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roduction Signal Temporal Logic (STL)

B Task: Interpretable Time Series Classification 1n safety-critical scenarios B Preliminary

* Such as medicine, finance and public security Definition 3.1. STL formulae [22] can be recursively defined as:
B Motivation: requires not only accurate classification results, but also ¢ = T|Y|=d|dp1 A da|d1 V d2|O1d|O1d|dp1 U, (1)
explicit and rigorous rationales -- Rule-based models
* Reliable: consistent with the actual execution (decision process) of B A subset for describing temporal properties of time series
the neural network model . Atomic predicate (AP) ¢ = (f(x) > 0)

* Intuitive: consistent with human understanding and the consecutive - Integer-bound time interval I = [y, t5]

nature of temporal properties . : .
P prop « Always Oj4.5,19 : each time point satisfies ¢

rE Rationale: » Eventually ¢[4.4,19: there exists a time point satisfying ¢
g_ T-wave declines until it inverts, , . . . ]
2 indicating myocardial infarction o Until $1U[4,1,192 : there exists a time point satisfying ¢z,
- and each time point before 1t satisfies ¢,
o Represented as Logical Rule:  EA ?[tl,tz] Olo,t5] 9 Always ¢. on an unfixed interval
0 25 50 75 @ = YP1U[22 27192 e AE O[1,1,]9l0,13] ¢.: frequent occurrences of ¢.
Y = (=P < 0.16) * Negation-free
. D . .
P2 = (0.4l < 27 < 0.91) * Just allow temporal operators to act on atomic predicates

Model Binarization Layer
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B TemporalRule: a novel neuro-symbolic model for interpretable time series classification W Patch-wise —r———7F—— i i
. o . . X711 bmin bmint+Ay+ 8,/2 bmln +"'+A3/2 bmax
 Automatically learns Signal Temporal Logic (STL) rules through four layers bin division Contimmon

exp (=7 - D(2(j,m): Cj k)
K
> kr=1€XP (=7 - D((j,m), Cj 1))

* Reliable: optimizes the model via gradient grafting (hard version + soft version) B Probability Ptk =Plm)k =

* Intuitive: simulates temporal operators through adaptively learning the time bounds .
B Truth value of AP , _ —— { k= argmax pgim).u
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Statistical Predicates

1 | ] ‘ ' ALTF) oL(F) oF Temporal Logical Layer
P = - el T o e —m - — .
' ' ' ' ' o ' oW oF oW
' 1 Al _Q: s
N e R S B : Lo : = B Always “Gm) = Sigmoid((ar —m)(m — as))
o | Fanie ' [ Eventually | : Vo : 00 —— Al
: Binarization E : B E E E E E Classification ;acrmr:rd - Tj,I::N R Alwa.ys(bj,k, Qj k15 aj,k,2)
A [ , ] : b Until b : '@ ! : Results = Conj(bjx, wjk)
X Batcting : Point '@ ! ——> —, g — - A TP 1
Feat ! . . ! ' STL Rul It £ — , ,
\ Blnae:z::Iebn : ; =A : : @ : : : as Ratiol:tglses ! { P( IIO (. C(b(J,m),k, w(J,m),k) +€))
' : ' ' ' L ' ' Y1 U (22, 27172 Discrete Continuous . . W=
: : : A J : : : : : 2 Mpee Mode . U ntll 7’;‘]2:“’62 - Until(bJakl’ bj:k2 ? ajaklsk2’17 ajvkl,k212)
! - = [ | ! [ P 1 . i i 4 A : vl
B i i = /
{ Bloraien | (Bwonlisiesh o, e i : — Eventually(B], 4, @i o1y Qi bs2)
(DTruth Values of @ Truth Values of @ Truth Values of | . zj,m), kyky — b( 3,m) ko X T%?Ttr':)’ ki

Point-level Predicates  Temporal Formulae Complete STL Formulae Ulatil
Until . i -
TGm)k = Always(bj i, , min(a, az), m — €)

---------------- H EA EA _ EA . /
Atnave Always \ % Evenilnly Tik = Eventually(rj,k,ai k1 @5 k. 2)
Eventually | E Eventually ! “}:: :::~.~‘ = 1= CO'nj+(1 = I'JE-'Q, Wj,k)

L[ un Until O | O O rCom) k= Always(b; x, m,m + a3)
' AL NS AN N AN b i e 2 :3'::33..:_‘ Always T .- Ob' t'
- :K ( ) ) ) | ) o ( y [ AE AE G I'alnlng jec ive
| Temporal Logic: N E PA A E ~— : : : “/,,f__v : : P : \,“"‘"‘V TS . .
i Aepor tooke : Temporal Logic M@ IR S EN@ LD @) B MSE loss for classification + _

