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Abstract
Universal application of AI has increased the
need to explain why an AI model makes a spe-
cific decision in a human-understandable form.
Among many related works, the class activation
map (CAM)-based methods have been successful
recently, creating input attribution based on the
weighted sum of activation maps in convolutional
neural networks. However, existing methods use
channel-wise importance weights with specific ar-
chitectural assumptions, relying on arbitrarily cho-
sen attribution threshold values in their quality as-
sessment: we think these can degrade the quality of
attribution. In this paper, we propose Libra-CAM,
a new CAM-style attribution method based on the
best linear approximation of the layer (as a func-
tion) between the penultimate activation and the
target-class score output. From the approximation,
we derive the base formula of Libra-CAM, which is
applied with multiple reference activations from a
pre-built library. We construct Libra-CAM by aver-
aging these base attribution maps, taking a thresh-
old calibration procedure to optimize its attribution
quality. Our experiments show that Libra-CAM can
be computed in a reasonable time and is superior to
the existing attribution methods in quantitative and
qualitative attribution quality evaluations.

1 Introduction
Widespread use of artificial intelligence has brought up the
need for interpreting why an AI model has made a partic-
ular decision. One motive is to build more intelligent au-
tonomous systems by improving AI’s effectiveness based on a
better understanding of their strengths and weaknesses [Gun-
ning, 2016]. Another purpose can be to gain humans’ trust in
AI’s decisions, as exemplified in the EU General Data Pro-
tection Regulation [GDPR, 2016]. Also, interpretable AI can
provide a valuable tool for inspecting fairness issues in deci-
sions [Chouldechova and Roth, 2020]. Finally, we may learn
new hypotheses from AI systems that can lead to scientific
discovery [Jiménez-Luna et al., 2020].
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In this work, we study the problem of extracting the at-
tribution of input features from a deep neural network for a
given input. Among many existing methods, we focus on
the recent class activation map (CAM)-based methods which
evaluate the contribution of activation maps and then overlay
the weighted activation onto input features. In particular, we
try to revamp the use of gradients in the CAM methods, de-
spite recent criticisms: Grad-CAM is often unable to capture
the entire object [Chattopadhay et al., 2018]; gradient infor-
mation can be noisy and vanishing, leading to the false con-
fidence problem [Wang et al., 2020]; gradients become noisy
and discontinuous as layers get deep [Balduzzi et al., 2017].

We also address the issue of arbitrary thresholding of attri-
bution maps. In the quality evaluation of attribution maps, we
found that a common practice is to mute attribution values ac-
cording to a specific threshold value when computing quality
metrics, where the value has been fixed without proper jus-
tification. For instance, top 15% in Grad-CAM [Selvaraju et
al., 2017], top 50% in Score-CAM [Wang et al., 2020], and
values higher than the mean plus the standard deviation of
the attribution map have been used in Relevance-CAM [Lee
et al., 2021], let alone extra muting of negative attribution
values in Grad-CAM and Score-CAM. However, our com-
parative evaluations over different threshold levels indicate
that the characteristics of attribution quality can vary signifi-
cantly, and therefore a proper calibration of the threshold will
be essential for attributing each input.

Our contribution can be summarized as follows:

• We introduce Libra-CAM, a new attribution method
based on the best linear approximation without any ar-
chitectural assumption, showing that the approximation
error is asymptotically zero.

• We propose a novel way of using reference inputs with
low confidence on the target class from training data and
a per-input threshold calibration to improve attribution
quality.

• We provide an efficient implementation of the proposed
ideas whose run-time is competent compared to the ex-
isting attribution methods.

• Our method outperforms the existing methods in all of
our extended attribution quality measures in all test cases
of our experiments, exhibiting good visual quality.
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2 Preliminaries and Motivation
Problem statement Consider a trained convolutional neu-
ral network as a function f : X → RK of an input image
x ∈ X ⊆ Rw×h with softmax output of K classes such that
fc(x) ≥ 0 for c = 1, . . . ,K and

∑K
c=1 fc(x) = 1. We aim to

assign relevance scores to input pixels in x regarding a target
class c, producing an attribution map I(x) ∈ Rw×h.
Notations In CAM-style attribution methods, we consider
fc as a composite function, fc(x) = gc ◦ A(x), for a given
input x ∈ X , where A(x) is the activation map at the penul-
timate layer for the input x, and gc is the layer between A(x)
and the output as a function. We denote by Akij the (i, j)-th
neuron in the k-th channel of the activation map A(x).
Motivating observations The gradient of fc with respect to
input pixels can give the information how sensitive the output
is for each input [Springenberg et al., 2015]. However, noisy
gradient evaluation [Balduzzi et al., 2017] can prevent input
gradient-based methods from generating faithful attribution.

