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Motivations

[{ 1. Limitations & Motivations ]

 Point-wise « Patch-wise

TimeX++ LIMESegment Ground Truth
* It requires identifying both the location of time series signals that drive
model predictions and their matching to an interpretable temporal pattern’

« We need explanations that are temporally connected and visually digestible

1.0. Queen et al., "Encoding Time-Series Explanations through Self-Supervised Model Behavior Consistency,” NeurlPS 2023,



Motivations

| 2. Related works |

Saliency Dynamask Per-sample
Mask Extramask v Per-sample
. Distribution FIT X Scattered Time Point , . 4 Per-sample
Point-wise Shift v Precise Localization
I WinIT X Fragmented Explanations v Per-sample
TimeX X Amortized
TimeX++ X Amortized
LIMESegment . v Per-sample
Patch-wise v/ Contiguous Explanations § :;I?::BL::r?égrzatCh
SpectralX v Per-sample
Segment-wise TimeSeg v/ Contiguous Explanations j gfglaiI:;eBI;eun'?;:rSegments v Amortized



Motivations

| 2. Related works |

Apprg prence
* Point-wise « Patch-wise « Segment-wise imple

imple

imple

Poir
imple

tized

K TimeX++ LIMESegment TimeSeg (Ours) Ground Truth 4/ tized

v r-sample

Lllvll—ucylllcll‘. =
Patch-wise / Contiguous Explanations § :lll)i(::lBL::r?;grzatCh

SpectralX v Per-sample

Segment-wise TimeSeg v/ Contiguous Explanations j gfgla;lz;eBI;eun'?;:rSegments v Amortized



Problem Formulation

{{ 1. Notations ]

A

Univariate Time-series
T
x = (x1,...,x7) €ER

l Black-Box gg I

Time-series Classifier
ge : RT 5 RC



Problem Formulation

{{ 1. Notations ]

I ﬂ / Segment Index set \
Segment Index Sur = {51,852, -+, 5K}
Univariate Time-series s = (t°,1°) 11 | _l 11
X = (X1,...,%T) c RY
Iy} - L

y

s1=(t,t)  s2 = (t3,15) sk = (tk,t%)
l Black-Box gg I where, t° t¢ € [T],t° < t° Segment set
Xsi.xk — {XS17 Xsgy - 7X3K}

. . oyt Segment (Conti Sub
Time-series Classifier 9 (Contiguous Subsequence)

go : RT - RC X5 = Xgspe = (Tgs, ..., Tpe) HH ‘ N H




Problem Formulation

{2. Segment-wise Explainer ]

Definition 1: Optimal Segment-wise Explainer

E* = arg max I(gg(X)' X ) — )\J(SLK)

) S1:K
E

subject to s1.x ~ &(X)

» 96(X): Output Prediction
« I(-,-) : Mutual Information

. J(-): Regularization for Complexity

-

i1

.

S1 = (ti,t

Segment Index set
S1:K = {81, §25- -+, SK}

13

0 s2 = (t3,15)

11

N

SK = (tiﬁ t?()

Segment set

XSl:K - {XS17 X827 oo

X b

)
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Problem Formulation

{2. Segment-wise Explainer ]

-

Segment Index set
Definition 1: Optimal Segment-wise Explainer Seie = 8 2o i)
E* = argénax I(ga(X); XSLK) — )\J(SI:K) N - - - N4
subject to  s1.x ~ &(X) s1=(t5,t5) sy = (t3,15) sk = (ti, i)
Segment set

» 96(X): Output Prediction - ~
Combinatorial Search

« I(-,-) : Mutual Information

Exponential search space /

T
2};) candidate sets — O(QT) y

. J(-): Regularization for Complexity
K segments yield (

o




Method: TimeSeg

[[ 1. Reformulation as a Sequential Process ]

« Reformulate segment selection as a sequential process (MDP)
« Termination Criterion (Accept / Reject)

« Learn a stochastic policy via reinforcement learning

Step 1 Step 2 Step 3
—"‘L"’—A/‘— - - - . Final

Time Series X l l l Explanation
LN ‘ Policy T ‘ I Policy T g l ‘ Policy Ty ‘ ‘ l .:|:|
Segment Vector s py! ﬂll S1.2 = {81, 52}

‘J 4
w ‘ "H’ w/_‘ "N" + M I Start Index ¢
s1 = (t5,t5) = (t3, 2) . s3 = (t5,t5) 6 Il End Index t,




Method: TimeSeg

| 2. Chain Rule |

I(QQ(X) XSlK) — ZI(QH(X) Sk ‘ Xspp 1) (4.1)

3y

LI 1

t3) E §3 = (tg,tg)

