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Evaluating Interpretability

Interpretable Image Recognition

An explanation should demonstrate similar predictive properties to its
query:
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Interpretability

Causality Analysis

Saliency guided perturbations revelal the importance of salient
regions.

Algorithm 1: Insertion Algorithm

Input: black-box f, image x, saliency map s°, number of pixels N
removed per step.
Output: insertion score ins. n+ 0
x" < Blur(x)
pr, < f(x)
while x # x’ do
According to s, set the next n pixels in x’ to corresponding pixels
in x
n«—n+1
ph = f(X)
ins < AreaUnderCurve(pévs.i/n,Vi =0, ...n)
return ins
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Interpretability

Causality Analysis

Saliency guided perturbations revelal the importance of salient
regions.

Algorithm 2: Deletion Algorithm

Input: black-box f, image x, saliency map s°, number of pixels N
removed per step.

Output: deletion score del.

n«+a0

pr < f(x)

while x has non-zero pixels do
According to s, set the next n pixelsin x to 0
n«—n+1
pg + f(x)

del < AreaUnderCurve(pgvs.i/n,Vi =0, ...n)

return de/
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Interpretability

Weakly Supervised Object Localization

OM :=1— (r;eaﬁ loU(B, Bp)> Tey=c, (4)

LE = 1~ maxloU(B, By).

P .= ZpeU Sg
25 5%
R:= 72’)6[]33.
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BoxAcc(n, d) := g1€a]>3<IL|OU(Bg’B)25. (8)

SP .= ]lp* cU-

SM := log max (
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Results

Quialitative Evaluation
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Results

Quialitative Evaluation
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Classification Metrics on Transformers:

METHOD VIT-B DeIT-B

AD| AGT AIT T(s) | ADL AGT Alf T(s)
Fake-CAM 0.3 0.4 483 0.00 | 06 0.3 446 0.00
Grad-CAM 69.4 25 124 0.14 | 335 1.7 125 0.11
Grad-CAM 86.3 15 1.0 0.15 | 50.7 09 72 0.13
Score-CAM 32.0 6.2 33.0 2369 | 536 22 122 2247
XGrad-CAM 88.1 0.4 4.3 0.13 | 80.5 0.3 4.1 0.12
Layer-CAM 82.0 0.2 2.9 0.24 | 889 0.4 2.6 0.24
ExPerturbation  28.8 6.2 244 13352 | 60.9 2.0 85 129.12
RawAtt 92.6 02 28 0.02 | 95.3 0.0 1.8 0.02
Rollout 421 56 20.9 0.02 | 55.2 08 7.9 0.02
TIBAV 81.7 08 58 0.16 | 62.3 07 74 0.16
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Classification Metrics on Transformers:

METHOD VIT-B DeIT-B

AD| AGT AIT T(s) | ADL AGT Alf T(s)
Fake-CAM 0.3 0.4 483 0.00 | 06 0.3 446 0.00
Grad-CAM 69.4 25 124 0.14 | 335 1.7 125 0.11
Grad-CAM 86.3 15 1.0 0.15 | 50.7 09 72 0.13
Score-CAM 32.0 6.2 33.0 2369 | 536 22 122 2247
XGrad-CAM 88.1 0.4 4.3 0.13 | 80.5 0.3 4.1 0.12
Layer-CAM 82.0 0.2 2.9 0.24 | 889 0.4 2.6 0.24
ExPerturbation  28.8 6.2 244 13352 | 60.9 2.0 85 129.12
RawAtt 92.6 02 28 0.02 | 95.3 0.0 1.8 0.02
Rollout 421 56 20.9 0.02 | 55.2 08 7.9 0.02
TIBAV 81.7 08 58 0.16 | 62.3 07 74 0.16
Opti-CAM 06 18.0 90.1 16.05 | 09 26.0 835 1517
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Localization Experiments:

METHOD ViT-B DeiT-B

0 1 FiT T T T O 1 1 F1T T T T 1
Fake-CAM 628 540 57.7|47.9 99.8 28.6 0.87| 61.4 540 57.7|47.9 99.8 287 0.83
Grad-CAM 796 743 29.4|450 581 31.0 3.27| 655 60.3 44.3|47.2 62.8 30.2 1.20
Grad-CAM++ 842 80.6 14.8|23.8 51.4 27.3 4.15| 70.6 67.2 34.3|436 57.7 303 2.14
Score-CAM 776 716 46.0|54.3 66.1 33.1 3.14| 79.9 762 319|438 63.4 322 3.14
XGrad-CAM 82.0 769 19.6|41.3 52.8 285 3.31| 82.0 78.4 19.5|441 534 28.8 3.03
Layer-CAM 70.7 63.9 206|505 60.7 32.6 1.44| 80.2 77.3 17.6|50.8 627 35.1 3.15
ExPerturbation 715 64.9 359|446 623 353 1.34| 69.9 64.3 362|442 63.1 355 1.16
RawAtt 724 64.8 185|504 554 316 1.68| 735 682 59|48.1 465 27.3 1.91
Rollout 67.6 58.8 36.9|50.7 57.8 30.0 1.16| 63.9 57.0 27.8|47.9 365 272 0.94
TIBAV 701 63.1 26.6|58.8 66.1 350 1.23| 68.2 62.2 28.1|59.6 64.1 335 1.08

Opti-CAM (ours) 64.4 54.6 54.5|48.0 582 287 0.98]| 62.3 55.1 53.9|48.0 55.1 28.8 0.84
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Qualitative Experiments
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Results

Quantitative Experiments
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PascaAL VOC 2012 - RESNET-50

