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High-level constraint to CNF clauses

SMT solver SAT solver

High-level constraint CNF clauses
IV Vi t1VyoVTo Vi
msb  lsb y1\/33_1\/ﬂ E\/m
Y1 VI Vi ts Va1
yiVar Vi y1 Vo1 Vits
X y E\/tl 01\/5
ta Vo 01 Vi3
A (11 b)) E\/ZBO t2\/t3\/0_1
|s this the “best
encoding?
01V x1Vog 01V xg V oy,
01 VT1 Vo, 01V To Vo,
01 VY1 Vo 01 VYo V 02y
01 VY1V o 01 V Yo V 029,

x1 Vi Voo, o VYo V 02,

Goal: Synthesize better code for this translation



Criteria for a good encoding

Maximal propagation

SAT solvers use unit propagation to infer variable
assignments

Maximize what we learn through unit propagations
Fewer clauses
Fewer variables
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Composing encodings does not preserve optimality

YoV To Vi
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01V ToV 0y,
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01 VYo V 02,
To VYoV oz,
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Focus on
optimizing
encodings for
these patterns




How do we come
What patterns to up with “optimal”
target? encoding for a
pattern?

Do these encodings
actually improve the
performance?
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Related Work

Automatic Generation of Propagation Complete SAT
Encodings (vMmcAlI’16)

Algorithm configuration for solver parameters
Logic synthesis based SMT solvers
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Synthesis as a SyGus problem

Boolean predicate P — CNF clauses C

Template
Sketch

— (Correct program

(SyGus solver)

Specification —




Templates

Boolean predicate P — CNF clauses C
tl = true
t2 = true
for v from o1l:
o= 1T & x,1Y), T, — t3 = newVar
@( @ y) y) t4 = newVar
clause({x[i], yli], ofi]})
msbIsb clause({z[i], t1,t3})
clause({x[i], 2, o[i], t4})
N y clause({x[i], o[i], t3})
clause({z[1], yli], ol7]})
clause({z[i], 2, 0[i]})
clause({x[i], 12, t4})
clause({yli], 12, t4})
clause({yli], oli], 13})
clause({yli], t1,t3})
clause({yli], o[i], t3})
° clause({t1,t3})
clause({t1,o[i],t3})
clause({t2,t4})
clause({t3,t4})

t1 =13
t2 =t4



Templates

Boolean predicate P

0O = ITEN((GTNaxay)axvy)

msb lsb

—

—

tl = true
t2 = true

t3 = newVar
t4 = newVar

CNF clauses C

clause({zli], y[i], o[i]})
clause({x[i], t1,t3})
clause({x[i], 12, o[i], t4})
clause({z[t], o[i], t3})
clause({zld], y[i], o[i]})
clause({x:”&': ,12,0li]})
clause({xi], 12,t4})
clause({y[i], 12, t4})
clause({y:i: ,oi], t3})
clause({yli], t1,t3})
clause({y_i,_o_i], t3})
clause({t1,t3})
clause({t1, o[i], t3})
clause({t2,t4})
clause({t3,t4})

tl =13
t2 =t4



Templates

Boolean predicate P — CNF clauses C
tl = true
t2 = true
for it from N to1:
o=ITEN(GTN,x,y),x,y) _ t3 = newVar

t4 = newVar

msb lsb




Templates

Boolean predicate P

o=ITEN(GTN,z,y),x,y)

msb lsb

—

clause({x

-'1,_

CNF clauses C

|07“ ] lrom N to1:
M oli]})

,t1,£3})
12, 0li], t4})
clause({zi], oi], t3

clause({zi],
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clause({yli],

clause({yli], t1,

clause({y

clause({t1,t3})
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clause({t2,t4})
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Templates

t1 =77
t2 =77
P(z,y,0) —_— for i from 77 to 77 :

t3 = newVar

t4 = newVar

genClauses(x|i], yli|, o[t], 1,12, t3,t4)
tl1 =13

t2 =14



Synthesis as a SyGus problem

Boolean predicate P — CNF clauses C

Template

— (Correct program
Specification) — RSIASEEELY) Prog

Sketch




Specification

Boolean predicate P — CNF clauses C
Correctness: Vo. P(o) = C(0) o = variables assignment
d =ite(a,b,c) Ne =d a=Tb=T,c=F,d=T,e=T
aVeVd TV EFVE
aVeVd TVTVT
aVvbVvd FVTVF
avbvd rviEvr  Plo)=Clo)=T
bV eVd TV FVF
FVvT

