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Abstract
In computer vision, some attribution methods for explaining CNNs attempt to study how the inter-
mediate features affect network prediction. However, they usually ignore the feature hierarchies
among the intermediate features. This paper introduces a hierarchical decomposition framework
to explain CNN’s decision-making process in a top-down manner. Specifically, we propose a
gradient-based activation propagation (gAP) module that can decompose any intermediate CNN
decision to its lower layers and find the supporting features. Then we utilize the gAP module
to iteratively decompose the network decision to the supporting evidence from different CNN
layers. The proposed framework can generate a deep hierarchy of strongly associated support-
ing evidence for the network decision, which provides insight into the decision-making process.
Moreover, gAP is effort-free for understanding CNN-based models without network architec-
ture modification and extra training process. Experiments show the effectiveness of the proposed
method. The data and source code will be publicly available at https://mmcheng.net/hdecomp/.
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1 Introduction
Deep convolutional neural networks (CNN) have
made significant improvements on various com-
puter vision tasks, such as image recognition
(Simonyan and Zisserman, 2015; He et al, 2016;
Huang et al, 2017), object detection (Girshick
et al, 2014; Girshick, 2015; Ren et al, 2015),
semantic segmentation (Long et al, 2015; Chen
et al, 2017; Zhao et al, 2017; Lin et al, 2017),
traffic environment analysis (Zhu et al, 2016;
Hou et al, 2019), medical image understanding
(Ronneberger et al, 2015; Litjens et al, 2017),
and weakly supervised segmentation (Papandreou

et al, 2015; Hou et al, 2018; Jiang et al, 2022).
Despite the high performance, CNNs are usually
used as black boxes as their internal decision pro-
cess is unclear. Moreover, plenty of recent research
(Goodfellow et al, 2014; Kurakin et al, 2017; Atha-
lye et al, 2018), has pointed out that the previous
successful CNN models can still be fooled by
adversarial examples where the changes can not
even be noticed by human eyes. With the above
prior, it is difficult for human beings to trust the
good-performing yet opaque CNN models. There-
fore, the interpretability of CNNs is as crucial
as their performance, especially in some critical
applications.
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Fig. 1 Overview of our approach. The middle is an evi-
dence pyramid for the network prediction, and the bottom
shows the important features from different stages of VGG-
16. The colored circles represent the features. We detect
interactions among the features and show how they are
combined at different hierarchies in the decision-making
process.

A fully interpretable convolutional neural net-
work is a long-standing holy grail for deep learning
researchers. To this end, researchers have pro-
posed a wide range of techniques. Feature attri-
bution (or saliency) methods (Sundararajan et al,
2017; Shrikumar et al, 2017; Simonyan et al, 2014)
provide a powerful tool for interpretability. They
attribute an output prediction of CNN to the
input image, where the generated saliency map
can tell us which pixels are important to the pre-
diction. Such ability helps humans to understand
how the input affects the prediction. Another set
of feature attribution methods (Dhamdhere et al,
2019; Leino et al, 2018) measures the importance
of intermediate features towards a prediction.
They further select important features and study
their impact on the prediction. Apart from gen-
erating the feature importance, the relationships
among intermediate features (Olah et al, 2020) are
also important to understand the predictions but
receive little attention.

CNNs have demonstrated a strong ability to
gradually abstract image contents and generate
features at different semantic levels, e.g., blob-
s/edges, textures, and object parts (Zeiler and

Fergus, 2014). While discovering important fea-
tures can provide a rich set of evidence for the
output prediction, isolated evidence is less con-
vincing and informative than the evidence chain
(Giannelli, 1982) or the evidence pyramid (Murad
et al, 2016). According to the feature integration
theory developed by Treisman and Gelade (1980),
the human brain first extracts basic features and
then utilizes attention to combine individual fea-
tures to perceive the object. Ideally, we would
expect a hierarchical evidence tree as demon-
strated in Fig. 1, which attributes a CNN decision
to multiple key features, and each of them can
be recursively attributed to more basic features.
By associating intermediate features like ‘head’,
‘face’, ‘eye’, ‘nose’, and ‘edge’ in this example,
a group of strongly associating evidence corre-
sponding to the network’s inner state is emerging,
reviewing real-world facts of the human percep-
tion decision.

