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1. Validation of SHAP-CAM;

The following experiment demonstrates that the exact
SHAP values of activation maps *M can be approximated
with negligible error by SHAP-CAM py, of sufficiently large
ITT|. Remind that as |II| increases, a coefficient vector «
from SHAP-CAM| converges to oM by the law of the
large numbers. For validation, we obtain a set of coeffi-
cient vectors by performing SHAP-CAM 7| multiple times.
If the coefficient vectors between different runs are suffi-
ciently similar to one another for a specific |I1|*, it is reason-
able to regard the coefficient vector o from SHAP-CAM| -

as ahap,

Table 1 shows the mean w17 and standard deviation oy
of the cosine similarities between the coefficient vectors
from SHAP-CAMy for given |II|. As identified in the ta-
ble, o from SHAP-CAM ¢k converges to P while show-
ing high p 0 (= 1) and low gk (= 0). This result justifies
setting |II|* = 10k in the main paper.

ImageNet vocC coco

11 0.87594  0.38435  0.44429
o1 1.445e-2  8.040e-2 6.773e-2
nio 098672 0.85987  0.87541
o190 1.607e-3  1.856e-2 1.535e-2
w100 099857 098315  0.98488
o100 1.609e-4  1.629e-3  1.324e-3
pie 099986 0.99831  0.99848
o 2.729%-5 2.190e-4 1.797e-4
tiok  0.99999  0.99985  0.99987
ook 1.704e-6  1.455e-5 1.116e-5

Table 1. Mean and standard deviation of 100 observations (i.e., co-
sine similarities) for each |II|. We analyze 100 randomly selected
images for each dataset.

2. LIFT-CAM of Different Target Layers

DeepLIFT [9] linearizes non-linearties within a given
network during backpropagation. Therefore, it is natural to
reason that o't diverges from a*M® for early layers. Table
2 shows that the earlier the layer we target, the lower the
cosine similarity between olift and o from SHAP-CAM, ok
we obtain. In addition, we also compare the faithfulness of
LIFT-CAM for different target layers. As reported in Ta-
ble 3, LIFT-CAM of Conv5-3 shows the best results for all
metrics.

Based on the above two experimental results, we use the
last convolutional layer as the target layer [ of LIFT-CAM.
Note that this is consistent with the existing convention of
other CAMs [2, 3, 4, 8, 10, 11].

Conv5-3 Conv5-2 Conv5-1
Cosine similarity 0.980 0.924 0.879

Table 2. Cosine similarities between the coefficients from LIFT-
CAM and those from SHAP-CAM for different target layers of
the VGG16 network. Note that Conv5-3 is the last convolutional
layer. The values are averaged for 500 randomly selected images
from ImageNet.

3. LIFT-CAM for Architectures of Linear I
3.1. Proof for o/ift = oshap

Proof. Since we normalize the final visual explanation map,
it is enough to show that o™ oc "% If F is linear, F* is
of the form:

N
FC(A):Z Z Ay W) +1°
k=1 (i,5)EA

where W ¢ and b¢ indicate the weights and bias for the target
class c, respectively.



Increase in Confidence (%)

Average Drop (%)

Average Drop in Deletion (%)

ImageNet VOC COCO ImageNet VOC COCO ImageNet VOC CcoCco
Conv5-3 25.2 38.7 39.3 29.15 17.15  18.65 32.95 20.09 26.34
Conv5-2 25.0 36.3 36.0 30.17 19.71  21.26 32.13 18.63 26.04
Conv5-1 22.9 34.5 32.8 32.07 2041  23.67 28.88 18.69 24.60

Table 3. Faithfulness evaluation on the object recognition task for LIFT-CAM of different target layers of the VGG16 network. Note that
Conv5-3 is the last convolutional layer. We analyze 1,000 randomly selected images for each dataset. Higher is better for the IC and ADD.

Lower is better for the AD.

Increase in Confidence (%)

Average Drop (%)

Average Drop in Deletion (%)

ImageNet VOC COCO ImageNet VOC COCO ImageNet VOC  COCO
Grad-CAM 39.0 46.5 45.3 15.80 13.53 18.71 41.79 19.32 27.42
Grad-CAM++ 37.6 38.8 42.7 16.35 10.71  15.61 40.42 16.55 24.42
XGrad-CAM 419 48.7 50.6 13.36 12.38 17.01 4473 20.80 27.42
Score-CAM 37.2 40.8 43.6 14.81 9.79 14.87 41.93 17.18 22.47
Ablation-CAM
LIFT.CAM 41.0 509  52.6 13.21 10.34  13.99 45.02 23.12 30.30

Table 4. Comparative evaluation of faithfulness on the object recognition task between various CAMs for the ResNet50. We analyze 1,000
randomly selected images for each dataset. Higher is better for the IC and ADD. Lower is better for the AD.