Amongst the CAM-style attribution methods, Grad-
CAM [Selvaraju et al., 2017] is arguably the most well-
known; it computes the channel-wise importance weight αck:

αck :=
1

Z

∑
i,j

∂fc(x)

∂Akij
=

1

Z

∑
i,j

∂gc(A(x))

∂Akij
, Z :=

∑
i,j

1,

(1)
which is the spatial average of the gradients of fc(x) with
respect to the elements in the k-th activation channel. Grad-
CAM produces the attribution map:

IcGrad-CAM(x) := ReLU
(∑

k

αckA
k(x)

)
. (2)

Here, the backpropagation path of ∂fc(x)
∂Ak

ij

is much shorter than

that of ∂fc(x)∂xij
in deep neural nets and therefore the attribution

can be less affected by noisy gradients than input gradient-
based methods. However, the construction of Grad-CAM
raises some questions in the following perspectives.
Q. Why do we use channel-wise importance weights?
The use of channel-wise importance weight αck in (1) is a
reminiscence of the GAP (global average pooling) layer in the
original CAM [Selvaraju et al., 2017], which has been inher-
ited to other methods such as Grad-CAM++ [Chattopadhay et
al., 2018], Score-CAM [Wang et al., 2020], and Relevance-
CAM [Lee et al., 2021]. In the original CAM, the global
pooling (a channel-wise spatial pooling) was necessary to
construct the class activation map. Current methods do not
require the explicit existence of the GAP layer, however, their
use of channel-wise importance reflects the main operations
of the GAP layer: it is unclear if this architectural influence
is the best for attribution.
Q. What is the role of ReLU in the construction of attribu-
tion maps? In the author’s terms, Grad-CAM uses ReLU,
where ReLU(z) := max{z, 0}, in (2) to consider only the
‘positive’ influence to the class of interest. However, it is
unclear how numerically positive attribution values are asso-
ciated with influence being positive or class-relevant. The

use of ReLU also appears in recent methods, e.g., Grad-
CAM++ and Score-CAM. Furthermore, arbitrary threshold-
ing has been applied to the attribution maps in quality eval-
uations. For instance, Grad-CAM used only the top 15% of
the attribution values for quality assessment, whereas Score-
CAM used the top 50% and Relevance-CAM used values
higher than the mean plus the standard deviation of the at-
tribution values. We believe that they are naive forms of attri-
bution thresholding which deserves further investigation.

Q. Is the gradient information unreliable? Some of the
recent attribution methods tried to avoid using gradient infor-
mation, arguing that it could be noisy due to discontinuity in
gradients, saturations in activation, etc. For example, Score-
CAM replaced the gradient information with the prediction
score of the classifier given a masked input with each activa-
tion channel to evaluate the channel’s importance. Likewise,
Relevance-CAM replaced the gradient evaluation with the at-
tribution scores from Contrastive LRP [Gu et al., 2018] to
estimate channel importance.

However, if we use the gradient of the output function fc
with respect to the penultimate activation, the backpropaga-
tion path will be relatively short, and therefore gradient com-
putation can be less affected by the adverse effects.

3 Proposed Method
Our method is based on the best linear approximation of the
output function of a deep neural network, from which we de-
vise a new CAM-style attribution map using gradient infor-
mation.