There are two major challenges for existing
feature attribution methods to achieve the hierar-
chical decomposition. Firstly, directly decompos-
ing millions of feature responses in all channels
and all spatial locations is both computationally
infeasible and cognitively overloading for humans.
Meanwhile, feature attribution methods such as
(Dhamdhere et al, 2019; Leino et al, 2018) are
quite time-consuming because they need to repeat
the backpropagation process many times. Sec-
ondly, some attribution methods (Zhou et al,
2016; Selvaraju et al, 2020) generate an atten-
tion map for the whole layer, rather than a group
of attention maps for each feature channel. The
channel-wise attention maps are crucial for the
iterative decomposition process as they can indi-
cate the most important neuron in a feature chan-
nel to be decomposed. To alleviate these issues,
we propose an efficient gradient-based Activation
Propagation (gAP) module, which decomposes a
feature response at any CNN location to its lower
layer. As the gAP module generates an activa-
tion map for each feature channel, we can easily
select a few mostly activated feature channels as
crucial evidence, obtaining human-scale explana-
tions. For each of those selected feature channels,
the CNN feature at the most activated spatial
position can be iteratively decomposed. By avoid-
ing decomposing features at too many spatial
locations, we can further reduce the number of
potential visualizations to the human scale.
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(a) Feature Visualization (b) Class Activation Map
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Fig. 2 Illustration of different kinds of interpretative
methods.

The proposed hierarchical decomposition
framework can effectively generate hierarchical
explanations (see Fig. 1), which builds relation-
ships among crucial intermediate features. We
have conducted extensive experiments on sev-
eral aspects, including a sanity check of the gAP
module and understanding the network decisions.
Experiments show the effectiveness of our frame-
work to explain network decisions. In summary,
we make two major contributions:
• We propose an efficient gradient-based Activa-

tion Propagation (gAP) module, which decom-
poses the network decision and intermediate
features to find their key supporting evidence
from previous layers.

• We propose a hierarchical decomposition frame-
work, which builds relationships among impor-
tant intermediate features, enabling hierarchi-
cal explanations with human-scale supporting
evidence.

2 Related Work
The interpretability of CNNs has been actively
studied, with major progress in four main areas,
including feature attribution, feature visualiza-
tion, knowledge distillation, and intrinsic inter-
pretable models.

2.1 Feature Attribution
Feature attribution methods typically generate
a saliency map to locate the input locations
important to the output. We classify them into
three categories: backpropagation-based meth-
ods, perturbation-based methods, and activation-
based methods.

Backpropagation-based methods. In the
early days, Sung (1998) learn to rank the impor-
tance of input for the backpropagation networks
by several tools such as sensitivity analysis.
Baehrens et al (2010) identify the feature impor-
tance for a particular instance by computing the
gradients of the decision function. Simonyan et al
(2014) backpropagate the gradients of the out-
put prediction w.r.t. the input image and generate
a saliency map that indicates the importance of
each pixel in the image. All the above meth-
ods utilize the partial derivative of the output
to the input. Guided Backpropagation (Sprin-
genberg et al, 2015) and Deconvnet (Zeiler and
Fergus, 2014) utilize different backpropagation
logics through ReLU, where they both zero out
the negative gradients. Sundararajan et al (2017)
consider the saturation and thresholding problem.
They compute the saliency map by accumulating
the gradients along a path from the base image
to the input image. Another set of methods, such
as LRP (Bach et al, 2015), DeepTayor (Montavon
et al, 2017), RectGrad (Kim et al, 2019), DeepLift
(Shrikumar et al, 2017), FullGrad (Srinivas and
Fleuret, 2019), PatternAttribution (Kindermans
et al, 2018), and Excitation Backprop (Zhang
et al, 2016), utilize different top-down relevance
propagation rules. Yang et al (2020) attempt to
learn the propagation rule automatically for attri-
bution map generation. SmoothGrad (Smilkov
et al, 2017) sharpen the gradient-based salience
maps to reduce visual noise. Zintgraf et al (2017)
not only identify the important regions supporting
the network decision but also identify the regions
against the decision. Moreover, some methods
(Dhamdhere et al, 2019; Leino et al, 2018) mea-
sure the importance of the hidden unit to the
prediction based on the backpropagation. These
methods can find out the most important fea-
tures from different layers of deep networks. Kim
et al (2018) study the high-level concepts instead
of low-level features for interpreting the internal
state of the neural network. They utilize the direc-
tional derivatives to quantify the importance of
high-level concepts to a classification result.

