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Background

Event schema is a relational memory structure in the brain that supports generalization.
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Event Schema

Temporal regularity (TR) is a unit structure of event schemas,

which we formally define as temporal associations that remain invariant to time shifts.

(evp,t) — (evp, t+ 1) VteT,
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Motivation

Humans
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i Problem Formulation

Aim: Learn TRs from event items {(ev, t)}

v

(evb,t) — (evh,t + T) vVt e T, L

Tasks: TR Detection & TR Query

* Detection: Does (evy, evy,) include a TR? * Query: What is the t for a TR (evy, evy)?
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ek Inspiration from Noether’s Theorem

Noether’s Theorem

Every differentiable symmetry of the action of a physical system with conservative forces
has a corresponding conservation law.
Specifically, time-translation symmetry corresponds to energy conservation.

Inspiration

TRs inherently possess Event embedding q(t; ev)
time-translation symmetries

2N

Local energy g(q(t, evy), q(t + T, evh))

v

TR validity Conserved
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i, Noether Embedding (NE)

Event embedding q(t; ev) = u(ev) o r(t) Score function f(t; ev) = Y%, Real(q(t; ev))l.

Loss function L(¢; C,,C,) = (Tlaf(f) — Cp)z +%Z (\/—%f(f') — Cn)z

et‘)’,;';tA Relevant events of TR, reveal e":’:r;'y A 9a(T)
bad regularity
as |- @i ’ ............ D & s me S aR R s ~ '\/\/\/\
. aq |- “‘ ..... .0"‘ ..................... :
Event - ; Noether . Decoding
," ,') ) » \\ iy
event o Items/,/ absolute time Embedd.lngs 0 relative time Results
type o fime 9a(7)
m | ’.‘.,f." w: >
R encode ﬁ » _— clecode i
2 o o00 ’_: b '.'_qé(:r_)_:
q] | [paver e ...\ ...... :‘;:\) Svantl e TRb S local A o (T) o o
“time ype event type bl Qk{T)
N 4 \\\ b2 .............. A " ......... - ” .......................... ’ ........... | " |
®1 N reveal T
» good regularity

7 =2 absolute time 0 2 relative time



U
:‘.;.T?‘é;.\.".
ﬁ. NEURAL INFORMATION
‘.’i- PROCESSING SYSTEMS
o

Decoding function

9(1) = lup —up > r(0)|?

Noether Embedding (NE)

( =luper(®) —up rit+0*=1q,(1t) — q,t + DI|* )

et‘;;gtA Relevant events of TR, reveal e:’:rzly A 9a(T)
bad regularity
as |- ¢ { e @ & e e R r e e s o AN
aq |- 40 ¢ - 0”.0 ..................... )
Event Noether . Decoding
event Items/' absolute time Embeddings relative time x\‘Resu\\I‘ts
t i F time ‘ ‘
ype
m |- ’.‘., b= o ga‘ (T)
encode = i — decode iy
2|6 oo o BN 9(7),
e S ;;\) event A  Relevant events of TRy o - 96(7) o5
time - e event type Sy 9,53{7)
. . by [ & @ : ” .......................... 7 S | -
by |- ¢ “ ........................ @ S SIOT E—
— > good regularity >

7 =2 absolute time

2 relative time



s

} NEURAL INFORMATION

PROCESSING SYSTEMS Py
i, Effectiveness of NE
Table 1: Statistical results on ICEWS14, ICEWS18, and GDELT Baselines over-apply the generalization
L F s .
N TR Detection (F1) TR Query (1) Ca}?al})ll lit.lez 0 dtllitni?lltefd reprfsentatlons,
2 D14 D18 GDELT D14 D18 GDELT winic maers € 11T 01 event occurrences.
TNTComplEx 0.26 0.18 0.08 0.08 0.08 0.0l Lo, -
DE-SimplE 022 0.20 - 0.09 0.09 - | — TNTComplEx
TASTER 0.18 0.15 008 009 0.09 0.0 Y
TeRo 043 0.64 016 0.8 008 001 o | * Occurence
BoxTE 040 040 0.8 008 008 001 S o6
ATISE 040 044 018 008 008 001 Vo
NE with ¢/(7) 078 079 048 085 083  0.83 S |
NE with g(7) 0.82 0.83 051 0.87 0.86 0.85 > ,4 |
0.2
g/( ) Dt t+TET, fo(6) f, (t+T1) 0.0
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Storage-efficient TR memory

S(NE) = S(ev — vector) + S(time — vector)
= (2Nd + 2d)x64bit
S(CT) = S(TR) + S(event)

n n
= Nszaxlogzﬁbit + Nxﬁxlongabit
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T, NE’s Potential Applications
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Memory-constrained scenarios, such as the edge
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2ok Comparison to Related Work

* Event schema induction (in natural language processing):
organize known event regularities already given as priors for the extracting algorithm and focus on the schemas for use

‘ Our tasks are designed to learn event regularities directly from experience without supervision.

* Temporal rule mining (in data mining)

the mined rules and source events are generally stored as symbolic representations in list form

Using event embeddings, NE strikes a balance between storage efficiency and storage accuracy.

!

* Embedding models of structured data (in representation learning)

embed (temporal) knowledge graphs, generally supporting completion, inference, and prediction tasks

‘ NE for the first time enables event embeddings to achieve
data-efficient TR formation, storage-efficient TR memory, and time-efficient TR retrieval.
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