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Background

Black-box models with post-hoc explanation techniques: Find salient features!
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Challenges for Explaning Time Series

» Fail to interpret visually
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Existing Perturbations are Inadequate
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» Those perturbations may out of
distribution or label leakage

» Cannot relate temporal patterns
across samples
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[llustrating different styles of perturbation.
Other perturbations could be either not
uninformative or not in-domain, while
ours is counterfactual that is toward the
distribution of negative samples.



ContraLLSP Architecture
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Two Main Contributions

» Learning counterfactuals from contrastive loss

« Stepl: Find positive and negative samples
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Two Main Contributions

» Learning sparse gates with smooth constraint
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If not smooth, predictor f may error!

e Sparse gates:
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Synthetic EXperiments witn tabel)

1. White-box Regression

Table 1: Performance on Rare-Time and Rare-Observation experiments w/o different groups.

RARE-TIME RARE-TIME (DIFFGROUPS)
METHOD AUP 1 AUR 1t I /10* 1t §,,/10° | | AUP% AUR t Im/10* Y S, /10% |
FO l.Dﬂin_nn 0.1310_00 U.‘Lﬁj—_n_nl 47-2010.61 1.“010_00 l_l.].ﬁio [1i] 0.5310_01 54.89j:0 70
AFO l.nnin_nn 0.1510_01 0.5110_01 55.6010_35 1.“010_(]0 n.lﬁi(] 00 0.5410_[11 577610 72
1G 1.00+000 0.134p00 0.4610.01 47.61+062 | 004000 0.154000 0.53+0.01 54.62+0.85
SVS 1.00;{:0,00 0.1310 (1y] 0.4710 01 47.2010 61 1.0010 00 0. 1510 (1] 0.5210 0z 54.2810 &4
DYNAMASK O'ggj:n o1 0.67+0.02 R.6840.11 37.24 1 .48 0.9910 o1 0.5140.00 5.754+0.13 47.33 4100
EXTRMASK | 1.00togo 088, .0 1640, 5 1310, 07 | 1.00z000 083,00, 13370, 2744,
CONTRALSP I l.nnin_nn 0.97:{:0_01 19.5110_3(} 4.6510_71 | l.ﬂﬂin o0 0.9410_01 18.92j:(] a7 4.4010_50
RARE-OBSERVATION RARE-OBSERVATION (DIFFGROUPS)
METHOD AUP 1 AUR 1 Im /10" Sm/10° L | AUP% AUR 1 Im /10"t Sm /107 )
FO 1.00;{:0,00 0.1310 oo 0.4610 oo 47.3910 16 1.0010 o0 0. ].410 00 0.5010 01 5H2. ].310 96
AFO l.oﬂin_nn O.lﬂin_nn 0.5510_01 56.8110_39 l.uﬂin_on 0.1610 01 0.5410_02 56-92i1 24
1G 1004000 0.134p00 0.4610.00 4782005 | 1004000  0.131000 0.4710.00 49.9040 88
SVS 1.00;{:0_00 0.1310_00 0.4610_00 47.3910_15 1.“010_00 0. ].310 (11 0.4710_01 49.5310 B4
DYNAMASK O.QT:H, 00 0.6510 00 8.3210 06 22.8710 58 0.9810_00 0.5210 o1 6.1210 10 30.8810 70
EXTRMASK 1.00.40.00 O—'Tﬁin.nn 713'2510.07 97'5510.39 1.0010.00 L.Tﬂiﬂ 0 710'4010.54 32.81+0.88
CONTRALSP I l.oﬂin_nn l.ﬂﬂin_nn 20.68:{:0.03 “-3210.16 | 1.0010.00 0.9910.00 20.5110 o7 0.5710_20
FO AFD G 5VS Dynamask Extrmask Label
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Group 51.-.
Group Sz

Group 5;

2. Black-box Classification

Table 2: Performance on Switch Feature and State data.

SWITCH-FEATURE STATE
METHOD AUP 1 AUR T Im/10* T Sm/10° | | AUPT AUR T Im /10" T Sm/10% |
FO 0.8910.03 0.3Trop2 1.8610.14 15.6040.28 | 0.90+0.05 0301001 2731015 28.07+0.54
AFO 0.8210.06 04li002  2.00+0.14 17324020 | 0.844008 0.36£003 3.161027 34.03+1 10
IG 0914002 0443008 2211047 16.87+052 | 093,54, 0342003 3.17+0.2s 301941 22
GRADSHAP 0.8810.02 0381002 1924003 15854040 | 0.8840.06 0.30t002 2.76+0.20 28.18+40.96
DEEPLIFT 0.94002 0443002 2231016 16861052 | 093,502 0352005  3.20%027 30.2141.10
LIME 0.9440.02 0401002 2.0lt0a3 16.094+058 | 0954002 0321003 2941026 28.55+1.53
FIT 04841003 0433002 1991011 17164050 | 0454002 0.59:t002  T7.9240.40 33.591017
RETAIN 0934001 0334004 1544020 15.08+1.13 | 0.5240.16 0.21:p002 1564024 25.01+0.57
DYNAMASK 0.35:{:0.00 0'7710.02 5.2210_25 12.8-510_53 0.3610_01 O'Tgiﬂ.ﬂl 10.5910_20 25.1110 40
EXTRMASK 0.9710_01 0.65+0.05 8.4-51”_51 6.9011_44 0.87+0.01 0.77 +0.01 29'7111.39 ?'54;!:0.46
CONTRALSP | 0.98 +0.00 0.8040.03 24.23 41 o7 0.91:0.06 | 0.90+0.03 0811001 50.0910.78 0.50+0.05
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Synthetic EXperiments witn tabel)

> Counterfactual information

—— Sum of perturbed observations for each time  =—— Sum of original observations for each time
ContralSP perturb. in 5; Extrmask perturb. in 5; ContralSP perturb. in 5; Extrmask perturb. in 5;
0 20 40 0 20 40 0 20 40 0 20 40
T T T T

» Distribution analysis of perturbations

Table 12: Difference between the distribution of different perturbations and the original distribution.

RARE-TIME RARE-OBSERVATION
PERTURBATION TYPE KDE-scORET KL-DIVERGENCE | | KDE-sCORET KL-DIVERGENCE |
ZERO PERTURBATION —25.242 0.0523 —23.377 0.0421
MEAN PERTURBATION —30.805 0.0731 —26.421 (0.0589
EXTRMASK PERTURBATION —22.532 0.0219 —19.102 0.0104
CONTRALSP PERTURBATION —23.290 0.0393 —-22.732 0.0386




Real-world Experiments (without iabel)

3. MIMIC-I1l Mortality Data
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Conclusion

» \We propose ContraLLSP as a time series explainer, which incorporates
counterfactual samples to build uninformative in-domain perturbation.

» \We incorporate sample-specific sparse gates to generate more binary-
skewed and smooth masks.

» The code is available at https://github.com/zichuan-liu/ContralLSP.



https://github.com/zichuan-liu/ContraLSP

Future Explorations

» How to represent uncertainty when black box models are inaccurate

accuracy 4

>
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» Quantification of compression amplitude and parameter tuning strategy
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Thanks for your listening!

Any Questions? Please use the chat !
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