Perturbation-based methods. These methods
perturb the input to observe the output changes.
Zeiler and Fergus (2014) occlude the input image
by sliding a gray square and use the change of
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the output as the importance. Petsiuk et al (2018)
randomly sampled a masked region. Ribeiro et al
(2016) utilize the super-pixel to select occluded
image regions. They learn a local linear model
to compute the contribution of each super-pixel.
Besides, the recent methods (Fong and Vedaldi,
2017; Fong et al, 2019; Dabkowski and Gal, 2017)
learn a perturbation map, where the map applied
to the input image can maximumly affect the pre-
diction. Fong et al (2019) also apply the input
attribution method to study the salient channels
of deep networks.

Activation-based methods. These methods
(Zhou et al, 2016; Selvaraju et al, 2020; Chat-
topadhay et al, 2018) generate a coarse class
activation map by linearly combining the feature
channels from the convolutional layer. The class
activation map is upsampled to the size of the
input image and provides image-level evidence
that is important for the network prediction,
as demonstrated in Fig. 2(b). Zhou et al (2016)
propose Class Activation Mapping (CAM). They
need a specific network with the global average
pooling layer to generate class activation maps.
Later, Grad-CAM (Selvaraju et al, 2020) and
Grad-CAM++ (Chattopadhay et al, 2018) gener-
alize the CAM method to other tasks by utilizing
the task-specific gradients as weights. Besides,
LayerCAM (Jiang et al, 2021) generate reliable
class activation maps for both deep and shallow
layers. Unlike Grad-CAM, Score-CAM (Wang
et al, 2020) utilize the forward passing score on
the target class to obtain the weight for each
activation. Recently, Zhou et al (2018) attempt
to decompose the network decision into several
semantic components and study each compo-
nent’s contribution. As shown in Fig. 2(c), the
class activation map is decomposed into several
semantic components.

The aforementioned attribution methods
mostly focus on generating saliency/activation
maps to study how the input affects the out-
put prediction. Although some attribution meth-
ods can measure the importance of intermediate
features to the output prediction, they usually
neglect to study the relationships among different
intermediate features. As pointed by Olah et al
(2020), the relationships among different inter-
mediate features are also important to interpret

a prediction. We decompose not only the net-
work decision but also the intermediate features
to find their supporting evidence from previous
layers, explaining how these associated inter-
mediate features affect each other. While LRP
(Bach et al, 2015) method propagates feature
importance to intermediate features, the feature
importance for different channels is coupled in
the back-propagation process. This method gen-
erates simple explanations for the entire network
behavior rather than hierarchical explanations.

2.2 Feature Visualization
Visualizing the CNN features of the intermediate
layers can provide insight into what these lay-
ers learn. For the first layer of the CNN, we can
directly project its three-channel weights into the
image space. To visualize the features from higher
layers, researchers have proposed many alterna-
tive approaches. Among them, Erhan et al (2009)
and Simonyan et al (2014) utilize the gradient
ascent algorithm to find the optimal stimuli in
the image space that maximizes the neuron acti-
vations. Other methods (Zeiler and Fergus, 2014;
Springenberg et al, 2015; Zhou et al, 2015) identify
the image patches from the dataset that maxi-
mize the neuron activation of the CNN layers,
as shown in Fig. 2(a). Guided Backpropagation
(Springenberg et al, 2015) and Deconvnet (Zeiler
and Fergus, 2014) also utilize the top-down gradi-
ents to discover the patterns that the intermediate
layers learn. Using the natural image prior, fea-
ture inversion methods (Mordvintsev et al, 2015;
Yosinski et al, 2015; Mahendran and Vedaldi,
2015; Dosovitskiy and Brox, 2016; Olah et al,
2017) learn an image to reconstruct the neuron
activation. Furthermore, the recent methods (Bau
et al, 2017; Fong and Vedaldi, 2018; Bau et al,
2020) attempt to detect the concepts learned by
intermediate CNN layers. The above feature visu-
alization methods explore what the intermediate
features detect, but they do not answer how the
network assembles individual features to make a
prediction.

