Deliberative Explanations:
visualizing network Insecurities

Pel Wang Nuno Vasconcelos

Statistical Visual Computing Laboratory, Dept. of Electrical and Computer Engineering, University of California, San Diego

Motivation  Attribution maps Resuylts
. . ; . . . p _ - _ . o
* To visualize the d_e_llbe.ratlve nature of the inference process like my; ; = [vgp(A)]z‘,j : ] * Ablation study Insecurity Ambiguity
humans for classifiers;  Difficulty scores Class: Nunnery  Class:Nunnery  Class: Fortress

« Humans could reasonably oscillate between different interpretations;
* In the limit of highly ambiguous inputs it is even acceptable for

: | Shared Part:
¢ HeSItancy Score 0.50 scores attribution function

) . ) . ) —— hesitancy score —_ graj?e.r: . BU|Id|ng
different systems (or people) to make conflicting predictions, as long . he ( : i
o o 5 . . pn . W gradient-Hessian
as they provide a convincing justification. D Grass
« Entropy score il G AN

precision
=
=
(=1

precision

ol e
S —— e = — e —

0.44

W NN S G GED D EED NS GEN GES GHD NS GES GEN GES GEO N mmS eme wnd e w—w—w—w— w— w— — - — -

Class: Black tern | Class: Artic tern Class: Elegant tern

the random crops.

« Hardness score [2].
Sha (X) — S (X) 0.3 0.4 D.Sreca” 0.6 0.7 0.8 0.3 0.4 -:I.Sr_eca” 0.6 0.7 0.8 y E Shared Part:
CUB200 [4]  Sky
| | Grass
Methods 10% 20% 30% 40% 50% Avg. ¥ P'a:‘;
' | Buildin
EV al uation Hesitancy score  8.32(0.05) 15.62(0.01) 22.25(0.02) 28.45(0.06) 34.31(0.11) 21.79(0.03) : ®
Entropy score 8.16(0.06) 15.10(0.08) 21.26(0.07) 26.92(0.18) 32.23(0.30) 20.73(0.09) :
— Explanations are usually difficult to evaluate, since explanation Hardness score [2] 8.63(0.12) 16.59(0.16) 24.14(0.19) 31.34(0.22) 38.29(0.24) 23.80(0.19) .
cottage: . . .
g ground truth is usually not available. Gradient [6] ~ 8.63(0.12) 16.59(0.16) 24.14(0.19) 31.34(0.22) 38.29(0.24) 23.80(0.19)
or Gradient w/o m®  8.54(0.17) 16.35(0.44) 23.70(0.77) 30.67(1.16) 37.39(1.59) 23.33(0.82)
eye? : e H luati Int. grad. [1] 8.70(0.12) 16.75(0.20) 24.37(0.27) 31.60(0.31) 38.56(0.30) 23.99(0.24) Glaucus Gull
i country uman evaluation Gradient-Hessian ~ 8.86(0.20) 17.00(0.29) 24.65(0.32) 31.92(0.35) 38.88(0.34) 24.26(0.30) vy e ]
tree trunk? : . :
| ? ) ADE20K |5 ' '
o = SCENEs N o Class: Glaucous gull | Class: California gull Class: Herring gull
nose? — ’ E— —— Impact of different difficulty scores and attribution functions 1 ' shared Part:
. . . : | . Leg color
mustache? T e \VVisualization results : ' is buff:
or r% \ : l : t « Belly color is
Insecurity ! Ambiguity ! : ' white and
-f_s-i_._ - ~ : ' : : pattern is
o TR ' Class: Junk pile | Class: Barnyard  Class: Vege Garden| : ' solid;
Basic Instructions : ({ & : Shared Part: T T
The imageabovesTowfsparft_of%bci’rd. ?nth.eright, : i : SO|| C'&SSZ G'&UCOUS gUII: C|ass: WeStern gU” C|aSS: Glaucous gU“:
E X p | an atl on g ener atl on e s B mos s vl . st A d ] Dorit know E | E Tree E = Shared Part:
« exactly two categories must be chosen o ,. — " 1 : : Grass ( 1 | i Bill Shape IS
Th I t . t f t f . t « ifitis too hard to decide, just choose “Don’t know" et = ,- o : : E E hOOked,
e explanation consists of a set of insecurities. - | | 4 : : ' Forehead
: : : ' coloris
— — — z MTurk interface ' ' : ,  Wwhite;
insecurity 1 insecurity 2 insecurity 3 o < : : : :
- ';\‘v &y N  Contrast: randomly cropped regions with the same size as insecurities | \ Shared Part:
| v | * Results: turkers agreed amongst themselves on a and b for 59:4% of ! ' Wall Black Tern
PC vs CR CR vs FC the insecurities and 33.7% of randomly cropped regions. Turkers | : Foor Insecurity Ambiguity
TR MR s ek R agreed with the algorithm for 51.9% of the insecurities and 26.3% of : : t'f:itr

Shared Part:

» Evaluation by proxy tasks : Tail shape is
CRvs WNR  PC vs WNR PC vs BC = ~ ! forked;
CSsata i 16 ot s e Coritiaon Ravee f - Define part, points on CUB200 and segments on segmentation e [t :;a;'o‘l’i‘;t;tem
i)r Branf:t (Zl‘orlgorant, T o datasets: ! | |
nsecurity 2: object could also be Pelagic . . . . . . '
Grad-CAM TSR ke ol ReaL White Necked Raven (WNR) « Compute ambiguity strength (similarity) for all parts P, class pairs Referen ce |
Existing explanation Deliberative Explanation Ambiguous classes ab), k k .k . -
\ / (a,b) Qo = V(@Pas Pp) 1] Mukund Sundararajan, Ankur Taly, and Qiqgi Yan. Axiomatic attribution for Class: Black tern | Class: Elegant tern Class: Forsters temi
: : - Remain 20% strongest as ground truth set G = {(p;, a;, b;) }.2;: deep networks. ICML, 2017 o | Shared Part:
* InSecurity generation - To evaluate each insecurity I‘(a b) 2] Pei Wang and Nuno Vasconcelos. Towards realistic predictors. ECCV, 2018. | * Wing color
. L ’ 3] Ramprasaath R Selvaraju,et al. Grad-cam: Visual explanations from deep ' | is white;
* Construct a set of candidate class ambiguities; on CUB|2{?|O’_ zriclb§linaa£ d:r?);aII are use|(‘:{li’p. cr,a; = a,b = b} networks via gradient-based localization. ICCV, 2017. 1 3 W:“g S-hape
 Combine attribution maps of two ambiguous classes and difficulty; p = VP k’ N R= o, » ) €G.a=abi=0] [4] P. Welinder,et al. Caltech-UCSD Birds 200. Technical Report CNS-TR-2010- 1 ‘ 3 '\fwzgg‘;attem
(a.b) . !{ pr €1} e R 001, California Institute of Technology, 2010. i J '\ is solid;
m, j’ — f(m?j, m, 7 mf]) * On segmentation datasets, loU metric is used [5] Bolei Zhou, et al. Scene parsing through ade20k dataset. CVPR, 2017. ' :
’ ’ ’ ’ Toll — rNp) [6] Karen Simonyan et al. Deep inside convolutional networks: Visualising
» Resize and threshold. r U p| image classification models and saliency maps, ICLR, 2014

SVCL <= UCSD