: ! L= Lﬂ'fﬂ + ’.Lgcfu

N e g et Nt
min(ay, as) m — € max(a,as)

clustering loss for binarization

Experiments

Overall Results and Ablation Study Hyperparameter Analysis
B Datesets: 8 real-world datasets in 3 safety-critical domains B The number of bin (K) can be consistently selected as a fixed value 4.
B Baselines: 6 rule-based models (2 dictionary-based, 2 shapelet-based and 2 neuro-symbolic) B The loss weight (4) can be consistently selected as a fixed value 0.05.
B TemporalRule can actively guide the neural network to locate key intervals and generate
. . . TemporalRule TemporalRule
advanced features, leading to accurate and stable classification results. 100 100
Method Epilepsy2 NerveDamage ECG200 ECG5000 EOGVerticalSignal SharePricelncrease GunPoint  GunPointOVY 90 + 90 +
BOP 38.98 100.00 78.57 90.98 14.36 68.53 98.67 93.02 - s
SAX-VSM 90.46 97.56 83.54 91.45 21.82 68.53 98.67 87.30 g A 3 80-
LS 76.38 46.34 87.14 94.02 17.96 68.43 100.00 99.68 é .- §
ST 94.75 97.56 84.02 94.34 44.20 62.94 100.00 94.92 DA I g &
RRL 75.15 46.34 78.00 92.18 25.14 58.80 80.67 100.00 60 4-- =8= GunPoint =& ECG5000 L. 60 1-/ == GunPoint =8~ ECGS5000
NSTSC 92.57 100.00 8700  93.40 37.29 65.84 96.00 100.00 —A— ECG200  —#— SharcPricelncrease R Eoioon i oy e
-x 84.48 95.12 78.00 93.40 44.15 68.22 86.67 100.00 50 A . . . 50 1 , : :
—xP 88.57 95.12 7700 9318 43.92 64.80 90.00 99.68 3 4 s 6 0 0.05 0.1 0.2
-b% 90.60 97.56 78.00 91.71 29.28 63.35 87.33 99.37 Number oL Bis Loss Weight
—rt 88.58 95.12 86.00 9238 41.71 62.21 90.67 99.68 N )
= 89.81 92.68 86.00 92.36 41.44 67.81 94.67 99.37 Instance-level Interpretability Analysis
—pE 88.31 90.24 88.00 92.66 38.40 63.98 92.67 99.68
’ e e Al ——— e 2268 B We can specially examine the time interval from 96 to 113 in each
DO 94.80 100.00 89.00 94.34 45.86 69.15 100.00 100.00 — ) ) . . . )
’ — : time series instance to determine whether it should be classified as
Category-level Interpretability Analysis “Point” or “Gun”.
B TemporalRule directly learns holistic temporal features, focusing on condensed time intervals u TemporglRule can p.r0V1.de precise and COnCIse ev1depc.e within each
rather than isolated time points, so can produce more concise and intuitive rules consistent with time series for clear justification of classification decisions.
human understanding of consecutive time series patterns.
B This arises from the adaptive learning of time bounds, instead of relying on point-wise weights. R
Q& = 0[95!113]¢, where ’l,b = (IB < —0604)
Dataset Model Rule
d 1= (X009 > —1.835) A (xgy > —0.455) A (xg3 > —0.305) A (xg7 > —0.485)
RRL A(xoq > —0.250) A (x3 < 3.260) A (x44 < 0.824) A (x40 < 0.662) T —
ECG200 /\(X74 < 0.841) A (X75 < 0.872) A (X76 < 1.205) A (X77 < 0.796) = =
NSTSC b 1= (x37 < —2.220) A (x37 < —0.839) A (x35 < —0.406) A (x39 < —0.144) g1 81
TemporalRule(( ¢ := u/,Um@hem y, 1= (xP <0.16) and y, := (0.41 < xP <0.91) g8 8
@ := (X309 > —0.858) A (x53 < 1.247) A (x56 < 1.351) A (x57 < 1.332) ‘g ‘§
Alxsg < 1.338) A (x40 < 1.897) A (x97 < 1.299) A (x93 < 1.141) 30- SO-
GunPoint 1= (xq4 < —0.06) V (x35 < 0.04) Vv (x345 < 0.28
NSTSC P 1= (x34 )V (x35 )V (X34 ) 0604 "
V(xlog < —048) A\ (x, 10 < -065) -
TemporalRule C ¢ =06 @here w 1= (xR < —0.604) 0 5'0 1(')0 lé() 0 5'0 160 150

Future Work

B Future work will explore more expressive subsets of temporal logic and extend to multivariate time series classification tasks.
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