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SEARCH 

 Search problem in language L 

 Given variables (+ domain) + constraints 

 Find a satisfying assignment 

 

 Search algorithm for L 

  Heuristics + Propagation (+ Learning) 

 

 Search typically concerned with “hard” problems 

 Complexity is bounded by L 

 For specific problem classes / encodings,  

  effective complexity can be lower! 



 Long history of research 

 Increase scalability 

 Decrease user-input 

 

 Aim of the talk 

 Illustrate advances in improving both aims 

 Current systems are Powerful but Complex 

   

 Take-away message: Do not reinvent the wheel! 

 



OUTLINE 

 Constraint Programming 

 CDCL SAT 

 SAT Modulo Theories 

 Answer Set Programming 

 Current day 

 

 Grounding 

 Static analysis 

 Dynamic analysis 

 Current day 

 

 Systems 

 Applications 



 

Constraint 

Constraint 

Constraint 

... 

Assignment 

Custom 

encoding 



 

a ~ b 

a+b+c+d ~ n 

alldifferent(a,b,c) 

... 

a = [1..5] 

b = 1 

... 

Custom 

encoding 



a ~ b 

a+b+c+d ~ n 

alldifferent(a,b,c) 

... 

a = [1..5] 

b = 1 

... 

Choice 
Propagate 

Propagate 

Propagate 

Propagate 

Custom 

encoding 

Backtrack 



CONSTRAINT PROGRAMMING 

 Very scalable 

 Steel oven scheduling, aircraft scheduling, ... 

 

 User-specified heuristics 

 First-fail 

 Domain-splitting 

 Local search 

 

 No learning 

 



CONFLICT-DRIVEN CLAUSE-LEARNING 

aka (current) SAT-solvers 

 Input: ground clausal theory 

Unit 

Propagate 

Decide 
(heuristic) 

Backtrack 

Learn 

Model Fail 

A  B 

B  C 

A  C 



Clauses (A or B or C) 

A = {true,false} 

B = false 

... 

Learn 

Propagate 

Custom 

encoding 

Backtrack 

Choice 

Explain 



SAT 

 Excels at automated search 

 But sometimes better heuristics exist 

 CNF can be very large 

 

 Applications 

 Hardware verification 

 Eclipse (IDE) process manager 

 DFA competition winner 2012 



LEARNING DETERMINISTIC FINITE STATE 

AUTOMATA (DFA) 

 Grammar learning 

 Given a sequence of finite labeled strings 

 

 

 

 Derive matching automaton (trivial) 

 

 

 

 

 Improve it by reducing the number of nodes 
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LEARNING DETERMINISTIC FINITE STATE 

AUTOMATA (DFA) 

 Approach: 

 Compute the trivial automaton A 

 Solve the problem of mapping it to a smaller automaton 

  Find a minimal number of colors and interpretation for
           colorOf(node):color,  

           trans(color x character): color, 

                 accept(color) 

  which preserves acceptance and transition of A 

 

 Implemented by  

 Generate a CNF using a custom procedural program  

  (2000+ lines C++) 

 Apply off-the-shelf CDCL-solver 



PERFORMANCE: 

STEADY IMPROVEMENTS 

 



FEW JUMPS 

 



SAT MODULO THEORIES 

 Improvement 1: Congruence closure algorithms 

     Generalizing term equivalence reasoning 

 

   

 

 

  Initially: assume all terms are possibly equivalent 

   {a,b,c,d,f(a),f(b),g(f(a)),g(f(b))} 

  Take equalities into account 

   {a,c,g(f(a))}{b,d,g(f(b))} 

  Derives a≠b => unit propagation propagates P 

 With efficient explanations 

  c=d or g(f(a))≠c or g(f(b))≠d or b=a 

 

 

g(f(a))=c            domain possibly unknown 

g(f(b))=d 

P or b=a     

c≠d 
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 Improvement 2: DPLL(T) architecture 
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 Improvement 2: DPLL(T) architecture 
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THE “PROPAGATOR” 

 Manages (set of) constraint(s) 

 Operations: 

 Propagate(): literals 

 Explain(literal): clause 

 Backtrack() 

 (Interpretation is two-valued, ...) 

 

 Event-driven: 

 Search events:  

  literal L becomes true, conflict on literal L’, ... 

 Propagator knows on what events to fire 

  Not on L if L does not occur in its constraint(s) 

 Operations can be queued and even prioritised 

 

 



THE “PROPAGATOR” 

As an implementation concept: 

 Hook to implement custom features 

   Automatic support for search-events 

 Handling new types of constraints 

 Produce a trace of the search  

 Implement branch-and-bound optimization 

 Lazy loading of database information 

 Grounding on demand (see later) 

 ... 
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COMBINING CP WITH SAT+ 

 CP heuristics not really automatic + no learning 

 SAT encoding too large for functions, arithmetic, ... 