dVe



Specification

Boolean predicate P — CNF clauses C

Correctness: Vo. P(c) = C(o) o = variables assignment

d =ite(a,b,c) Ne =d a=Fb=T,c=Fd=T,e=T

aVeVd FVEVEF
aVeVd FVTVT
aVvbVvd TVTVF

avbvd TVEVT Plo)=C(o)=F
bVeVd I'VEVE
bVEVd FVIVI
dVe I'vVFE
FNvT

dVe



Specification

Boolean predicate P — CNF clauses C

Maximal

Vo. satisfiabl P) —
Propagation 0. satisfiable(a, P)

d =ite(a,b,c) Ne =d b=T,c=T

acha
aVeVd

aVvbVvd
avbVvd
bVeVd
bvevd
dVe
dVe



Specification

Boolean predicate P — CNF clauses C

Maximal

Vo. satisfiabl P) =
Propagation 0. satisfiable(o, P)

Va;, b;. (forces(o, P,x;,b;)) —

d =ite(a,b,c) Ne =d b=T,c=T = e=T

acha
aVeVd

aVvbVvd
avbVvd
bVeVd
bvevd
dVe
dVe



Specification

Boolean predicate P —> CNF clauses C
5 Maxm#l Vo. satisfiable(o, P) —
ropagation Va;,b;. (forces(o, P,x;,b;) = UP(C,0) C extend(o,x;,b;))

d =ite(a,b,c) Ne =d b=T,c=T = e=T
aVeVd aVvTVd
aVecVd aV FVd
avbvd aVvTVd
avbVvd aVFVvd
bVeVd T d
bvevd
dVe e

dVe Ve



Specification

Boolean predicate P —> CNF clauses C
5 Maxm#l Vo. satisfiable(o, P) —
ropagation Vi, b;. (forces(o, P,x;,b;)) = UP(C,0o) C extend(o, x;,b;))

d =ite(a,b,c) Ne =d b=T,c=T,d=T = e=T
aVeVd aVI1lVF
aVeVd aV F\VT
aVvbvd aV1TVF
VRV TVTVF
_ FY EFVT
bVvVeVd
T Ve

3\/6



Specification

Boolean predicate P —> CNF clauses C
5 Maxm#l Vo. satisfiable(o, P) —
ropagation Va;,b;. (forces(o, P,x;,b;) = UP(C,0) C extend(o,x;,b;))

d =ite(a,b,c) Ne =d b=T.c=T,d=T,e=T = e=T
aVeVd aVI1lVF
aVeVd aV F\VT
aVvbvd aVITVF
by e\ d VTV F
_ FYVEVT
bVvVeVd
_ T Ve
dVe
F Ve

dVe



Specification

Boolean predicate P —> CNF clauses C
5 Maxm#l Vo. satisfiable(o, P) —
ropagation Va;,b;. (forces(o, P,x;,b;) = UP(C,0) C extend(o,x;,b;))

d =ite(a,b,c) Ne =d b=T.c=T,d=T,e=T = e=T
aVeVd aVI1lVF
aVeVd aV F\VT
aVvbvd aVITVF
by e\ d VTV F
_ FYVEVT
bVvVeVd
_ T Ve
dVe
F Ve

dVe



Specification

Boolean predicate P A CNF clauses C

b Mammql Vo. satisfiable(o, P) —>
ropagation Vi, b;. (forces(o, P,x;,b;)) = UP(C,0o) C extend(o, x;,b;))

Difficult for synthesis tools

to reason about

Is there a better specification for maximal
propagation?



Synthesis Friendly Spec

Boolean predicate P — CNF clauses C
1. Vo. satisfiable(o, P) = C'(o) # false

d =1ite(a,b,c) Ne =d b=T,c=T { is satisfiable
aVeVd aVTVd
aVeVd aV FVd
avbvd avTvVvd
aVvbVvd aVFvVvd { No false clauses
bVeVd TVTVd
bVeVvd FVFEFVd
dV e dVe

