 0.00
IsSorted4 0.97 1.00 0.90 097 097 100 097 0093 0.50 0.03 0.07 0.00
Max2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.93 0.03 0.00
Max4 0.83 1.00 0.33 063 100 100 097 1.00 0.83 0.90 0.00 0.00
Median3 0.83 1.00 0.70 0.73 083 100 067 0093 0.77 0.97 0.00 0.00
Range3 0.73 1.00 0.73 097 063 100 063 083 0.50 0.53 0.07 0.00
Search2 1.00 1.00 1.00 1.00 1.00 1.00 097 1.00 0.60 0.10 0.00 0.00
Search4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sum?2 0.97 1.00 1.00 1.00 050 043 0.13 027 0.43 0.10 0.20 0.03
Sum4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Size of T¢:
CDGP non-conservative CDGP conservative GPR

Generational Steady-state  Generational Steady-state  Generational Steady-state

Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex Tour Lex
CountPos2 60.6 55.9 59.2 482 249 231 241 247 1018.0 990.8 988.3 986.6
CountPos3  429.6 305.3 4434 2833 53.0 56.6 545 57.1 1000.1 1041.2 1000.0 999.9
IsSeries3 335.4 2624 361.7 2188 40.6 459 37.3 447 1109.4 1027.2 1001.3 1000.8
IsSorted4 7539 5208 6475 409.1 648 755 60.7 741 1837.9 1000.0 1006.3 1000.0
Max2 36.5 41.4 30.2 28.2 246 236 232 233 987.6 988.6 987.9 987.7
Max4 10925 6742 8475 6859 63.7 609 63.7 726 1077.2 1074.5 1000.0 1000.0
Median3 4741 2885 371.2 290.3 51.1 544 512 550 1023.1 1086.5 1000.0 999.9
Range3 527.9 277.0 4823 2747 39.6 429 39.6 41.1 1050.0 1007.3 999.9 999.9
Search2 143.1 1085 149.7 104.0 29.1 299 286 29.1 1003.2 999.9 999.9 999.9
Search4 1137.3 8059 9833 578.8 851 237.3 77.0 78.0 1000.0 1000.0 1000.0 1000.0
Sum?2 396.5 286.0 303.0 2737 347 352 311 311 991.8 987.7 990.3 989.0
Sum4 1625.3 4045.1 1183.8 1362.7 525 859 554 70.7 1000.0 1000.0 1000.0 1000.0
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Experiment summary

Major observations:

@ Overall winner: CDGP conservative + generational + lexicase
@ Both CDGP variants better than GPR time-wise, despite:

e using a costly SMT solver
o working with fewer tests (dozens/hundreds vs. roughly 1000)

o Counterexamples more useful than random tests.

o They identify informative weak points of candidate programs.

Minor observations:

o Conservative (almost) on par with non-conservative when given the same time, but
not so when given the same number of generations

o Too few tests collected?
o Generational better than steady-state (particularly when budget=time)
o Additional cost of evaluation on the newly created tests

o Lexicase better than tournament selection = Inspecting per-test behavior helpful.
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Discussion

Observations:
@ Relation to test-driven development.

o CDGP gradually transforms a spec-based problem into a test-based problem.

Broader context:
@ A generic way of eliciting gradient from search problems.

@ SMT solvers as a means of making GP better informed.

Potential extensions:
o Seeding search process with examples
@ Problems with partial specifications

@ Search operators informed by verification outcomes

Long-term goal:
Make CDGP more efficient than the conventional spec-based synthesis methods.
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Conclusions

Take-home messages:

@ GP can be used for specification-based synthesis and produce
provably correct programs.

@ A whole gamut of new application areas and research directions.
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Conclusions

Thank You
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SMT Solvers

SMT Solver — checks satisfiability of formulas modulo the given theory.
o CVC4, MathSAT, Z3, ...

@ SMT-LIB — standardized language for interacting with solvers

Specification of 4-ary max function in SMT-LIB:

(set-logic LIA)
(synth-fun max4 ((x Int) (y Int) (z Int) (w Int)) Int)

(declare-var x Int)
(declare-var y Int)
(declare-var z Int)
(declare-var w Int)

(constraint (>= (max4 x y z w) x))
(constraint (>= (max4 x y z w) y))
(constraint (>= (max4 x y z w) z))
(constraint (>= (max4 x y z w) w))

(constraint (or (= x (max4 x y z w))
(or (=y (max4 x y z w))
(or (= 2z (max4 x y z w))
(=w (max4 x y z w))))))
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