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INVASE: Instance-wise variable selection using neural networks
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Main Algorithm

1: Inputs: learning rates «, 3 > 0, mini-batch size n,,; > 0, dataset D
2: Initialize parameters 6, ¢, v
3: while Converge do
4: Sample a mini-batch from the dataset (x;,y;);27 ~ D
5: for j = 1,....,n,,, do
6 Calculate selection probabilities
(Pl P) = S (x5)
7: Sample selection vector
8: fori =1,....ddo _ |
s] ~ Ber(p!)
9: Calculate loss
R i . . [ )
lj(x},8;) ¢ - [Ziﬁf log(f7 (x{™,8;) = 3" 109:“3(3‘1))]
i=l i=]
10: Update the selector network parameters (/
Tyl R
0 0—a—>3" (I;(x;,8) + Alls;ll) Vo logmo(x;,s;)
MNomb j=1
11 Update the predictor network parameters ¢
1 Thombs c ) (a }
O — _ﬁm ; ;_y{ ® V,plug{ﬁ’(xj ! .Sj:l)
12: Update the baseline network parameters ~

LT I

YD wl %V, log(f](x;))

T
mb juml §ml
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Main Algorithm

Back-propagation
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Experiments

Dataset Synl Syn2 Syn3 Syn4 SynS Syn6
Metrics (%) | TPR | FDR | TPR | FDR | TPR | FDR || TPR | FDR | TPR | FDR | TPR | FDR
INVASE | 1000 | 0.0 | 1000 | 0.0 | 920 | 00 || 998 | 103 | 848 | 1.1 | 90.1 | 74

L2X 1000 | 0.0 | 1000 | 0.0 | 694 | 30.6 || 795 | 21.8 | 748 | 26.3 | 83.3 | 16.7
LIME 13.8 | 86.2 | 100.0 | 0.0 | 98.1 1.9 || 40.7 | 494 | 41.1 | 50.6 | 50.5 | 495
Shapley 60.4 | 39.6 | 93.3 6.7 90.9 | 9.1 652 | 319 | 629 | 33.7 | 71.2 | 28.8
Knockoff 10.0 | 70.0 | 8.7 36.2 | 81.2 | 17.5 || 38.8 | 35.1 | 41.0 | 51.1 | 56.6 | 42.1
Tree 100.0 | 0.0 | 100.0 | 0.0 | 100.0 | 0.0 || 54.7 | 39.0 | 56.8 | 37.5 | 60.0 | 40.0
SCFS 235 | 76,5 | 395 | 60.5 | 783 | 22.0 || 489 | 524 | 424 | 51.2 | 56.1 | 439
LASSO 19.0 | 81.0 | 39.8 | 60.2 | 783 | 21.7 || 499 | 509 | 455 | 482 | 564 | 43.6

CAU AutoML LAB 7



Experiments

D AUROC
ataset
w/o FES with Global | with INVASE with Tree with L2X | with LASSO
Synl S78+.004 | .6864.005 .690+.006 S574+.101 | .498+.005 4984-.006
Syn2 J7894.003 | .873+£.003 877+.003 872+.003 | .8234+.029 555+.061
Syn3 .8544.004 | .900+£.003 902+.003 .899+.001 | .8624+.009 .886+.003
Syn4 S558+.021 174+.006 187+.004 684+.017 | .678+.024 5144031
SynS 6624013 | .784+.005 1844.005 J414.004 | .709+.008 691+.024
Syn6 692+.015 | .8584.004 877+.003 J71+£.031 | .827+.017 J1274.025
Dataset AUPRC
w/o FS with Global | with INVASE with Tree with L2X | with LASSO
Synl S5674+.007 | .690+.006 .694+.006 ST77+.102 | .498+.007 499+.008
Syn2 7994.005 | .878+.005 .886+.004 878+.004 | .817+.031 S591+.037
Syn3 8614.003 | .905+.002 907+.003 904+.002 | .860+.012 .890+.002
Syn4 5724019 | .794+.006 .804+.004 681+.031 | .672+.025 536+.025
SynS 665+.019 | .796+.005 797+.006 J765+.003 | .719+.011 .680+.040
Syn6 J094+.018 | .870+.005 886+.004 J79+.027 | .835+.017 757+.036
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Experiments
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Experiments

Datasets Metrics AUROC | AUPRC AUROC | AUPRC
Labels 3 year S year
MAGGIC INVASE 7224005 | .655+.010 | .740+.005 | .867+.006
Without INVASE | .720+.006 | .6394+.009 | .730+.006 | .855+.004
Labels S year 10 year
PLCO INVASE 637+.007 | .329+.013 | .673+£.007 | .506+.006
Without INVASE | .629+£.008 | .3244+.011 | .657+.006 | .485+.008
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Feature Selection, Interpretation, Prediction