dVe dve



Synthesis Friendly Spec

Boolean predicate P — CNF clauses C

1. Vo. satisfiable(o, P) = C'(o) # false
2. Vo. maypropagate(o, P) = C'(o) has a unit clause

d = ite(a,b,c) Ne =d b:T,c:T{ Can propagate e to T

aVeVd aVvVTVd

aVevd aVFVvd

aVvbVvd avTVd

aVvbVvd aVFvVvd

bVeVd TVTVd

bvevd FVFVd { Has a unit clause
dVe dVe

a\/e E\/e



Synthesis Friendly Spec

Boolean predicate P — CNF clauses C

1. Vo. satisfiable(o, P) = C'(o) # false
2. Vo. maypropagate(o, P) = C'(o) has a unit clause

d =ite(a,b,c) Ne =d b=T,c=T,d=T
aVeVd aVTVF Can still propagate e to T
aVeVd aV F\VT
aVvbvd aVi1lVF
avbvd aVvEvT
by eV d T’'VvTVF
_ FNYEFNVT
bveVvd
_ 1T'Ve
dVe

FVe { Has a unit clause

dVe




Synthesis Friendly Spec

Boolean predicate P — CNF clauses C

1. Vo. satisfiable(o, P) = C'(o) # false
2. Vo. maypropagate(o, P) = C'(o) has a unit clause
3. Vo. unsatisfiable(o, P) = C(o) = false (or) C(o) has a unit clause

d =ite(a,b,c) Ne =d b=T,c=T,e=F
aVeVd aVvTVd Unsatisfiable
aVecVd aV FVd
avbvd avTVvd
avbVvd aVFVvd
bVeVd TVTVd
bvevd FVFVd

dve dvV T
TV e dV F { Has unit clauses




Synthesis Friendly Spec

Boolean predicate P — CNF clauses C

1. Vo. satisfiable(o, P) = C'(o) # false
2. Vo. maypropagate(o, P) = C'(o) has a unit clause
3. Vo. unsatisfiable(o, P) = C(o) = false (or) C(o) has a unit clause

d =ite(a,b,c) Ne =d b=T,c=T,e=Fd=F
aVeVd aVTVT Also unsatisfiable
aVeVd aV FV F
aVvbvd aViTVvT
bV eV d TV VT
_ FvV FVF
VeV d { Has a false clause
_ FVvT
dV e
TV F

dVe



Experimental setup

Integrated into CV(C4

/ domains from bit-vector category in SMT Comp’15
Sampled-~2000 patterns (size <= 5)

~2000 SyGus problems to solve

8 hours of auto-tuning per domain

On total, took 10-20 hours per domain with parallelism
of 30



Does this buy you anything?

domain specific
—
o
N

[
o
("

10°

CvC4a

* Excluding the benchmarks used for training



Solve more problems

Benchmark Family Solved by CVC4 > Our Solver

Log-slicing (79) 33> 62
ASP (365) 240 > 288
Mcm (61) 40> 43
Brummayerbiere2 (33) 28 > 29
Float (62) 59> 60
Brummayerbiere3 (40) 23> 24
Bruttomesso (676) 623 > 623

TOTAL 1046 > 1129



Solve more problems

Benchmark Family

Log-slicing (79)

ASP (365)

Mcm (61)
Brummayerbiere2 (33)
Float (62)
Brummayerbiere3 (40)
Bruttomesso (676)
TOTAL

Solved by CVC4 > Our Solver

33> 62

240 -»> 288
40> 43

28 - 29
59> 60
23> 24

623 > 623

1046 > 1129

83 more
problems in total




Solve more problems

Benchmark Family Solved by CVC4 > Our Solver

Log-slicing (79) 33> 62 53
ASP (365) 240 > 288 308
Mcm (61) 40> 43 39
Brummayerbiere2 (33) 28 - 29 33
Float (62) 59> 60 58
Brummayerbiere3 (40) 23> 24 32
Bruttomesso (776) 623 > 623 774

TOTAL 1046 > 1129 1297



Cross domain performance

Solver log- asp mcm brumma?2 |float brumma3 |brutto
Domain slicing
58 36 59 32 35 35

log-slicing 62

asp 227 288 227 236 240

mcm 39 38 43 39 39

brummaZ 29 28 28 29 * 29 29

float 57 57 5 60 0

brumma3 22 22 25 22 23 24 23

brutto 607 606 623 609 623 623 623
a >

Best Worst



Conclusion

A framework to generate the code for translating high-
level constraints to CNF

Combined synthesis with pattern finding and auto-tuning
to generate domain specific solvers

Significant performance improvement compared to CVC4

THANK YOU



Without auto-tuning

CVC4 with generated encodings
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