For a given kg € {1,..., N;}, we have:

lift
ayp, = Cany are

= Z Cadyy i jyAFe
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where A\ (ko,1,j) denotes the tensor obtained by setting
Ay (i,jy = 0 from A. Recall that the reference values are
set to 0 in LIFT-CAM.
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Meanwhile, o, is given by:
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where k = > (N;—|a'|)!(Ja’|—1)!/N;!. This completes
a' cA’
the proof because « is a constant for k. O

3.2. Faithfulness evaluation

Table 4 shows the IC, AD, and ADD results of various
CAMs for the ResNet50 network that has linear F'. By us-
ing ahaP a5 the coefficients for a linear combination, LIFT-
CAM generally outperforms the other methods, presenting
the best results. Even if Ablation-CAM [3] also provides the
exact a*M%P_ it is time-consuming compared to LIFT-CAM.

4. Other Solutions for Proposed Framework

In the main paper, we introduce a few approaches which
can be interpreted with our proposed framework: Ablation-
CAM [3], SHAP-CAM, and LIFT-CAM. In addition to
these approaches, we adapt Layer-wise Relevance Propa-
gation (LRP) [1] and Local Interpretable Model-agnostic
Explanations (LIME) [7] to the problem of obtaining « of
CAM within our framework. We refer to the methods as
LRP-CAM and LIME-CAM, respectively.

' (Fe(ha(a)) - F(hala’ \ k) 4.1 LRP-CAM

LRP [1] is an additive feature attribution method that
conserves the sum of relevance scores between layers, like
LIFT-CAM. Therefore, we can define LRP-CAM to have:

= > R(Akgij) ()

(i,5)€A
where R(Ag(; jy) is the relevance score of Ag(; ;) W.rt.
F<(A). These LRP attributions o™ = (al¥, ..., alNrpl) es-
timate o as a solution for Eq. 5 of the main paper.



Increase in Confidence (%)

Average Drop (%)

Average Drop in Deletion (%)

ImageNet VOC COCO ImageNet VOC COCO ImageNet VOC CcoCco
LRP-CAM 24.7 31.7 325 29.19 2952  28.52 27.52 19.00 26.09
*LIME-CAM3512 243 374 37.1 29.28 22776 22.87 32.39 19.53 26.08
*LIME-CAMi1gx512 25.8 37.5 37.5 28.10 2241 2270 32.84 19.83 26.65
Grad-CAM 24.0 32.7 31.9 31.89 30.73  30.74 30.60 17.43 25.66
LIFT-CAM 25.2 38.7 39.3 29.15 17.15  18.65 32.95 20.09 26.34

Table 5. Faithfulness evaluation on the object recognition task for LRP-CAM and LIME-CAM. The symbol * denotes averaging for 10
runs. We analyze 1,000 randomly selected images for each dataset (the same image samples as Table 1 of the main paper). Higher is better

for the IC and ADD. Lower is better for the AD.

LRP-CAM needs only a single backward propagation to ob-
tain o', However, the method defies the local accuracy of
SHAP similar to Ablation-CAM and presents less faithful
explanations compared to LIFT-CAM (see Table 5).

4.2. LIME-CAM
The explanation model of LIME-CAM is given by:

argmin L(F°, gcam, ¥ a) + Q(gcam) 2
geam€G

where G is the family of possible gcam and 104 denotes the
weight kernel that measures the proximity to the original
input A to be explained. ©2(gcam) indicates the complexity
of gcam. Conventionally, L is a squared loss function and
Lasso regularization is used for {2. Then, we can rewrite the
Eq. (2) as below:

argmln—Z@/}A (ha(a ))(Fc(hA(a/))*gCAM(a/))2+5||0‘||1

QCAMGG

3)
where N is the number of samples for regression and we
let a(ha(a')) = exp(— %) B and ~ are set
t0 0.01 and 0.5, respectlvely. In addition, each element of a’
is sampled from Bernoulli distribution with the probability
of 0.5.

