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Surprise is a universal human experience which has been a topic of research
in psychology and related disciplines for quite some time. While the commonly
accepted view considers the surprisal value of an event as related to its probabil-
ity [12], there are theories which reject this claim, such as Simplicity Theory [4].
According to the latter, an event is surprising if it is simpler to describe than it
is to generate: this cognitive theory has been tested in experimental settings [5],
and has applications ranging from smart home design [7] to subgraph mining
[3]. Here, we build on previous work [11], and introduce a computational frame-
work called CompLogDL. This system relies on the specification of a mental
and world model, on which the description and generation complexity of an
instance are computed, respectively. The former is computed via a description
logic knowledge base [1], while the latter is implemented as a shortest path com-
putation. We provide complexity results and an implementation in answer set
programming (ASP) [6, 2, 10]. This presentation is based on [9] and extends it.

CompLogDL

The scope of CompLogDL is to compute the extent to which a given event
is unexpected: given an event s, we compute the unbounded quantity U(s) :=
CW (s) − CD(s). CW is the bounded Kolmogorov complexity of the causal re-
lations which bring about instance s (i.e., generation complexity), while CD is
the complexity of describing instance s (i.e., description complexity). A Com-
pLogDL program is made up of two different components, as the computations
of CD and CW are independent of each other.

Computing CD The computation of an event’s description complexity depends
on the descriptive program, which is a set of annotated EL A-Box and T-Box
axioms, representing the agent’s knowledge base; the program is then used to
construct a description graph. The problem is then cast as a minimum referring
expression computation which builds on similar graph-based approaches in the
literature [8]. The descriptive program is defined as PD := ⟨(T ,A), w : T ∪A →
(0, 1]⟩. T is a set of concept subsumptions and definitions (i.e., statements of the
form C ⊑ D, C ≡ D), while A is a set of concept assertions (i.e., statements of
the form C(a) for some instance a). Finally w : T ∪A → (0, 1] is a cost function,
specifying the degree to which concept assertions, subsumptions and definitions
are accessible to the agent.
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In order to compute the description complexities of a given instance, we will
need an intermediary function, which we call a descriptive complexity function
C : A → R+. Its purpose is to assign complexity values to concept and role
assertions which depend indirectly on the cost function w, but it will return a
positive real number representing the complexity of a given assertion.

Given a descriptive program PD and a complexity function, we can now com-
pute a minimum referring expression for said instance. We construct a descrip-
tion graph where concept assertions are interpreted as weighted (and labelled)
loops, while roles are directed, weighted (and labelled) edges. The problem is
then formally defined as follows: given a description graph G = (V,E, l, n) an
instance i ∈ V , return the least cost star subgraph F ∗ of G such that, for all
other connected subgraphs F ′ of G, F ∗ is not isomorphic to F ′.

We show that the decision problem equivalent to this optimisation problem
is NP -complete, independently of whether the parent graph only contains loops,
or also edges. Similarly, the optimisation problem is FPNP -complete.

Computing CW The computation of an event’s generation complexity depends
on a set of annotated tuples (the causal program), which are used to form a graph
representing the (actual) causal dependencies in a set of events: the problem
is then cast as a multiple source shortest path problem. The causal program
PW = (E,R ⊂ E × E,w : R → (0, 1]) specifies a set of dependencies over a
set of events, together with a weight function representing the extent to which
the events are causally related, according to the agent. In order to construct the
causation graph, we make use of a generation complexity function C : R→ R+:
the graph will then be an edge-weighted graph, where the cost of the edges
is given by C. Given any node ei ∈ Ec in the causation graph, its generation
complexity is given by the cost of the weighted shortest path from all possible
initial conditions: we interpret this as the minimum description of the parameters
which are necessary to bring about ei. By initial conditions, we mean those events
which, according to our program, are not themselves caused by something else.

The unexpectedness of an instance s is then the difference between the cost
of a shortest weighed path obtained via a program’s causation graph, and the
complexity of the minimum unique referring expression for instance s, obtained
via the description graph. This means that an event is unexpected if its cost of
its cheapest path is strictly greater than the cost of its minimum unique referring
expression.

ASP Encoding

We provide an ASP encoding of the FPNP -complete optimization problem of
computing a minimum referring expression. In brief, the given graph G is rep-
resented as ASP facts, the subgraph is non-deterministically constructed using
choice rules. Auxiliary rules and constraints ensure that the result is a star graph
and rule out solutions with isomorphic copies. Finally, an ASP minimization
statement ensures minimum cost.
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Appendix: ASP Encoding Details

We provide an ASP encoding of computing minimum weight referring expression
below. Input facts represent an example for a given description.

% Input facts
vertex(i;a;b;c;d).
edge(i,a). edge(i,b). edge(i,c). edge(i,d).
label(i,a,la). label(i,b,lb). label(i,c,lb). label(i,d,lc).
cost(i,a,2). cost(i,b,1). cost(i,c,1). cost(i,d,3).
target(i).

% All edges are labelled and assigned a cost
← edge(X,Y), not label(X, Y, _).
← edge(X,Y), not cost(X, Y, _).

% Pick Edges in F
{ in(X,Y) : edge(X,Y) }.

%F must be a star graph
in(I) ← target(I).
in(X) ← in(X,_).
in(Y) ← in(_,Y).
← in(X,Y), target(I), X != I, Y != I.

%Minimize Cost
total_cost(T) ← T = #sum { C,Y : in(_,Y), cost(_,Y,C) }.
#minimize { C,Y : in(X,Y), cost(_,Y,C) }.

%Exclude solutions with isomorphic copies
label_count(L,N) ← label(_,_,L), N = #count { Y : in(X,Y), label(X,Y,L) }.
label_used(L) ← label_count(L,_).

label_capacity(J,L,N) ← label(_,_,L), vertex(J), target(I), J != I,
N = #count { Y : edge(J,Y), label(J,Y,L) }.

insufficient_label(J) ← label_count(L,Need), label_capacity(J,L,Have),
Have < Need.

isomorphic_star(J) ← vertex(J), target(I), J != I, label_used(_),
not insufficient_label(J).

← isomorphic_star(J).