 

 Approach 1: Blackbox integration 

SAT+ 

Remainder of constraints 

Decides all Pi 

CP 
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COMBINING CP WITH SAT+ 

 Approach 2: Tight integration  

   Lazy clause generation 

 a+b >= c      a in [1,1000], b in [10,1000], c in [2,2000] 

  a=<5 becomes true 

     propagate c =< 15 because of a=<5 & b=<10 

 

Encode variable assignments by atoms 

  A1  a=<1 

        A2  a=<2 

  ... 

Take CP propagation algorithm 

Whenever it derives a propagation,  

 add the corresponding clause to the SAT solver instead 
  not A5 or not B10 or C15 
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MORE EXPRESSIVE INPUT LANGUAGE 

 Custom encoding 

 Tedious 

 Ad-hoc 

 

E.g. DFA-SAT:  

       2000+ lines C++ with hard-coded constraints 

 

 Higher-level knowledge representation languages 

 Quantification 

 Inductive definitions 

 Aggregates (sum, cardinality, product, ...) 

 Sets, arrays 



LEARNING DETERMINISTIC FINITE STATE 

AUTOMATA (DFA) 

 

"state: acceptA(state)  accept(colorOf(state)) 

"state: rejectA(state)  accept(colorOf(state)) 

"sin char sout: 

  transA(sin, char)=sout      

  trans(colorOf(sin),char)=colorOf(sout) 

 

" sin char sout  color:  

  trans(sin,char)= sout  trans(colorOf(sin),char)=color  

   colorOf(sout)=color 
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REDUCTION PHASE 

COMMON ISSUES 

 Reduction blows up the size 

 

 Redundant constraints often help the search, but 

further increase the blow-up 

 

 Basic solutions 

 Everything can be reduced to SAT (largest blowup) 

  => Optimizing the SAT encoding (e.g. Bee (Codish et al.)) 

 Add (even more) constraints with smaller grounding size 

 (possibly less propagation, e.g. Pseudo-boolean aggregates) 

 



REQUIRES LIFTED INFERENCE 

1. STATIC ANALYSIS 

 Improve high-level input up-front 

 Better search behavior 

 Smaller input for the search algorithm 

 

 Lifted unit propagation 

 Symmetry detection and breaking 

 Dependency analysis (+stratification) 

 Definitions without unknown open symbols can be evaluated 

efficiently (e.g. using Prolog) 

 Either before or after search 

  { pos(id,x,y) posx(id,x)  posy(id,y) } 



REQUIRES LIFTED INFERENCE 

1. STATIC ANALYSIS 

 Function detection 

   Assume no functions used 

"state color: acceptA(state) colorOf(state,color)   accept(color) 

 

Use a theorem prover to prove that 2nd argument of colorOf 

functionally depends on the 1st 

Rewrite into 

"state: acceptA(state)  accept(colorOf(state)) 

 

 Query analysis (cfr. Problog (De Raedt et al.)) 

 ... 
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REQUIRES LIFTED INFERENCE 

1. DYNAMIC ANALYSIS 

 Dynamic dependency analysis 

      { "x: reach(x) start(x)  ($y: edge(x,y)  reach(y)) } 

 Is a total definition 

 Only ground when not certainly constructible 

  => only when an atom reach(d) becomes true/false 

   

 Generalized to lazy grounding 

 Assign “default” interpretation of relationships 

 Only ground instantiations for which it is violated 

  "x: P(x)  f(x) 

   P(1) assigned true 

   Ground P(1) f(1) 
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DFA LEARNING DECISION PROBLEM 

 2000 lines C++ => 40 lines FO(.)IDP 

 Performance 



STEMMATOLOGY 

 Historical manuscript analysis 

 Manuscripts copied over and over 

 Introduced errors propagated 

 

 Family “trees” of manuscripts: Common Root DAGs 



STEMMATOLOGY 

 Problem at hand: 

 Given a CRDAG and a partial feature list  

   (for some manuscripts, which variant of a  

        feature they have) 

 Complete the feature list (if possible) 



STEMMATOLOGY 



PERFORMANCE RESULTS 

STEMMATOLOGY 

 Original work 

 400 lines of procedural code 

 Assumed it was in P 

 High level modeling 

 We proved it was NP-complete and IDP generated a 

counter-example 

 Order of magnitude smaller theory (created a lot faster) 

 Performance doubled 



SYSTEMS 

 Low-level input 

 CP: Gecode, Lingeling, Fzn2SMT 

 SAT: Glucose, MiniSat*, portfolio solvers 

 ASP: Clasp, MinisatID, DLV 

 

 Higher level input 

 CP: Comet, G12-Zinc 

 SMT: Z3, CVC4, MathSAT, Barcelogic 

 ASP: clingo, clingcon, IDP, DLV, B-Prolog 

 Probabilistic: Problog 

 

 Many more systems can be found through the 

 SAT, ASP, SMT and MiniZinc competition websites 



CONCLUSION 

 Current day search algorithms 

 Accept high-level input 

 Combine automated heuristics and multiple 

propagation schemes 

 Are often extendible 

 

 Result 

 Fast, readable modeling => Prototyping ideas! 

 Reasonable to superior performance 

 

   Do not reinvent the wheel! 