3.1 Linear Approximation of fc
For a given input x and its penultimate activation A := A(x),
let us consider another input point (we call a base point) x̃ and
its activation Ã := A(x̃). The best first-order linear approx-
imation of gc(Ã) at A is given as follows due to the Taylor
series expansion [Nocedal and Wright, 2006],

gc(Ã) ≈ gc(A) +
∑
i,j

∑
k

∂gc
∂Akij

∣∣∣
A
(Ãkij −Akij). (3)

Rearranging the terms and using fc(x) = gc(A(x)), fc(x̃) =
gc(Ã) and ∂fc

∂Ak
ij

(x) = ∂gc
∂Ak

ij

(A) by the chain rule, we obtain
the following expression:

fc(x)− fc(x̃) ≈
∑
i,j

∑
k

∂fc
∂Akij

∣∣∣
x
(Akij − Ãkij). (4)

Choice of the base activation Ã To define the base acti-
vation Ã, we use a reference point xr from the training set
which satisfies certain criteria we will discuss later in detail.
Given xr and its activation (we call a reference activation)
Ar := A(xr), we set Ã as:

Ã = A+ α(Ar −A), for some α ∈ (0, 1). (5)

The following theorem shows that the approximation error in
(4) is asymptotically zero as α→ 0.
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Theorem 1. Suppose that we choose the base activation Ã
according to (5) and gc(·) is twice continuously differentiable
in a closed set containing A. Then,

lim
α→0

∑
i,j

∑
k

∂fc
∂Akij

∣∣∣
x
(Akij − Ãkij) = fc(x)− fc(x̃).

Proof. Let us denote the reminder of the approximation in (3)
byR(Ã, A) := gc(Ã)−gc(A)−

∑
i,j

∑
k
∂gc
∂Ak

ij

∣∣∣
A
(Ãkij−Akij).

According to [Courant and John, 1965], there exists a fixed

bound M such that M ≥
∑
i,j,k,i′,j′,k′

∣∣∣∣ ∂2gc
∂Ak

ij∂A
k′
i′j′

(A′)

∣∣∣∣ for

A′ such that ‖A′−A‖ ≤ ‖Ã−A‖, and |R(Ã, A)| ≤ M
2 ‖A−

Ã‖2 = αM2 ‖A−Ar‖
2. Therefore, the remainder approaches

zero as α→ 0, supporting the claim.

Note that our use of linear approximation is quite different
from the existing approaches. For example, LRP uses the
linear approximation in each layer where a root of fc(·) = 0
is used as a base point. The notion of a base point is also used
in Integrated Gradients, DeepLIFT, and Score-CAM, but they
are fixed as an all-zero or a blurred input image.

3.2 Libra-CAM
From the linear approximation in (4) and the choice of base
activation in (5), we derive a CAM-style attribution map
based on the activation map at the penultimate layer for the
input x and activation gradient information:

Ir(x) := ρ

(
α
∑
k

∂fc
∂Ak

∣∣∣
x
⊗ (Ak −Akr )

)
, (6)

where ∂fc
∂Ak is the matrix of partial derivatives ∂fc

∂Ak
ij

for all
i and j, ⊗ is the element-wise multiplication, and ρ is the
element-wise transformation function to the [0, 1] range.

Invariance to α Since we use the attribution map for as-
sessing the relative importance of input features, we can
transform the attribution values to be in the [0, 1] range – this
implies that the specific value of α > 0 does not affect the
result of Ir. Therefore we can assume any value for α, in par-
ticular, a small enough value to make the approximation error
in (4) negligible considering Theorem 1.

Libra-CAM We construct our Libra-CAM (a CAM based
on LInear approximation and threshold caliBRAtion) as an
average of the attribution maps Ir for r = 1, 2, . . . , R,
ILibra-CAM(x) := 1

R

∑R
r=1 Ir.This is not the final outcome yet

and will go through the following procedures.

Choice of references As discussed above, we can choose
any reference point xr without sacrificing the approximation
error in (4). Therefore, motivated by the subtraction of Ar in
(6), we choose xr and thereby Ar having a low probability
score for the target class c, that is, fc(xr) < τ for τ > 0.
Our conjecture is that the subtraction may remove irrelevant
features for the class c from the activation A. We have tuned
this hyper-parameter and set τ = 10−4 in our experiments.

Algorithm 1 Libra-CAM Algorithm
Input: An input x, its class c, the prediction score function
fc(·), and the activation function A(·).
Input: Lc, a list of references for the class c.
Parameter: Max no. references R.