POOLING MAP*
GAP 78.32
CA 78.35
INTERPRETABILITY METRICS
METHOD PooLING AD| AGt Al I D)
GAP 1261 968 27.88 89.10 59.39
Grad-CAM ., 12.77 15.46 3453 8853 59.16
GAP 1225 968 27.62 89.34 54.23
Grad-CAM++ 12208 16.76 34.87 89.02 53.34
GAP 148 676 36.41 71.10 39.95
Score-CAM 10.96 21.35 43.82 89.21 51.44
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Quantitative Experiments
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CUB-200-2011 - RESNET-50

POOLING Acct
GAP 76.96
CA 75.90

INTERPRETABILITY METRICS

METHOD PooLING AD| AGt Al I D)
GAP 10.87 1029 4581 6571 6.17
Grad-CAM ., 10.44 17.61 53.54 74.60 6.56
GAP 1135 9.68 4432 6564 5.92
Grad-CAM++ .\ 11.01 1650 51.63 74.64 6.21
Score.CAM AP 9.05 10.62 48.90 6558 5.94

CA 6.37 19.50 60.41 7422 214
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Results

Quantitative Experiments

ACCURACY AND PARAMETERS

PLACEMENT CLSDIM #PARAM AcCt

So— Sa 64 6.96M 74.70
S-S 256 6.95M 74.67
Sy — S 512 6.82M  74.67

S3— S 1024 6.29M  74.67
Sy — 84 2048 4.20M  74.63
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INTERPRETABILITY METRICS

METHOD PLACEMENT AD| AGtT Al It Dl

Sp — Sy 1254 22.67 4856 7553 13.50
Sy — 84 12.69 2265 4831 7553 13.41
GRAD-CAM S, — Sy 1254 2167 4858 75.54 13.50
Sz — 84 12.69 2228 4789 7555 13.40
Sy — Sy 12.77 20.65 4714 7432 13.37

So—S; 1399 1929 4460 7521 1378
Sy — S, 1399 1929 4462 7521 1378
GRAD-CAM++ S, — S; 1371 19.90 4543 7534 13.50
S;— S, 1369 1961 4504 7536 13.50
Sy —S; 1367 1836 4440 7419 13.30

So—S; 7.09 2365 5420 7491 1468
S;— S, 700 2365 5420 7492 14.68
SCORE-CAM S, — S, 709 2366 5421 7491 1468
S;— S, 774 2303 5292 7497 14.65
Sy — Sy 752 1945 5045 7419 14.46
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ACCURACY AND PARAMETERS

REPRESENTATION #PARAM  Acct
Class agnostic 32.53M 74.70
Class specific 32.59M 74.68

INTERPRETABILITY METRICS

METHOD REPRESENTATION AD] AGt Alt It Dl

Class agnostic 12.54 22.67 48.56 75.53 13.50

Grad-CAM  Glass specific  12.53 22.66 4858 7554 13.50

Class agnostic 13.99 19.29 4460 75.21 13.78
Grad-CAM++ 12 ¢ specific 13.99 19.28 44.62 7520 13.78
Score-CAM  Class agnostic 7.09 23.65 54.20 74.91 14.68

Class specific 7.08 23.64 54.15 74.99 14.53
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Results

Qualitative Experiments

Denoising effect
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Results

Qualitative Experiments

CAM Visualizations

GRAD-CAM GRAD-CAM++ SCORE-CAM ABLATION-CAM
INPUT
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Quantitative Experiments

Recognition Metrics

RECOGNITION METRICS

MODEL ERROR A ACCT
- - 73.42
RESNET-18 COSINE 75x10°% 72.86
- i 59.43
MOBILENET-V2 (o iNE 1x10°  62.36




Results

Quantitative Experiments

Recognition Metrics

Gradient
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RECOGNITION METRICS

MODEL ERROR A ACCT
- - 73.42
RESNET-18 COSINE 75x107% 72.86
- - 59.43
MOBILENET-V2 (o iNE 1x10°  62.36

Recognition properties are maintained.
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Quantitative Experiments

Interpretability metrics

MOBILENET-V2

METHOD ERROR AD| AG?T AlT INst DELJ
44.64 6.57 25.62 44.6414.34

GRAD-CAM - JINE 40.89 7.31 27.08 45.57 15.20

45.986.1204.10 44.72 14.76
GRAD-CAM++ - 1< INE 40.76 6.85 26.46 45.51 14.92
Scont.CAM 40.55 7.85 28,57 45.62 14.52

COSINE 36.34 9.09 30.50 46.35 14.72
45.15 6.38 25.32 44.62 15.03
COSINE 41.13 7.03 26.10 45.38 15.12
44.65 6.57 25.62 44.64 15.27
COSINE 40.89 7.31 27.08 45.57 15.20

ABLATION-CAM

AxioM-CAM
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Quantitative Experiments

Interpretability metrics

MOBILENET-V2

METHOD ERROR AD| AG?T AlT INst DELJ
44.64 6.57 25.62 44.6414.34

GRAD-CAM - JINE 40.89 7.31 27.08 45.57 15.20

45.986.1204.10 44.72 14.76
GRAD-CAM++ - 1< INE 40.76 6.85 26.46 45.51 14.92
Scont.CAM 40.55 7.85 28,57 45.62 14.52

COSINE 36.34 9.09 30.50 46.35 14.72
45.15 6.38 25.32 44.62 15.03
COSINE 41.13 7.03 26.10 45.38 15.12
44.65 6.57 25.62 44.64 15.27
COSINE 40.89 7.31 27.08 45.57 15.20

ABLATION-CAM

AxioM-CAM

Interpretable properties are enhanced. Deletion still poses an issue.
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