Now, we define LIME-CAM with N samples as LIME-
CAMy,. Since LIME-CAMy, requires N, forward simu-
lations and an additional linear regression to obtain «, the
large N results in high computational overhead. To provide
a guidance to the use of LIME-CAM, we analyze two ver-
sions of LIME-CAM; one is LIME-CAMy;, that is a prac-
tical version LIME-CAM of using N; (i.e. the number of
activation maps) samples and the other is LIME-CAM; g,
that uses the large N for linear regression.

4.3. Faithfulness evaluation

Table 5 shows the IC, AD, and ADD results of LRP-
CAM, LIME-CAMs;5;2 and LIME-CAMig«512 for the

VGG16 network!. To gauge the performances, the results
of Grad-CAM [8] and LIFT-CAM are also presented. Note
that since LIME-CAM is based on the random sampling,
we report the averaged results of 10 simulations for LIME-
CAM.

As shown in Table 5, LIME-CAMs515 provides better
performances than Grad-CAM, but falls behind LIFT-CAM
for all of the reported metrics. LIME-CAM;gx512 outper-
forms LIME-CAMj5;;5, but is still worse than LIFT-CAM.
To sum up, although LIME-CAM provides plausible visual
explanations with a small number of samples, it requires
high computational burden to achieve comparable perfor-
mances to LIFT-CAM.

5. Application of DeepSHAP and KernelSHAP
5.1. DeepSHAP

DeepSHAP [6] which modifies DeepLIFT, computes
DeepLIFT attributions w.r.t. multiple references and av-
erages the resulting attributions. However, in this prob-
lem, the reference value of every activation neuron is fixed
to 0, as mentioned in the main paper. Therefore, using
DeepSHAP leads to the same results with LIFT-CAM.

5.2. KerneSHAP

KernelSHAP [6] is a model-agnostic method which em-
ploys the LIME framework to estimate SHAP values. The
big difference to LIME is the weight kernel in the regres-
sion model. If we define KSHAP-CAM as a method of using
KernelSHAP to obtain a of CAM, the explanation model of
KSHAP-CAM is given by:

’

argmmzwA )(F(ha(a’)) — geam(a ))® (4
geam€G
with the weight kernel ¢ 4/ (a) = M%' By

(Dl 1a’1=1a’)
performing linear regression of Eq. (4) with the sufficient
number of samples, we can approximate "%

'Note that N; = 512 for an off-the-shelf VGG16 network.



ImageNet VOC COCO
*KSHAP-CAM515 0.708 0.507 0.536
*KSHAP-CAM1gx512 0.994 0.962  0.969
LIFT-CAM 0.980 0918 0.924

Table 6. Cosine similarities between the coefficients from
KSHAP-CAM and those from SHAP-CAM . The symbol * de-
notes averaging for 10 runs. We analyze 500 randomly selected
images for each dataset (the same image samples as Table 2 of the
main paper).

Table 6 shows the cosine similarities between « from
KSHAP-CAM and o from SHAP-CAM,( for the VGG16
network. Note that the reported results of KSHAP-CAM
are the averaged values of 10 simulation runs. In the ta-
ble, o from KSHAP-CAMj5;5 shows distinct differences
with a®". Even if KSHAP-CAM; 512 can approximate
oM quite precisely, KSHAP-CAM with the large N, suf-
fers from the problem of high computational cost, similar to
LIME-CAM.

6. More Examples of Visualization

Figure 1 shows visualizations from various CAMs. We
can discover an important implication from the figure;
the methods which can be interpreted by our proposed
framework (i.e., Ablation-CAM [3], LRP-CAM [4], LIME-
CAM3;12, KSHAP-CAM3,9, and LIFT-CAM) tend to pro-
vide similar visual explanations by approximating cspap.
This can be noted in the banana (row 1), broccolli (row 2),
laptop (row 3), pizza (row 4), and person (row 5) cases.
They generally produce object-focused explanations with
less noise compared to the other methods (i.e., Grad-CAM
[8], Grad-CAM++ [2], XGrad-CAM [4], and Score-CAM
[10]). However, all the methods other than LIFT-CAM pro-
vide unstable visual explanations and fail to localize the tar-
get objects in some cases. Only LIFT-CAM yields reliable
visual explanation maps for all cases.