2.3 Knowledge Distillation
Recently, another research line has attempted to
transfer the powerful ability of CNN to explain-
able models, such as the decision tree or linear
model, to approximate the behavior of the original
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model. Chen et al (2019b) distill the knowledge
into an explainable additive model. Ribeiro et al
(2016) utilize a local linear model to approximate
the original model, studying how the input affects
any classifier’s decisions. Frosst and Hinton (2017)
and Liu et al (2018) distill the learned knowledge
of CNN into the decision tree. These methods only
bridge the network decision and the input. They
cannot help the user understand how the internal
features of CNNs affect the network decision and
each other. Our hierarchical decomposition is also
an approximation to the original model. Unlike
the above methods, our hierarchical decomposi-
tion not only highlights the important features for
the network decision but builds the relationships
among the feature channels from different layers.
From our method, we can obtain the states of
the internal features and how the internal features
affect each other and the network decision.

2.4 Intrinsic Interpretable Models
Except for the post-hoc interpretability analy-
sis for a trained CNN, some researchers have
attempted to explore inherently interpretable
models. Chen et al (2019a) propose a deep net-
work architecture called prototypical part net-
work. The network has a transparent reasoning
process that first computes the similarity scores
between the image patches and the learned proto-
types. Then the network makes predictions based
on a weighted sum of the similarity scores. Con-
cept bottleneck models (Koh et al, 2020; Kumar
et al, 2009; Lampert et al, 2009) are also inher-
ently interpretable. Unlike those post-hoc meth-
ods (Bau et al, 2017; Fong and Vedaldi, 2018)
that utilize human-specific concepts to generate
explanations, they directly predict a set of human-
specific concepts at training time and then use
these concepts to make predictions, where the
reasoning process is interpretable. Some recent
intrinsic interpretable models (Koh et al, 2020;
Chen et al, 2019a) utilize VGG (Simonyan and
Zisserman, 2015) or ResNet (He et al, 2016) to
extract high-level features first and perform the
reasoning process on the high-level features. Our
method is complementary to these CNN-based
intrinsic interpretable models because one can use
the hierarchical decomposition to provide more
hierarchical evidence from the feature extractor if
needed.

Fl+1

Fl

Gl

Al

visualizations
CNN layer l

Fig. 3 Our gradient-based activation propagation (gAP)
method explains a decision of interest Fl+1

k′,x,y ∈ R, i.e., the
CNN feature illustrated by the black dot, by localizing the
most related neuron activations in its previous CNN layer.

3 Methodology
3.1 Gradient-based Activation

Propagation
We begin by defining the notation for the CNN,
as illustrated in Fig. 3. In the lth CNN layer, the
features Fl, partial gradients Gl, and corre-
sponding neuron activations Al are 3D tensors
with the same size, i.e., Gl,Al,Fl ∈ RKl×Hl×W l ,
where Kl is the number of channels and H l ×W l

is the spatial size in the CNN layer l. To find
supporting evidence for the final CNN decision
or any intermediate feature response, we propose
a gradient-based activation propagation (gAP)
method. Using the gAP module, we can under-
stand a decision of interest at a CNN layer by
localizing the most related evidence in its previous
layer.

