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Text with highlighted words
From: johnchad@triton.unm @l (jchadwic)
Subject: Another request for Darwin Fish
Organization: University of New Mexico, Albuquerque
Lines: 11

NN - PSHRE- B8 : triton unm E8

Hello Gang,

IBRSEE B8 been some notes recently asking where to obtain the
DARWIN fish.

This is the same question I [{ll¥@ and I ¥ not seen an answer on
the

net. If anyone has a contact please post on the net or email me.
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CAN YOU BUILD YOUR TRUST BASED ON ACCURACY?

5

Predicted: husky Prodic(ed
True: husky

Only 1
mistake!

(a) Husky classified as wolf (b) Explanation

Predicted: husky Predicted: woll
True: husky True: woll
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2. Local Interpretable Model-Agnostic Explanations
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2. Local Interpretable Model-Agnostic Explanations
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2. Local Interpretable Model-Agnostic Explanations
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2. Local Interpretable Model-Agnostic Explanations
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2. Local Interpretable Model-Agnostic Explanations
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2. Local Interpretable Model-Agnostic Explanations
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2. Local Interpretable Model-Agnostic Explanations

<TH Oy TS7] OfAl>

X, =7, Z
V1 v2 v3 vl v2 v3
1 1 0 0.7 0.6 0
X " 1 0 0 > » 0.7 0 0
P P V3 0 1 0 0 0.6 0
x1 0.7 0.6 1 0 0 ! 0 0 !
X2 2 4.1 0.3
X3 2.3 55 0.1
x4 0.4 0.8 13 X2 =2, Z,
v1 v2 v3 V1 v2 v3
1 1 0 2 4.1 0
2 1 0 0 > > 2 0 0
0 1 0 0 4.1 0
0 0 1 0 0 0.3
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2. Local Interpretable Model-Agnostic Explanations
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2. Local Interpretable Model-Agnostic Explanations
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4. Submodular Pick for Explaining Models — SP-LIME
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4. Submodular Pick for Explaining Models — SP-LIME

4

<iris Ol A| >
exp number | petal length (cm) | petal width (em) | sepal length (cm) | sepal width (cm) exp number petal Iength (cm)
setosa 0 0.082228 10.236923 0.032294 0.012060
setosa 0 -0.082228
setosa 1 -0.090088 -0.260716 -0.025831 0.012220
setosa 1 -0.090088
setosa |2 -0.061403 -0.203016 -0.032643 0.008165
setosa 2 -0.061403
setosa 3 0.115855 0.326017 0.043795 0.021527
setosa 3 -0.115855
setosa |4 -0.108132 -0.319248 -0.043905 0.014563
setosa 4 -0.108132
versicolor |0 -0.180320 0.074353 0.047606 -0.000603 -
versicolor 0
versicolor | 1 -0.130953 0.108325 0.049563 -0.012690 -
versicolor 1 -0.130953
versicolor |2 -0.224952 0.035047 0.027544 -0.009744 -
versicolor 2
versicolor |3 0.009624 0.215826 0.085704 -0.021219 -
versicolor 3 -0.009624
versicolor | 4 -0.032447 0.207419 0.082044 -0.020580 -
versicolor 4 -0.032447
virginica |0 0.262549 0.162570 -0.015312 -0.011457 —
virginica 0
virginica |1 0.221041 0.152391 0.023731 0.000470 —
virginica 1 0.221041
virginica |2 0.286355 0.167989 0.005104 0.001579 —
virginica 2
virginica |3 0.125479 0.110191 -0.041909 -0.000308 .
g virginica 3 0.125479
virginica |4 0.140578 0.111829 0.038139 0.006017 ..
9 virginica 4 0.140578

petal width (cm)

-0.203016

0.074353
0.108325
0.035047

0.16257
0.152391
0.167969
0.110191
0.111829

sepal length (cm)

-0.032294
-0.025831
-0.032648
-0.043795
-0.043905

0.047606
0.049563
0.027544
0.085704
0.082044

0.005104

sepal width (

cm)

-0.000603
-0.01269
-0.009744
-0.021219
-0.02058

0.00047
0.001579
-0.000308

0.006017
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4. Submodular Pick for Explaining Models — SP-LIME

SP-LIMES| HZHES w422 AYsY| ?lol RIHX| FelE HO L.

e W:n x d Explanation Matrix.

f1 f2 f3 f4 5
o Z} QIAEAO[interpretable component?| local importance
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Figure 5: Toy example V. Rows represent in-
e linear modelQ] Mf|o| M= Ij — Zﬂ . wIJE o| Jt= stances (documents) and columns represent features

(words). Feature f2 (dotted blue) has the highest im-
portance. Rows 2 and 5 (in red) would be selected
by the pick procedure, covering all but feature f1.

e coveragec(V,W, I)

o W, IV} FO{R S set VOi| ot QIAT A0 oHO|2H T LIEF! feature2| total importance
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Ch= 37HA| & 2%

(1) Are the explanations faithful to the model,
> DHEHS E=AS| MHIUX|

= O AT

(2) Can the explanations aid users in ascertaining trust in predictions,

-> 230| o|=0 tiet =S =telots O =50 2 = UA=71?

