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Complex Event Recognition (CER)

INPUT » RECOGNITION » OuTPUT »

--O0O0n - Complex
Event
Recognition

--Ooog - System

Simple Event Stream Complex Event Stream

0.61 :: holdsFor(moving(mike, sarah) = true, [2, 18])
0.87 :: holdsFor(meeting(mike, sarah) = true, [16, 29])

0.70 :: happensAt(walking(mike), 1)
0.46 :: happensAt(walking(sarah), 1)

0.69 :: happensAt(walking(mike), 21)
0.58 :: happensAt(walking(sarah), 21)

initiated At(moving(Py, Ps) =true, T) <  terminatedAt(moving(P;, Py) =true, T) «
happensAt(walking(P;), T), happensAt(walking(Py), T),
happensAt(walking(Ps), T), holdsAt(close(P;, Py) =false, T).
holdsAt(close(Py, Ps) =true, T), :
holdsAt(orientation(P;, Ps) =true, T).
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Complex Event Recognition (CER)

INPUT »

Simple Event Stream

el 0.70 :: happensAt(walking(mike), 1)
0.46 :: happensAt(walking(sarah), 1)

0.69 :: happensAt(walking(mike), 21)
0.58 :: happensAt(walking(sarah), 21)

RECOGNITION »

OurpuT »

Complex
Event
Recognition
System

Complex Event Stream

0.61 :: holdsFor(moving(mike, sarah) =true, [2, 18])
0.87 :: holdsFor(meeting(mike, sarah) =true, [16, 29])

. initiated At(moving(P;, Ps) =true, T) +
happensAt(walking(P;), T),
happensAt(walking(Ps), T),
holdsAt(close(P;, Py) =true, T),
holdsAt(orientation(P;, Py) =true, T).

terminated At(moving(Py, Ps) =true, T) <
happensAt(walking(P;), T),
holdsAt(close(P;, Py) =false, T).
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Tensor-based Event Calculus*: Encoding

» Application entities: N
» Window time-points: {2

happensAt(e(X,Y), T)

*Tsilionis et al., A Tensor-Based Formalization of the Event Calculus. 1JCAI, 2024.
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Tensor-based Event Calculus*: Encoding

» Application entities: N
> Window time-points: 2

N
happensAt(e(X,Y), T) — %
——
M N
R

1, ifMpfEr, for ¢;, cj, ty, B

0, ow [ |
V1<4,j<N,1<k<Q.

*Tsilionis et al., A Tensor-Based Formalization of the Event Calculus. 1JCAI, 2024. 2/12



Tensor-based Event Calculus*: Encoding (Example)

Assume:
» Two entities cq, co
» Two time-points t1, to

» The following groundings:

happensAt(e(cl, c2),t1)
happensAt(e(cl, 02), tg)
happensAt(e(CQ, cl), tg)

Then the encoding will be:

oot o)

—_———
happensAt(e(X,Y), T)

*Tsilionis et al., A Tensor-Based Formalization of the Event Calculus. 1JCAI, 2024.

3/12



Reasoning: Logical Connectives

Negation:
not happensAt(a(X,Y), T)
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Reasoning: Logical Connectives

Negation:
happensAt(a(X,Y), T)
N N

Conjunction:

happensAt(a(X, Y), T) s hoIdsAt(b(X, Y), T)

a2

N

L#}
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Reasoning: Logical Connectives

Negation:
happensAt(a(X,Y), T)
>—</ >—< Q
N N N

Conjunction'

}

happensAt a s hoIdsAt(b(X, Y), T)
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Disjunction'

happensAt a hoIdsAt
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Reasoning: Rule Evaluation

initiatedAt(f1(X, Y )=v, T') «+
happensAt(e(X,Y), T) ,
holdsAt(d(X,Y)=vq, T) .
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Reasoning: Rule Evaluation

initiatedAt(f1(X, Y )=v, T') «+

_ \
holdsAt(d(X,Y)=uvg, T) . N{
t ‘ Z

N
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Reasoning: Rule Evaluation

|n|t|atedAt

_\

hoIdsAt X Y =vg, T
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©
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Reasoning: Rule Evaluation

initiatedAt(f1(X, Y )=v, T') «+

e, T)
—\L/

i

o

5/12



Reasoning: Rule Evaluation

| |

initiatedAt(f1(X, Y )=v, T') «+

e, T)
—\L/
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Reasoning: Rule Evaluation

/{H

|n|t|atedAt(ﬂ (X,Y)=v, T) « — ||
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Reasoning: Rule Evaluation (Example)