As shown in Fig. 3, we decompose a CNN fea-
ture (i.e., a decision of interest) Fl+1

k′,x,y at the
convolutional layer l + 1, channel k′, and spatial
position (x, y), to find the supporting evidence in
its previous convolutional layer l. In this work,
we are interested in understanding the strong fea-
ture response Fl+1

k′,x,y, where Fl+1
k′,x,y > 0. In typical

CNNs, a certain feature at layer l+1 is computed
as a linear combination of features from its pre-
vious layer l and a ReLU. For the strong feature
Fl+1

k′,x,y, we have

Fl+1
k′,x,y = ReLU(

∑
k

∑
i

∑
j

wl
k,i,j · Fl

k,i,j)

=
∑
k

∑
i

∑
j

wl
k,i,j · Fl

k,i,j,
(1)
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where wl
k,i,j is the linear weight for combining the

feature Fl
k,i,j . To obtain the weight, we first use

backpropagation to compute the partial gradient
map Gl

k of the feature Fl+1
k′,x,y w.r.t. the feature

map Fl
k by

wl
k = Gl

k =
∂Fl+1

k′,x,y

∂Fl
k︸ ︷︷ ︸

gradients via backprop

. (2)

The gradient map Gl
k captures the ‘importance’

of the feature map Fl
k for the decision Fl+1

k′,x,y.
We employ the gradient map Gl

k to generate
an activation map

Al
k = Gl

k · Fl
k. (3)

The activation map indicates the contribution of
each feature in Fl

k to the decision Fl+1
k′,x,y. Based on

its corresponding activation map, each channel’s
contribution to the decision can be computed by

αl
k =

1

Zl

Hl∑
x

W l∑
y

Al
k,x,y, (4)

where Zl = H l×W l denotes the number of spatial
positions in the activation map Al

k. We can also
identify the feature Fl

k,x̂,ŷ in kth feature channel
that contributes the most to the decision in which

(x̂, ŷ) = argmax
(x,y)

Al
k,x,y. (5)

Thus, for each decision at layer l + 1, we
can find the most important feature channel
Fl

k at layer l according to the contribution αl
k

computed by Eqn. (4). In the most important
channel, we can also identify the feature Fl

k,x̂,ŷ

that contributes most to the decision according to
Eqn. (5). In the top row of Fig. 4, we show the
three most important activation maps A4

131, A4
255,

and A4
452 in layer conv4_3 for the decision from

F5
277. These activation maps provide spatial chan-

nel responses to the decision, benefiting human
understanding. Using Guided Backpropagation
(Springenberg et al, 2015), we visualize the most
contributing feature by generating sharp visual-
izations, which highlight the associated input. An
example is shown in the bottom row of Fig. 4.

131st 255th 452nd

Fig. 4 Example of the most significant activation maps
(upper row) and their corresponding visualizations (lower
row) for layer conv4_3, which contains 512 channels. The
black dot denotes the peak location in the activation map.

Note that gAP itself does not include Guided
Backpropagation. We only utilize Guided Back-
propagation Springenberg et al (2015) to generate
sharp visualizations of the selected top activations
by gAP.

Discussion. Our gAP module is inspired by
CAM (Zhou et al, 2016) and Grad-CAM (Sel-
varaju et al, 2020), which explain CNN decisions
by class activation localization. To explain the
relation and difference to our gAP module, we
first revisit CAM and Grad-CAM. Selvaraju et al
(2020) have proofed that Grad-CAM is a strict
generalization of CAM. Without loss of generality,
we consider the same network discussed in (Zhou
et al, 2016). For an image classification CNN, the
CNN features FL of the last convolutional layer1

are spatially pooled using the global average pool-
ing layer to obtain feature vectors. The network
performs a linear combination of the feature
vectors by feeding them into a fully connected
layer before the softmax. Let C denote the number
of classes. The classification score before softmax
Sc for each class c ∈ {1, 2, . . . , C} is

Sc =

KL∑
k

wc
k

global average pooling︷ ︸︸ ︷
1

ZL

HL∑
x

WL∑
y

FL
k,x,y

=
1

ZL

HL∑
x

WL∑
y

KL∑
k

wc
kF

L
k,x,y,

(6)

1We index the last convolutional layer as L.
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where wc
k is the weight connecting the kth fea-

ture map with the cth class. The contribution of
a feature FL

k,x,y to Sc is wc
kF

L
k,x,y. CAM generates

a class activation map M c by summing over all
feature maps,

Mc =

KL∑
k

wc
kF

L
k , (7)

where each value in Mc indicates the contribution
of each spatial location to Sc.