N Experiments Global/ Model # of relevant
Key ideas shown Instance-wise | agnostic features
SCES M:?.K—l‘.?ﬂpﬂ!‘ldent:}f mm—redundf]m:}f Feature selection Global Yes Not needed
[11] criteria with Pearson correlations
MIFS Max-dependency min-redundancy . . ) _
21] criteria with Mutual Information Feature selection Global Yes Not needed
LASS0 Linear regression Feature selection ) _
[31] with I1-norm penalty Prediction Globel Yes Not needed
Knock-off Comparison between knock-off Feature selection ) _
(3] variables and real variables Hypothesis test Global Yes Not noedled
L2X Mutual Information maximization Int (ati Instance-wis Yes Should be
(4] with Gumbel-softmax erpretation fstince-vise s given
LIME Locally linear . _ . _ Should be
) L Interpretation Instance-wise Yes :

[24] approximation given
Shapley Shupl_ey value estimation Feature selection | Instance-wise Yes Shu.uld be
[18] to quantify feature importance given
DeepLIFT Decompose the output of Int ati Instance-wis N Should be
[27] NN on a reference input nterprefation ASTREE-wIse © given
Saliency Backpropagation from the . e Should be
129 output of the NN to the input Interpretation Instance-wise No given
Tree SHAP Shapley value estimation . L Should be

- ) ) Interpretation Instance-wise No .
[19] only for tree-ensemble models given
Pixel-wise Measuring the effects on . L Should be
L . Interpretation Instance-wise No :
[1] the output using input perturbation given
INVASE Minimize KL divergence using Feature selection
(Ours) deep NN influenced by Interpretation Instance-wise Yes Not needed

actor-critic models

Prediction
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Prediction

Datasets MAGGIC | PLCO

Labels 3-year | 5-year 5-year 10-year |
Metrics | AUROC | AUPRC | AUROC | AUPRC || AUROC | AUPRC | AUROC | AUPRC
INVASE 0.722 0.655 0.740 0.867 0.637 0.329 0.673 0.506

L2X 0.609 0.529 0.607 0.794 0.558 0.170 0.583 0.365
LIME 0.637 0.5596 0.634 0.808 0.597 0.183 0.601 0.374
Shapley 0.641 0.557 0.617 0.797 0.614 0.194 0.615 0.381

Knockoff | 0.686 0.614 0.711 0.853 0.619 0.230 0.658 0.475
Tree 0.678 0.604 0.708 0.850 0.632 0.269 0.655 0.469
SCES 0.683 0.623 0.723 0.857 0.632 0.231 0.632 0.444
LASSO 0.692 0.615 0.709 0.847 0.623 0.218 0.656 0.467
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Regression & Computer Vision

« EXTENDING INVASE TO REGRESSION
« COMPUTER VISION

U Net as Selector Network, VGG Net as Predictor & Baseline Network
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Regression & Computer Vision
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Next Step

« INVASE based Prediction Performance Improvement
- UMM A3 Computer Vision, Regression (F14| &)
- Choose Predictor Network and Experiment Dataset

« Next Week: Basic Implementation with some specific decisions related to

above various direction.
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Goodfellow, lan, Yoshua Bengio, and Aaron Courville. Deep learning. MIT press, 2016.
Aggarwal, Charu C. "Neural networks and deep learning." Springer 10 (2018): 978-3.
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767 S T 2712 EF M &g MW SHS flot 2E EYE 5 T, oM 48/74HM £ =Q 27

= o, 14 AZF B2 205 %US

=9 MEHE| X & R? =2 MEHE X & R?

1 |LT = AX2 = (left), AX1 LHZI2 (right) | 0.630 11 AX2 & (left) 0.476
2 LT &= 0.545 12 LT &=, CO1 & (right) 0.466
3 | LT &, AX2 = (left), AX1 AlAZH (left) | 0.540 13 LT &, AX2 2|22 (left) 0.465
4 LT &=, AX2 = (left), AX5 = (right) | 0.525 14 LT =, CO2 WA (right) 0.465
5 RT &= 0.524 15 LT =, AX5 222 (left) 0.447
6 LT &, AX2 & (left) 0.518 16 AX3 = (left) 0.443
7 LT =, AX2 A|AE (right) 0.501 17 AX3 & (right) 0.442
8 |LT &, AX2 1= (left), AX4 A|AA (right) | 0.498 18 LT =, AX2 <= (right) 0.425
9 |LT =, AX2 1= (left), AX3 LHEIZ (right) | 0.486 19 LT =, AX1 & (left) 0.424
10 LT =, AX4 = (right) 0.482 20 |LT =, AX2 = (left), AX2 2|&Z (right)| 0.420
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- NEHM BHE . (N-1) 250 A, 19 & S FE= 7FH2L, (76-(N-1))H2| A& 2|
N

« SR XU Hs B7t X =20, or TN BlE SE (76HK]| BIS)

- XFT d5 HI: BT HAEMNCR XF 05 45 8BS

« CNN 2|# 2% : Chaganti et al. (2019) &%t CT A|[AAQ| B E FHoICH= ©
O FASHLY, X“HE'J apgol Fey, EO'OF 4 E 9r4 CIXQIO| O E 1, RAMSHA| ol &,
ds0| LIRX| 240} CHE 2| Z¥@ 2 V4 &0, By Tl

Chaganti, Shikha, et al. "Contextual deep regression network for volume
estimation in orbital CT." International Conference on Medical Image
Computing and Computer-Assisted Intervention. Springer, Cham, 2019.
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