(3) Are the explanations useful for evaluating the model as a whole
> 282 28 M E Eot5t=H /&%tX|
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Ch= 37HA| & 2%

(1) Are the explanations faithful to the model,
> DHEHS E=AS| MHIUX|

= O AT

(2) Can the explanations aid users in ascertaining trust in predictions,
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Ch= 37HA| & 2%

(1) Are the explanations faithful to the model,

S DHS XA MEHSH=X|

(2) Can the explanations aid users in ascertammg trust in predictions,
> 230| o0 thet MZE =lste O =0 & = U=71?

(3) Are the explanations useful for evaluating the model as a whole
> 282 28 MM E Eot5t=H /&%tX|
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HOW?

Books, DVD LHO] H|O|HE O| 8¢l Zd2MZ 282 Al (n=2,000)

= Train = 1600, Test = 400

= C(lassify product review as Positive VS Negative
= Decision trees (DT),

= Logistic regression with L2 regularization (LR),

= Nearest neighbors (NN),

Use Sklearn -default

parameter

= Support vector machines with RBF kernel (SVM),
= Random forests (with 1000 trees) (RF),

= All using bag of words as features with the average word2vec embedding
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5. A

HOW?

Books, DVD CHO{ H|O|HZ O| &35l Z4d&a4= HA| (n=2,000)

11ka
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v/ 400740 BlAE HOIN F2 Crofs o|o| THerstn g

oig x2

ra

v Zb oo = =Qsicia MZEE|= 10749

Predict T
v Average Recall at2 ALt ( ie,ﬁT e
= True

Random : H=(HOH)E ZHESZ M

Greedy : remove features that contribute the most to the

—

predicted class until the prediction changes

Parzen: .. 714 2 FHEIA? O & .

(BEXIE > 23)

100 4.1 100 97.0
780
. 715 72.8 . 75 -
& — S
= 50 = 50
g E 3.0
25| 474 25| 208
random parzen greedy LIME random parzen greedy LIME
(a) Sparse LR (b) Decision Tree

Figure 6: Recall on truly important features for two

interpretable classifiers on the books dataset.

100 100 a78
9.2
BO.G

_ 75 15
g 598 o3 E
= 50 T 50 i
v

25| 192 Sy

0% vandom parzen greedy LIME random parzen greedy LIME
(a) Sparse LR (b) Decision Tree

Figure 7: Recall on truly important features for two

interpretable classifiers on the DV Ds dataset.
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https://sebastianraschka.com/Articles/2014_kernel_density_est.html

Ch= 37HA| & 2%

(1) Are the explanations faithful to the model,
> 2282 545 AU =X.

(2) Can the explanations aid users in ascertaining trust in predictions,
> 20| o=0f ot M2 E 2Ql5t= o 220 & = A=7P?

(3) Are the explanations useful for evaluating the model as a whole

> 2382 22 "N E B7tot=H 7&K
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[Ika
not

HOW?

» F1 score2 =M

Table 1: Average F1 of trustworthiness for different
explainers on a collection of classifiers and datasets.

Books DVDs
LR NN RF SVM LR NN RF SVM

Random 14.6 14.8 14.7 14.7 14.2 14.3 14.5 14.4
Parzen 834.0 87.6 94.3 92.3 87.0 81.7 94.2 87.3
Greedy 53.7 47.4 45.0 53.3 52.4 5H&8.1 46.6 5H5.1
LIME 96.6 94.5 96.2 96.7 96.6 91.8 96.1 95.6

/25



5. Summary

Model
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_ Human makes
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6. SHAP
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6. SHAP
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Contributions Shapley Value Calculation
gz olgl 290 % (2% A B C
6 (A} (AB,C) 6 30
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42 (€ (BAC) 0 30
12 4B} (B.CA) 0 30
4 R CAB 0 42
1 B.0) (CAB)
42 {A,B,C} (C,B,A) 0 0 42
T 2 35 +— ===

ot
okl

EY




- SHAPE=YE &

« LIMEE X9 i*iﬂ

HO| SRES

LIMES| & H:
1) .

SHAP2| ZHA.

) 12%8 57
2) Wty Tt
3) si40] Hjw X

4) Model-AgnosticO|X| 2t B 5tH

Ab SHAP > LIMEQ! At=h2 OfL|Ct,

\J
—_

OII'

, 801 0| &0| E|of SRTHX| £ 7t5.

*Oi)l

2t (7H°l’“)
H| @ 7Hs(CHe 0] X))

/25



0]
.
3
=
E
ES

-

=

=

2

=

H

petal length’(Cm) =

-ra
i

petal length (cm)

petal length (cm)

I
- o

- o
=

petal length (cm)

sample order by similarity v

14

1

=3

petal length (cm)

petal length {cm)

;
P
&
o
@

=

o
=
o
I

petal length {cm)

output value

output value

output value

petal width {cm)

05248 petal length (cm)

petal length (cm)

petal widtn (cm)

0 2 4 6 8 o 12 14 16 18 20 22 24 26 28
] ' '

petal length (cm)

petal length (cm)




dowitcher red-backed _sandpiper

meerkat mongoose

IS0 | g

—0.006 —-0.004 —-0.002 0.000 0.002 0.004 0.006
SHAP value
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