For the linear function, the importance weight
is also equal to the gradient. Thus, we can
also obtain the weight by computing the back-
propagating gradients,

wc
k =

HL∑
x

WL∑
y

∂Sc

∂FL
k,x,y

. (8)

The detailed derivations of wc
k is depicted in (Sel-

varaju et al, 2020). Eqn. (8) is also the way that
Grad-CAM computes the weight wc

k. A little dif-
ference is that Grad-CAM multiplies wc

k by a
proportionality constant, i.e.,

wc
k =

1

ZL

HL∑
x

WL∑
y

∂Sc

∂FL
k,x,y

, (9)

where the proportionality constant 1/ZL will be
normalized.

Considering the scores {Sc} as CNN features
with C channels and spatial size 1×1, i.e., FL+1

c,1,1 =
Sc, we can plug Eqn. (2) into Eqn. (9) and get

wc
k =

1

ZL

HL∑
x

WL∑
y

GL
k,x,y. (10)

Due to the global average pooling layer, the
gradient of each element in FL

k is the same,
i.e., ∀x,y,GL

k,x,y = wc
k. The class activation map

Mc can be written as

Mc =

KL∑
k

GL
k · FL

k =

KL∑
k

AL
k . (11)

Eqn. (11) suggests that the activation map Mc

for Grad-CAM can be generated by simply adding
the activations maps AL

k from our gAP.

The differences between gAP and Grad-
CAM/CAM are:
• Grad-CAM/CAM combine all activation maps

to generate a single class activation map Mc,
which highlights important regions supporting
the prediction. Our gAP method explains a
decision of interest by generating a group of
activation maps {Ak}. Each activation map
corresponds to a feature channel, which is cru-
cial for our iterative decomposition process.

• Grad-CAM/CAM generate class activation
maps from the last convolutional layer to
explain the prediction. Our gAP generalizes this
idea and iteratively decomposes a decision of
any CNN layer to its lower layer.

While the above derivations apply to adjacent lay-
ers, we empirically find that satisfactory decompo-
sition results can also be obtained when applying
the gAP module between two layers from different
stages of CNN (see Sec. 4.1). In the follow-
ing, we will describe how we build hierarchical
explanations for the network decisions.

3.2 Hierarchical Decomposition
In Fig. 5, we demonstrate an example of the hier-
archical decomposition process. First, we decom-
pose the network decision to the last convolutional
layer and find the top few most crucial supporting
features. Then, we decompose each of the support-
ing features to their previous layer and iteratively
repeat the decomposition process until the bottom
layer. As mentioned in Sec. 1, the key challenge is
that naively building the hierarchical decomposi-
tion will generate too many visualizations, which
will be a cognitive burden for humans. Even if we
only decompose a single maximal contributed fea-
ture in each channel (see also Eqn. (5)), directly
decomposing all channels in VGG-16 will gener-
ate 5123 × 5123 × 2563 × 1282 × 642 ≈ 2.5× 1022

visualizations.
To obtain human-scale visualizations, we pro-

pose two strategies to reduce the number of
visualizations. Firstly, we only decompose the top
few most important feature at each layer. Experi-
ment (see Sec. 4.1) has verified that a small subset
of feature channels in a layer accounts for the
majority of the contributions to a decision. Thus,
we select the top few most important channels.
We simplify the top-down decision decomposition
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Fig. 5 Illustration of our hierarchical decomposition process. The number for each visualization denotes the channel id of
VGG-16 (Simonyan and Zisserman, 2015). At each stage, we decompose one of the top-3 most important features to the lower
layer. Following the blue line, we zoom in an activation map for the decision. The gray dash line represents the decomposition
of the feature response corresponding to the maximal activation. Additionally, we also make the decomposition process
interactive. At each stage, the user can select any decision and decompose it.

process by utilizing the last convolutional layer of
each stage. Current popular CNNs (Simonyan and
Zisserman, 2015; He et al, 2016) usually reduce
the spatial size of feature maps after each stage,
where a stage is composed of a set of convolution
layers with the same output resolution. Each stage
learns different patterns, such as blobs/edges, tex-
tures, and object parts (Springenberg et al, 2015;
Zeiler and Fergus, 2014). Experiments verify that
when using the gAP module between two layers
from two consecutive stages, we can obtain visu-
ally meaningful decomposition results (see Fig. 5).
By these two strategies, we can largely reduce the
number of visualizations to obtain human-scale
explanations.