1: I,M ← {an empty array of the length R}.
2: A← A(x).
3: for r ← 1 to R do
4: Ar ← Lc[r].
5: I[r]← ρ

(∑
k
∂fc
∂Ak

∣∣∣
x
⊗ (Ak −Akr )

)
.

6: M [r]← I[r]⊗ x.
7: end for
8: Parallel(r): S[r]← fc(M [r]).
9: γ ← mean(S) + std(S).

10: H ← {indices r for which S[r] ≥ γ}.
11: If H = ∅, H ← {1, . . . , R}.
12: L← 1

|H|
∑
r∈H I[r]

13: for t← 0.1 to 1.0 with the increment of 0.1 do
14: Parallel(i, j): [Lt]ij ← Lij if Lij ≥ t, else 0.
15: end for
16: Parallel(t): Ct ← fc(Lt ⊗ x).
17: t∗ ← argmaxt Ct.
18: return Lt∗

Reference library for efficient sampling Sampling the
reference points xr for r = 1, . . . , R from the training set
would be time-consuming when the training set is large.
Therefore, we use a pre-built collection of references we call
the reference library for the construction of Libra-CAM. For
each class ` ∈ {1, . . . ,K}, the library contains a list of ac-
tivations A(xri) from the input points xri for i = 1, . . . , R
that satisfy f`(xri) < τ . When a reference point satisfies the
low probability condition for multiple classes we add its acti-
vation to multiple lists to fasten the library building process.

Filtering of references To create the Libra-CAM for an in-
put x classified as the class c, we choose a subset of references
for the class c from the library that is more likely to contribute
to attribution quality. In particular, for each class-c reference
we create Ir by (6) and compute fc(Ir ⊗ x), the class proba-
bility of the masked input by the attribution Ir. Then we use
only references with improvements larger than γ > 0; if there
is no such subset, we use all reference points. The value of
γ has been tuned to the mean plus the standard deviation of
probability values of the masked inputs in our experiments.

Threshold calibration If we consider the attribution as a
kind of detection problem to find out class-relevant locations
and assign relevance scores, it will be natural to expect true
and false positive detection. This observation has motivated
us to turn off small attribution values below a certain thresh-
old by setting them to zero to reduce false positive detection
– we call the procedure of finding such optimal threshold
as threshold calibration. Our procedure generalizes arbitrary
thresholding used in the previous reports in quality assess-
ment of attribution maps discussed in Section 2.

Algorithm 1 shows our Libra-CAM generation process.
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4 Experiments
For the evaluation of the attribution quality, we have cho-
sen popular large-scale CNNs, ResNet-50 and VGG-16 (with
batch normalization) with two benchmark image datasets, the
ImageNet and the Pascal VOC datasets. Activation maps
are acquired from the penultimate convolution layers, namely
layer-4 and layer-43 of ResNet-50 and VGG-16, respectively.
We used the validation sets of ImageNet and Pascal VOC
for our experiment: the former consists of 1000 classes and
the latter 20 classes, large enough to test for various objects
with backgrounds. We report results on the correctly classi-
fied random samples (10000 from ImageNet and 1442 from
Pascal VOC).

We implemented our method Libra-CAM with PyTorch
and produced attribution maps (an open-source implemen-
tation is available at https://github.com/sanglee/Libra-CAM).
We compared our method to GradCAM [Selvaraju et al.,
2017], GradCAM++ [Chattopadhay et al., 2018], Score-
CAM [Wang et al., 2020], Relevance-CAM [Lee et al., 2021],
AGF [Gur et al., 2021], and SIG-CAM [Zhang et al., 2021],
utilizing open-source implementations provided by [Lee et
al., 2021] and [Zhang et al., 2021].

Evaluation metrics For quality assessment, we adapt the
popular measures average increase and average drop [Chat-
topadhay et al., 2018] and define the following measures:

• Average Probability Increase (API): 1
n

∑n
i=1

(oci−y
c
i )

+

yci

• Average Probability Drop (APD): 1
n

∑n
i=1

(yci−o
c
i )

+

yci

• Increase Rate (IR): 1
n

∑n
i=1 1(y

c
i < oci )

• Drop Rate (DR): 1
n

∑n
i=1 1(y

c
i > oci )

Here, yci is the probability of the class c with the maximum
probability given an input x, oci is the class probability with
the masked image (I ⊗ x) composed of an input x and its
attribution map I , n is the number of images used for testing,
(z)+ := max{z, 0}, 1(z) is an indicator function returning 1
if z is true and 0 otherwise.