Time Series X

|| gﬁ

[ Black-Box gg ]_’E I(QG(X)5X31|XSO) E I(QH(X);X82’X81) E 1(99( ) S3|XS12)

S0




Method: TimeSeg

[ 3. Difference between two Cross Entropy ]

I(Y; X | Xsppy) = Exsm,y logpo(y | xs,,) — logpo(y | Xs,,,)] (4.3)

A

Time Series X

3y

bt

§3 = (tgatg)

|| gﬁ

11 |

(tia 1)

(i

E [logpﬂ(y‘xsm) - logm(?/‘xm)]

27t2>
S0

l Black-Box gg I_’ E [log py(ylxs,) — log py(y|xs,) E[logW(y‘XSl;s)_logm(mxsm)]




Method: TimeSeg

{[ 4. Reward + Penalty ]

T@(Xsk, Xsl:k_l) — Epg(y\x) [logpﬁ(y‘xshlg) — ]'nge(y‘xsl:k—l)] — )‘C(Sk)

A

Time Series X

§1 = (tiati)

S0

o (X51 ) Xso)
—Ac(s1)

—

I
e

——

: b

l Black-Box gg ] — !




Method: TimeSeg

[ 5. Termination Criterion ]

Accept/ Reject
T'o <X3k7 XSl:k—l) P ]

<T
Epe(y|x) [ — logpg(y ‘ Xslzk_l)] — / 6

W E B E ﬂll Final
"w ( ) ‘ i ‘H’ wz‘ E "H" ; M) Explanation
s1= (11,15 I sp = (3,t5) s3 = (£5, 15 .

ro(Xs,, Xs, ) ro(Xs,, Xs, ) ro(Xs,, Xs,., ) ‘ l .ﬂ
>r@ | >r@ | <T@



Method: TimeSeg

| 6. Stochastic Policy 7 |

13

Factorize Joint Distribution as Step-wise Sampling w ‘

T(S1Kk | X) = Hﬂ'qb(sk | X, S1:6-1) ( )
— s = (t1, 15

Two-step Sampling Process

sk = (5, th) ~ mo(s | X,818-1) = e (t° | X, 816-1) Tee (T° | £°, %, 8151).
Final Objectives

K
L(¢) = ExE 1.5 (+[%) Z T'o (X3k7 XS1:k—1) - )‘C(Sk) (4.7)
k=1



Method: TimeSeg

| 6. Stochastic Policy 7 |

Factorize Joint Distribution as Step-wise Sampling

K
To(Stk | X) = Hﬂqb(«% | X, S1:4-1)
k=1

Two-step Sampling Process

13

4

sk = (g, t})

sp = (th,ty) ~ mg(s | x,810-1) = g (t° | X, 81:6-1) wge (t° | £°, X, S1:6-1).

Final Objectives

bj
Why RL?

Joint sampling of (£°,t°) with constraint £° < € prevents
$\straightforward reparameterization

£(¢)

=

Policy Gradient
PPO

~




Experiments

Quantitative - Qualitative - Ablation analysis




Datasets & Benchmarks

[ 5.1 Datasets ]

4 )
Synthetic w/ ground-truth

« SeqComb-UV
* FregShapes-V
* LowVarDetect-UV

- J

[5.2 Benchmark Methods ]

s

An notatEd w/ ground-truth

« MIT-ECG (QRS interval)

-

.

Real World o ground-truth

« Epilepsy
« Wafer
« GunPoint

~

4 )

General XAl

« Integrated Gradients*

- J

-

\_

Point-wise XAl

« Dynamask
« WinIT
« TimeX++*

Patch-wise XAl
* LIMESegment




Evaluation

{ 5.3 Metrics ]

Overlap w/ GT
* F1-score (1)

2-mi.xNm*
2 e nm|

‘mlzK‘ + |m*‘
« loU (1)

mi.xm*
o Imuenme|

|m1:K U m*‘

Explanation Fidelity w/o GT
« Sufficiency (/)

AUROC (89 (X51 K) y)
AUROC (gg (x),y))

Suff| =1-—

« Comprehensiveness (1)

AUROC(go(xE, ),y)

~

CompT=1- . UrRoC (g0(x),y))

\_

\_

/

4 :
Segment Quality

« Contiguity (/)

N

1 —1

T—-14%

[[mixt # Mk 1]

Cont. =

—_

« Sparsity

. 1
Sparsity = T M. x| 1

\_

\




{ 5.4 Quantitative Analysis (w/ Ground-Truth) ]