An example of the VGG-16 classification net-
work is shown in Fig. 5. We select conv1_2,
conv2_2, conv3_3, conv4_3, conv5_3 and index
these layers as {1, 2, . . . , L}, where L = 5. The
network output before softmax could be consid-
ered as the 6th CNN layer, with features F6 ∈
RC×1×1. The decomposition process starts from
the CNN decision F6

c , where c corresponds to the
‘person’ class. Using gAP, we first decompose the
CNN decision F6

c to 5th layer. The decomposition
generates a set of activation maps {AL} at 5th

layer for F6
c . We use Eqn. (4) to select the top N

(e.g., N=3) important activation maps, i.e., A5
389,

A5
277, and A5

259. We continue to decompose the
decisions from F5

389, F5
277, F5

259, and find the top
N most important activation maps at 4th layer
for them, respectively. However, directly decom-
posing the feature map is not easy. Because not
all of the features in a feature map contribute
to decision (see the activation maps in the top
row of Fig. 4). We select the most representative
feature that contributes most to a decision and
decompose this feature. We utilize Eqn. (5) to find
the feature Fl

k,x̂,ŷ corresponding to the maximum
activation. Then we decompose it to layer l − 1
using gAP. This hierarchical decomposition pro-
cess recursively runs until we decompose the CNN
decision to the lowest layer.

The number of visualizations N is a flex-
ible parameter, which controls how many top
response feature channels will be selected during
each decomposition. To make human cognition
easier, N is set to 3 in Fig. 5. Moreover, we
make the hierarchical decomposition interactive,
so that the users can choose the features to
be decomposed, easily accessing the information
they need. We also provide a video about the
interactive demo, shown in supplementary mate-
rials. In Fig. 5, we can see that the features
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Table 1 The Pearson correlation coefficient (PCC) of different settings. → denotes the decomposition. S5-S1 denotes
the last convolutional layer of 5 different stages in VGG-16 (Simonyan and Zisserman, 2015). AA: Average Activation.
MA: Maximum Activation. AG: Average Gradient. MG: Maximum Gradient. T: target category. Average activation
achieves the best result.

ILSVRC T → S5 S5 → S4 S4 → S3 S3 → S2 S2 → S1

AA 0.985 0.959 0.933 0.898 0.895
MA 0.897 0.912 0.894 0.864 0.890
AG 0.623 0.421 0.497 0.545 0.472
MG 0.454 0.456 0.567 0.594 0.606

VOC T → S5 S5 → S4 S4 → S3 S3 → S2 S2 → S1

AA 0.987 0.961 0.932 0.899 0.893
MA 0.917 0.913 0.892 0.856 0.897
AG 0.702 0.492 0.525 0.564 0.480
MG 0.575 0.525 0.536 0.583 0.669

detected in high-level layers can be decomposed
to different parts detected in low-level layers. The
hierarchical decomposition process tracks impor-
tant features and recursively explains the evidence
using evidence from lower layers. For instance, the
classification results of ‘person’ have been decom-
posed to ‘face’ and ‘hand’ evidence. The ‘face’
evidence is then decomposed to ‘eye’, ‘nose’, and
‘lower jaw’. This process continues until we reach
the lowest layer, which usually detects edge and
blob features.

Advantages over other attribution meth-
ods. First, the hierarchical decomposition can
provide more valuable stronly-correlated evidence
from different layers, which other current attribu-
tion methods cannot provide. Second, the hierar-
chical decomposition is an interactive tool, where
the users can freely select the top activations in
different channels to be decomposed. The hierar-
chical decomposition helps the user easily analyze
the state of the intermediate features.