If attribution maps highlight class-relevant features well,
we expect increases in class probability due to masking and
thus high API and low APD values. In addition, IR and DR
measure the average numbers of inputs for which probability
has been increased or decreased due to masking, respectively,
providing another attribution quality perspective. Note that
IR and APD are the same as average increase and average
drop in [Chattopadhay et al., 2018], respectively.

Quantitative attribution quality Figure 1 shows the API,
APD, IR, and DR values for tested attribution maps: we eval-
uated the values at multiple threshold levels in [0, 1] to study
their characteristics in regard to thresholding (when t = 0,
we set all measures to zero). We think all attribution maps
should be usable at their fullness (i.e., at t = 1), since other-
wise, users need to figure out suitable thresholds. In the first
plots in each dataset/network combination, we show the API
versus APD plot mimicking the TPR vs. FPR plot in the ROC
analysis, considering increases and decreases in class prob-
ability as true and false-positive detection of class-relevant

input features, respectively. These plots were used to com-
pute the AUC values in the subsequent results (all AUC val-
ues were computed with scaled API values to the [0, 1] range
with respect to each API vs. APD plot).

The curves demonstrate that our Libra-CAM has better at-
tribution quality (higher AUC, API, and IR; lower APD and
DR) than the competing methods consistently overall thresh-
old levels, datasets, and neural nets. An exception is AGF in
the Pascal VOC/VGG-16 combination, where it shows higher
IR at thresholds t ∈ [0.1, 0.2] and lower DR at t ∈ [0.1, 0.3]:
however, Libra-CAM outperformed AGF at all larger thresh-
olds. Moreover, the attribution quality of AGF was not con-
sistent over different cases: it was the second-best in the
Imagenet/VGG-16 case but one of the worst in the case of
PascalVOC/ResNet-50. In Pascal VOC/ResNet-50, all meth-
ods except for Libra-CAM seemed to suffer from API drops
at large threshold levels. This can be problematic for users of
these methods who do not know such issues and expect to use
the attribution maps as a whole.

Table 1 shows the AUC values (as described above) and
other attribution quality measures without thresholding (that
is, t = 1). The results show that Libra-CAM clearly out-
performs the competing methods in all measures and cases,
by good margins shown in the improvement row comparing
Libra-CAM to the second-best cases in each quality assess-
ment. Score-CAM was the second-best overall, except for
Pascal VOC/ResNet-50 where the second-best was unclear.

Qualitative attribution quality Figure 2 shows examples
of attribution maps generated by our Libra-CAM and the
competing methods. Although visual quality assessment can
be subjective, Libra-CAM appears to be good at localizing the
classified objects (e.g., in Butterfly and Person:top), detection
of multiple objects of the same class (in Person:bottom, Ti-
betan terrier, and Cat), and detection of the entirety of a single
object (in Green snake and Bird). The results of Grad-CAM,
Grad-CAM++, Score-CAM, and Relevance-CAM were quite
similar, especially the first two were almost indistinguish-
able. SIG-CAM’s attribution maps were often quite spotty,
not clearly capturing the objects (in Torch, Person:bottom, Ti-
betan terrier, and Green snake). AGF’s attribution was noisy
without enough localization in quite a few cases (in Torch,
Person:top, and Person:bottom).

Ablation study To evaluate how much using references
(R), reference filtering (F), and threshold calibration (C) con-
tribute to the performance of Libra-CAM, we performed an
ablation study measuring the AUC values of attribution as
shown in Table 2. Comparing to each of the previous cases,
we identified up to 11% (R), 30% (F), and 22% (C) quality
improvement by using the components additionally.

Computation time To provide an attribution map for each
input in a timely manner, efficient implementation of attri-
bution should be an essential consideration. As shown in
Table 3, our Libra-CAM can be computed in a reasonable
amount of time similar to that of AGF using our GPU-based
implementation.