7. Performance Evaluation of LIFT-CAM: Ad-
ditional Results

In this section, we validate the reproducibility of the re-
ported results of the main paper. Tables 7, 8, 9, and 10 show
the IC, AD, ADD, and energy-based pointing game results
from 10 simulation runs, respectively. For each simulation
run, we analyze 1,000 randomly selected images from Im-
ageNet. As identified in the tables, all the results are in
good agreement with the reported results of the main paper,
demonstrating the faithfulness of LIFT-CAM.
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Figure 1. Visual explanation maps of various CAMs. We use the VGG16 network pretrained on COCO [5] for visualization. Note that
Score-CAM, Ablation-CAM, LIME-CAMs5,12, and KSHAP-CAMs512 require a number of forward simulations while Grad-CAM, Grad-
CAM++, XGrad-CAM, LRP-CAM, and LIFT-CAM need only a single backward pass.



Increase in Confidence (%)
Simulation # 1 2 3 4 5 6 7 8 9 10 | Average

Grad-CAM 235 249 263 245 235 231 261 234 263 219| 2435
Grad-CAM++ 262 239 27.1 243 238 233 244 236 261 214 | 2441
XGrad-CAM 259 255 279 261 244 245 247 257 269 228 | 25.44
Score-CAM 235 240 249 236 221 226 226 245 249 21.1| 2338
Ablation-CAM  26.8 255 274 272 249 247 267 265 27.1 229 | 2597
LIFT-CAM 271 257 278 279 254 248 272 264 215 232 | 2630

Table 7. IC results of various CAMs from multiple simulations. We analyze 1,000 randomly selected images from ImageNet for each
simulation. Higher is better.

Average Drop (%)
Simulation # 1 2 3 4 5 6 7 8 9 10 ‘ Average

Grad-CAM 31.92 3225 3250 3216 3259 3255 2923 31.74 3131 3443 | 32.07
Grad-CAM++ 2825 2898 2858 29.02 3047 2940 27.54 28.19 28.69 30.78 | 28.99
XGrad-CAM 2942 30.86 30.64 30.26 31.14 3094 2872 3045 29.77 33.00 | 30.52
Score-CAM 27.67 28.44 28.64 2795 2934 2828 2724 2785 2821 29.71 | 28.33
Ablation-CAM  28.12 2840 28.53 2696 29.59 27.62 26.16 27.74 28.12 3046 | 28.17
LIFT-CAM 2794 2817 2817 26.77 29.09 27.25 26.15 27.66 27.90 30.28 | 27.94

Table 8. AD results of various CAMs from multiple simulations. We analyze 1,000 randomly selected images from ImageNet for each
simulation. Lower is better.

Average Drop in Deletion (%)
Simulation # 1 2 3 4 5 6 7 8 9 10 Average

Grad-CAM 31.27 30.74 3270 3090 30.85 32.11 2823 30.53 29.07 31.34 | 30.77
Grad-CAM++ 2837 26.68 29.26 2637 26.77 27.57 2571 28.09 25.18 28.10 | 27.21
XGrad-CAM 31.10 31.21 3232 29.81 30.09 31.64 2834 29.59 2891 31.59 | 30.46
Score-CAM 25.04 24.13 28.25 24.00 2397 2498 23.05 2501 2293 26.75| 2481
Ablation-CAM 3239 32.57 3434 31.74 3192 3271 3021 3134 29.53 3330 | 32.00
LIFT-CAM 32.74 3332 34.56 31.77 32.60 32.80 3038 31.87 30.26 33.66 | 32.40

Table 9. ADD results of various CAMs from multiple simulations. We analyze 1,000 randomly selected images from ImageNet for each
simulation. Higher is better.

Proportion (%)
Simulation # 1 2 3 4 5 6 7 8 9 10 ‘ Average

Grad-CAM 50.84 4874 49.69 47.51 4838 49.08 51.01 46.71 49.88 48.99 | 49.08
Grad-CAM++ 5191 49.60 51.16 48.71 49.75 5039 5248 4841 5130 49.89 | 50.36
XGrad-CAM 50.67 4872 49.58 4730 4831 49.06 5094 46.65 49.71 4891 48.99
Score-CAM 53.62 5158 52.84 50.65 5140 52.19 5435 5023 53.08 51.62| 52.15
Ablation-CAM 5292 53.03 53.84 51.57 52.00 53.11 5528 50.77 54.03 5297 | 53.15
LIFT-CAM 55.40 53.52 54.36 52.09 52.56 53.66 55.82 5132 54.57 5349 | 53.68

Table 10. Energy-based pointing game results of various CAMs from multiple simulations. We analyze 1,000 randomly selected images
from ImageNet for each simulation. Higher is better.