Table 5.1 Overlap with Ground Truth

IG*
Dynamask
WinIT
LIMESegment
TimeX++*

TimeSeg

F11

0.539

0.157

0.208

0.430

0.636

0.645

SeqComb-UV

loU t

0.379

0.088

0.123

0.289

0.489

0.495

Cont. |

0.166

0.215

0.178

0.009

0.098

0.017

LowVarDetect-UV

F11

0.582

0177

0.383

0.467

0.432

0.499

loU t

0.421

0.115

0.242

0.314

0.291

0.356

Cont. |

0.170

0.181

0.117

0.012

0.231

0.020

F11

0.687

0.103

0.454

0.440

0.799

0.722

FreqShapes-V

loU t

0.534

0.060

0.307

0.287

0.666

0.576

Cont. |

0.101

0.144

0.114

0.030

0.120

0.085

F11

0.589

0.353

0.241

0.491

0.593

0.739

MIT-ECG

loU t

0.435

0.221

0.147

0.359

0.460

0.621

Cont. |

0.056

0.072

0.133

0.006

0.016

0.006




{ 5.4 Quantitative Analysis (w/o Ground-Truth) ]

Table 5.2 Occlusion Analysis (Mean Substitution)

Method

Random

WinIT

Dynamask

TimeX++*

TimeSeg

55.21

23.51

45.31

40.31

0.70

MIT-ECG

Comp. t

0.01

0.49

2.51

5.31

5.54

Cont. |

0.07

0.09

0.02

0.01

0.01

Suff. |

3.12

1.99

3.06

6.79

1.94

Epilepsy

Comp. t

0.04

0.09

0.60

0.07

0.93

Cont. |

0.22

0.20

0.14

0.07

0.01

34.23

49.12

31.13

52.39

0.19

Wafer

Comp. 1

0.01

1.95

1.59

0.22

2.42

Cont. |

0.18

0.05

0.05

0.03

0.01

Suff. |

32.42

32.39

35.02

45 .41

1.44

GunPoint

Comp. 1

1.42

1.88

9.15

7.10

46.41

Cont. |

0.31

0.14

0.10

0.01

0.02




{ 5.4 Quantitative Analysis (w/o Ground-Truth) ]

Table 5.2 Occlusion Analysis (Mean Substitution)

Method

MIT-ECG

Comp.t Cont. |

Suff. |

Epilepsy

Comp. t

Cont. |

Wafer

Comp.t Cont.|

Suff. |

GunPoint

Comp.t Cont.|

Random

WinIT

Dynamask

TimeX++*

TimeSeg

55.21

23.51

45.31

40.31

0.70

0.01 0.07
0.49 0.09
2.57 0.02
5.31 0.01

3.12

1.99

3.06

6.79

0.04

0.09

0.60

0.07

0.22

0.20

0.14

0.07

34.23 0.01 0.18

49.12 1.95 0.05

31.13 1.59 0.05

52.39 0.22 0.03

32.42

32.39

35.02

45.41

1.42 0.31
1.88 0.14
9.15 0.10
/.10 0.01

« TimeSeg achieves best or second-best under strict black-box.
5.54 « Notably, Contiguity < 0.02 — concise & well-connected explanations.




{ 5.5 Qualitative Analysis

] « Qualitative comparison on SeqComb-UV, MIT-ECG, and GunPoint
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{ 5.5 Qualitative Analysis

] « Qualitative comparison on SeqComb-UV, MIT-ECG, and GunPoint
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® TimeX++ — pinpoints relevant regions but produces fragmented
® LIMESegment — contiguous but misaligned due to fixed-size patches

® TimeSeg — complete, well-aligned segments matching GT
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{ 5.5 Qualitative Analysis

':“-"-.ll_ (L ]_ \

-

] « Qualitative comparison on SeqComb-UV, MIT-ECG, and GunPoint

|
Il \( 'ﬁ| ,{ \
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E = (Upper Bound)
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5.6 Ablation Study on \ (MIT-ECG)

4 Sparsity A

0.25 ~

0.098

0.05 A

0.1 0.3 0.5 0.7 0.9

A (sparsity coefficient)

\_ )

45

3.5

2.5

1.5

0.5

10.558

Sufficiency |

0.1

0.3 0.5 0.7
A (sparsity coefficient)

0.9

)

F1/ loU
—e—f1 -e—|oU
0.8 0.739
——
07 0.621 o
06 o—mr T Tt —
0.5
04
0.3
0.2
0.1
0
0.1 0.3 0.5 0.7 0.9
A (sparsity coefficient)

)




Conclusion

/

o

Segment-wise Explainer

~

Problem Formulation

/

Future Works

o

Reformulation to

Sequential Process

~

/

o

Strick
black-box Model

/

-

nels and their inter-channel dependencies

- Extending the framework to multivariate time-series by modeling segment selection across chan

~

\_
-

J
N

\_

planations

- Extending reward design with human preferences and domain priors for clinically meaningful ex

J




Thank you
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