Sanity check Figure 3 shows the sensitivity of Libra-CAM
following the sanity check [Adebayo et al., 2018], where at-
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Figure 1: The comparison of attribution quality at threshold levels t ∈ [0, 1] with the increment of 0.1 from left to right in all plots. The
quality measures are evaluated with images multiplied with attribution maps where the attribution values less than t are set to the zero value.

Dataset Method ResNet-50 VGG-16
AUC↑ API↑ APD↓ IR↑ DR↓ AUC↑ API↑ APD↓ IR↑ DR↓

ImageNet

Grad-CAM 0.145 0.043 0.100 0.381 0.616 0.114 0.041 0.137 0.294 0.702
Grad-CAM++ 0.145 0.043 0.100 0.379 0.618 0.101 0.037 0.145 0.278 0.717

Relevance-CAM 0.163 0.051 0.099 0.393 0.603 0.138 0.052 0.137 0.304 0.692
Score-CAM 0.190 0.060 0.064 0.421 0.574 0.163 0.061 0.104 0.318 0.678

AGF 0.144 0.042 0.138 0.350 0.646 0.154 0.052 0.135 0.336 0.660
Sig-CAM 0.042 0.021 0.459 0.130 0.870 0.024 0.017 0.547 0.074 0.926

Libra-CAM 0.273 0.115 0.034 0.721 0.276 0.267 0.129 0.030 0.705 0.291
Improvement ×1.44 ×1.92 ×1.88 ×1.71 ×2.08 ×1.64 ×2.11 ×3.47 ×2.10 ×2.27

Pascal VOC

Grad-CAM 0.365 0.043 0.036 0.318 0.680 0.335 0.046 0.015 0.250 0.608
Grad-CAM++ 0.366 0.043 0.036 0.320 0.680 0.328 0.046 0.019 0.241 0.659

Relevance-CAM 0.329 0.032 0.035 0.316 0.684 0.197 0.025 0.044 0.198 0.657
Score-CAM 0.364 0.046 0.030 0.327 0.671 0.360 0.048 0.006 0.266 0.587

AGF 0.287 0.037 0.044 0.422 0.576 0.388 0.042 0.017 0.230 0.557
Sig-CAM 0.203 0.086 0.100 0.249 0.751 0.151 0.028 0.195 0.129 0.856

Libra-CAM 0.428 0.157 0.001 0.648 0.351 0.400 0.060 0.003 0.313 0.506
Improvement ×1.17 ×1.83 ×30.0 ×1.54 ×1.64 ×1.03 ×1.25 ×2.00 ×1.18 ×1.10

Table 1: The attribution quality of full attribution maps (no thresholding). The best and the second-best cases are marked with a gray
background and underline, respectively. The improvements are by Libra-CAM over the second-best cases.

Figure 2: Qualitative comparison of our Libra-CAM and the other attribution methods.
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Dataset R F C ResNet-50 Ratio VGG-16 Ratio

ImageNet

7 7 7 0.173 1.00 0.158 1.00
3 7 7 0.180 1.04 0.176 1.11
3 3 7 0.224 1.29 0.223 1.41
3 3 3 0.273 1.58 0.267 1.69

Pascal VOC

7 7 7 0.386 1.00 0.383 1.00
3 7 7 0.403 1.04 0.390 1.03
3 3 7 0.408 1.06 0.397 1.04
3 3 3 0.428 1.11 0.400 1.04

Table 2: The AUC performance due to using R: references, F: refer-
ence filtering, and C: threshold calibration.

Network Method ResNet-50 VGG-16

ImageNet

Grad-CAM 0.042 (0.002) 0.017 (0.001)
Grad-CAM++ 0.034 (0.002) 0.027 (0.001)

Relevance-CAM 0.046 (0.003) 0.058 (0.002)
Score-CAM 15.234 (0.325) 1.700 (0.014)

AGF 0.410 (0.017) 0.154 (0.004)
Sig-CAM 9.290 (0.244) 8.533 (0.184)

Libra-CAM 0.263 (0.007) 0.291 (0.006)

Pascal VOC

Grad-CAM 0.033 (0.002) 0.020 (0.001)
Grad-CAM++ 0.033 (0.002) 0.026 (0.001)

Relevance-CAM 0.034 (0.002) 0.058 (0.001)
Score-CAM 13.959 (0.892) 2.355 (0.021)

AGF 0.421 (0.030) 0.155 (0.004)
Sig-CAM 8.944 (0.223) 8.341 (0.192)

Libra-CAM 0.168 (0.004) 0.146 (0.002)

Table 3: Comparison of attribution generation time in seconds (mean
and standard deviation in parentheses).

