Beijing Forest Studio /" sk

ITRETAZERRARTLURAIRIL

im IR B2 DI #RiRE 0%
N4

WES MIHARE
2018%03H258




- B=iEI
- HIKKDIR

LLT
LA

- "'"zr
. WA

,ﬁa JIE\Q:I:




Y

i)

[ice



- WEFIIBINA

Similar Images

fn et Rirgrousd

R

machine translation

B RiE 5 AL



B2 . 99.99%

K: 96.93% St

5=
L



- NERBIDI R QIR R

- Frosst N, Hinton G. Distilling a Neural Network Into
a Soft Decision TreelJ]. 2017.

- Wu M, Hughes M C, Parbhoo S, et al. Beyond
Sparsity: Tree Regularization of Deep Models for
Interpretability[J]. AAAI 2018.



B IR



- DIRRETE

- HIINIZB oI BEEBEAZLENE (human
simulatability ) WRAZEDIATE S 1E B i8] IR 46 A EUE D
BRSH, S8 TIECIEEMmN, WizEBABEEHtE
(Lipton 2016 )

- RERESHERHZEAG: BSE—TRNTEREE, EEXTIUEREE
ERRS—PRESGEBHZWIR, EEHETEYEPHIATHEF
FRWES. XOJLAFTEMLEFI A IED &iRTE T eSGHEE




- R
- WA [FEg, MR, A, AFBR]
o Eﬁjll:l:'l [m! Z:m]




=hibADiR

- F1EEEFEKEAPL (Average Path Length)
- AT: APL:%gp(n)
- 3l
SRR
al1=[20,)m, b, BLFH
a2=[35,, o,

BAFR]
83:[25,H7 = ; IEEIZ}%E]

APL=1/3(p(a1)+p(a2)+p(a3l3))
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(a) £1-ball meets quadratic function.
f1-ball has corners. It's ve
the meet-point is at one of the corners
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(b) £2-ball meets quadratic function.
ry likely that £9-ball has no corner. It is very unlikely
that the meet-point is on any of axes.”
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Algorithm 1 Average-Path-Length Cost Function

Require:
y(-, W) : binary prediction function, with parameters 1
D = {u,})_ : reference dataset with N examples
1: function (1)
2: tree <— TRAINTREE({x,, y(xy, W)})
3 return + y_, PATHLENGTH(tree, z,,)
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(a) TIMIT Stop Phonemes  (b) HIV: CD4™ < 200 cells/ml  (c) HIV Therapy Adherence
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Dataset Model Epoch Time (Sec.)
Signal-and-noise HMM  HMM 16.66 = 2.53
Signal-and-noise HMM  GRU 30.48 £1.92
Signal-and-noise HMM  GRU-HMM 50.40 £ 5.56
Signal-and-noise HMM  GRU-TREE 43.83 = 3.84
Signal-and-noise HMM  GRU-HMM-TREE  73.24 4 7 86
SEPSIS HMM 589.80 £ 24.11
SEPSIS GRU 82227 £ 11.17
SEPSIS GRU-HMM 1 666.98 £+ 147.00
SEPSIS GRU-TREE 2015.15 + 388.12
SEPSIS GRU-HMM-TREE 2443.66 £ 351.22
TIMIT HMM 1668.96 £+ 126.96
TIMIT GRU 2116.83 + 438.83
TIMIT GRU-HMM 3207.16 £ 651.85
TIMIT GRU-TREE 3977.01 = 812,11
TIMIT GRU-HMM-TREE 4601.44 + 805.88
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Dataset

Fidelity

signal-and-noise HMM
SEPSIS (In-Hospital Mortality)
SEPSIS (90-Day Mortality)
SEPSIS (Mech. Vent.)
SEPSIS (Median Vaso.)
SEPSIS (Max Vaso.)

HIV (CD4™ below 200)
HIV (Therapty Success)
HIV (Mortality)

HIV (Poor Adherence)
HIV (AIDS Onset)

TIMIT

0.88
0.81
0.88
0.90
0.92
0.93
0.84
0.88
0.93
0.90
0.93
0.85
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