0 1/0 1 o 0 010 1 - 0 010 1
1 0{0 O 0 0/1 O N 0 00 O

—— —— —
happensAt(e(X,Y),T)  holdsAt(d(X,Y)=vg, T) initiatedAt(A(X,Y)=v, T)
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Model Computation

holdsAt(f1(X, Y )=v, T) « holdsAt(f1(X,Y)=v, T) <
initiated At (f1(X, Y)=v, Tprev), holdsAt(f1(X,Y)=v, Tprev),
not terminatedAt(f1(X,Y)=v, Tprev), not terminatedAt(fI(X,Y)=v, Tprev),
next( Tprev, T). next( Tprev, T).
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Model Computation

holdsAt(f1(X,Y)=v, T) holdsAt(f1(X,Y)=v, T)
holdsAt(f1(X,Y)=v, Tprev),

RGOS~ e (X V), ).

next( Tprev, T). next( Tprev, T).
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Model Computation

holdsAt(f1(X, Y )=v, T) « holdsAt(f1(X,Y)=v, T) <
initiated At (f1(X, Y)=v, Tprev),

o e V)0 T, NCSR

next( Tprev, T). next( Tprev, T).
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Model Computation

holdsAt(f1(X, Y )=v, T) « holdsAt(f1(X,Y)=v, T) <
initiated At (f1(X, Y)=v, Tprev), holdsAt(f1(X,Y)=v, Tprev),
not terminatedAt(f1(X,Y)=v, Tprev), not terminatedAt(fI(X,Y)=v, Tprev),

next( Tprev, T)- _
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Model Computation

holdsAt(f1(X, Y )=v, T) « holdsAt(f1(X,Y)=v, T) <

initiated At (fI( X, Y)=v, Tprev), holdsAt(f(X, Y)=0v, Tprev),

not terminatedAt(f1(X,Y)=v, Tprev), not terminatedAt(fI(X,Y)=v, Tprev),
next( Tprev, T). next( Tprev, T).
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Equivalence with Symbolic Reasoning

The tensor-based Event Calculus computes the same time-points
for each FVP as RTEC.

8/12



Tensor-based Probabilistic Event Calculus

» Application entities: N
» Time-points: ()

N

I
happensAt(e(X, Y), T) }—1%

~ N
r

R

{1, ifMp =7, forci,cj,tr [
R _

0, ow .

VI<i,j<N,1<k<Q.

*Tsilionis et al., A Tensor-Based Formalization of the Event Calculus. 1JCAI, 2024.
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Tensor-based Probabilistic Event Calculus

» Application entities: NV
» Time-points: 2

N

/
happensAt(e(X,Y"), T)

EE—
M N
r ~
Crisp!: Probabilistict:
1, fMp [=r, forcg,cj,ty . - D, |fP(PTOO\;Q(T)) =p forcg, cj, ty .
Rijn= R, k=
0, ow . 0, 3 Proof(r) for CiyChyth .
V1<i,j<N,1<k<Q. V1<i,j<N,1<k<Q.

*Tsilionis et al., A Tensor-Based Formalization of the Event Calculus. IJCAI, 2024.
TTsiIionis et al., A Tensor-Based Probabilistic Event Calculus. KR, 2025. 9/12



Summary

Tensor-based CER:
» Transform symbolic representation into tensors.

P Reason through algebraic operations.

10/12



Summary

Tensor-based CER:
» Transform symbolic representation into tensors.
P Reason through algebraic operations.

» Maintain formal semantics.

10/12



Summary

Tensor-based CER:
» Transform symbolic representation into tensors.
P Reason through algebraic operations.
» Maintain formal semantics.

» Maintain treatment of uncertainty.

10/12



Summary

Tensor-based CER:
» Transform symbolic representation into tensors.
P Reason through algebraic operations.
» Maintain formal semantics.
» Maintain treatment of uncertainty.
>

Performance improvement wrt the symbolic counterpart.
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Next: Scalable Neuro-Symbolic CER

Differentiable
Inference
Complex
Event labels

RECOGNITION »

--Ooog-- Gomplex

Event P
Simple Event Stream Recognition Complex Event Stream —-| Predictions
--goon - System

—  a
Complex E
Definitions

Gradi Symbolic model
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Course Structure

» Introduction to Complex Event Recognition (CER).
» Formal Models for CER

» Probabilistic CER.

» Tensor-based CER.
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Course Structure

» Introduction to Complex Event Recognition (CER).
» Formal Models for CER

» Probabilistic CER.

» Tensor-based CER.

>

Topics not covered.

12/12