Figure 3: Cascading randomization test of Libra-CAM.

tribution maps are generated while model parameters are ran-
domized from the top to the bottom layers in a cascading fash-
ion. The result shows that Libra-CAM is sensitive to weight
perturbation and, therefore, passes the sanity check.

5 Related Work
Input saliency methods Output changes due to input per-
turbation provide useful information for attribution [Erhan et
al., 2009]. [Oquab et al., 2014] attributed each pixel for a
class by the class score averaged over image patches contain-
ing the pixel. [Zeiler and Fergus, 2014] used the deconvnet
and perturbed images with occluding patches to find out parts
of the image that lead to strong activation. LIME [Ribeiro
et al., 2016] used a local model to explain the prediction of
the classifier, while SHAP [Lundberg and Lee, 2017] approx-

imated the Shapley values for input attribution. Recently,
EMP [Fong and Vedaldi, 2017] used edited images to learn
the focus areas of a predictor. I-GOS [Qi et al., 2020] ex-
tended EMP achieving better convergence. To reduce com-
putation, RISE [Petsiuk et al., 2018] used a linear combina-
tion of random masks, while XRAI [Kapishnikov et al., 2019]
used over-segmented images testing the relevance of growing
regions.
Gradient-based methods Gradients give sensitivity infor-
mation of input features. Guided Backpropagation [Sprin-
genberg et al., 2015] modified gradients using the decon-
vnet for better attribution of input features. Integrated Gra-
dients [Sundararajan et al., 2017] used an average of gra-
dients along a path between the input and a baseline im-
age, whereas Guided Integrated Gradients [Kapishnikov et
al., 2021] aimed to remove the noise accumulation along the
path. DeepLIFT [Shrikumar et al., 2017] decomposed the
output by backpropagation and assigned contribution scores
to each neuron according to the difference to a reference ac-
tivation.
Relevance-propagation methods Layer-wise relevance
propagation (LRP) [Bach et al., 2015] suggested a way of
backpropagating the output (relevance) throughout the layers
of a neural net. [Gu et al., 2018] suggested a modification
to LRP at the final layer so that the attribution will reflect
class information better. RAP [Nam et al., 2020] added a new
feature to LRP to consider relevant and irrelevant attribution
separately. AGF [Gur et al., 2021] suggested an integration
of gradient-based and attribution-propagation methods.
Activation-based methods These methods make use of
values from intermediate layers for attribution. Grad-
CAM [Selvaraju et al., 2017] generalized CAM [Zhou
et al., 2016] so that attribution can be done without ex-
plicit modification of the neural network, where Grad-
CAM++ [Chattopadhay et al., 2018] tried to improve its
channel weight computation. Score-CAM [Wang et al., 2020]
and Relevance-CAM [Lee et al., 2021] replaced gradient in-
formation with classification scores of channel-masked im-
ages and relevance scores from Contrastive LRP [Gu et al.,
2018], respectively, to avoid issues from noisy gradients.
SIG-CAM [Zhang et al., 2021] suggested a weighted Grad-
CAM fine-tuned with I-GOS [Qi et al., 2020].

6 Conclusion
We suggested Libra-CAM, a new CAM-style feature attribu-
tion method based on the best linear approximation of con-
volutional deep neural nets. In addition to the base form of
Libra-CAM that is naturally derived from the approximation,
we have discussed reference selection, library creation, and
threshold calibration, all of which have been contributed to
Libra-CAM to outperform the existing attribution methods
we have tried. Libra-CAM is also computable in a timely
manner using our GPU-based implementation. We expect
Libra-CAM will be applicable in many application domains
where convolutional neural nets are available.
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