4 Experiments
In this section, we first conduct experiments to
verify the correctness and efficiency of the deci-
sion decomposition. Then, we use the hierarchical
decomposition process to analyze network char-
acteristics and explain network decisions. We
conduct experiments on two popular datasets,
ILSVRC (Russakovsky et al, 2015) and PAS-
CAL VOC (Everingham et al, 2015). On the

PASCAL VOC dataset, the augmented training
set containing 10582 training images is used to
fine-tune different classification networks. All the
experiments are tested on a single RTX 2080Ti
GPU.

4.1 Sanity Check for gAP

The effectiveness of gAP. We have shown that
the gradient-based Activation Propagation (gAP)
module helps to decompose the network decision
hierarchically for the CNN-based models. During
the decomposition process, what matters most is
the accuracy of the channel contributions calcu-
lated by the gAP module. Thus, we first examine
the accuracy of the channel contributions to the
decision of interest. Following (Dhamdhere et al,
2019; Zhang et al, 2019; Bau et al, 2020), we
take the decision score drop, when removing a
feature channel at a time, as the ground truth
of the channel’s contribution. Specifically, given
an input image I, let f l+1 be a decision score at
the l + 1th layer. f̂ l+1 denotes the decision score
when setting the kth feature channel in the lth

layer to the average activation. The score drop
α̂l
k = f l+1−f̂ l+1 denotes the kth channel’s ground

truth contribution to this decision.
The Pearson Correlation Coefficient (PCC)

metric (Benesty et al, 2009) is utilized to mea-
sure the linear correlations between ground truth
contribution α̂l ∈ RKl and the contribution αl ∈
RKl estimated by Eqn. (4). When the PCC value
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Fig. 6 Comparisons of the feature response change when
removing top-k most important feature channels and top-k
most unimportant feature channels, respectively.

equals 1, there are linear correlations between the
two variables (0 denotes no linear correlations, -
1 denotes total negative linear correlations). The
PCC metric is computed by

ρ =
E
[
(αl − µαl)(α̂l − µα̂l)

]
σαl · σα̂l

, (12)

where µ and σ denote the mean and the standard
deviation, respectively.

As shown in Tab. 1, we study several strategies
of calculating the contribution of a feature channel
to the decision of interest. It can be seen that the
contribution computed by averaging activations
(i.e., Eqn. (4)) obtains the highest PCC value
with the ground truth. For all stages in VGG-
16, there are strong linear correlations between
the computed contributions and the ground truth.
This high correlation verifies the effectiveness of
the gAP module.

Besides, we design another experiment to ver-
ify the accuracy of the contributions computed by
gAP. Specifically, we present the feature response
change when masking the top-k most impor-
tant channels and top-k most unimportant chan-
nels. As shown in Fig. 6, when masking top-k
most important channels, the feature response
decreases a lot. However, when masking top-k
most unimportant channels, the feature response
increases. This indicates that the channel impor-
tance computed by gAP is accurate.

Taking the computational efficiency into
account, it is rather a time-consuming style of
measuring channel contributions by calculating
the score drop when removing feature channels
iteratively in a layer (Dhamdhere et al, 2019;
Zhang et al, 2019; Bau et al, 2020). In compari-
son, only one backpropagation process is needed
when gAP calculates the channel contributions
to a decision. On a VGG-16 backbone, calculat-
ing the ground truth channel contributions of an
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Fig. 7 (a) The first five figures plot the contributions of
each channel in a CNN layer to the decision. The contribu-
tion of a channel to a decision denotes how much it affects
the decision. gAP denotes the proposed gradient-based
activation propagation method. GT denotes the method
that removes feature channels. ‘Stage 1-5’ denotes the last
convolutional layer of each stage. The channel contribu-
tions are sorted in descending order. The contribution
distribution calculated by gAP keeps almost the same as
that of the ground truth. Besides, the contribution distri-
bution in a layer is long-tailed. (b) The last chart plots the
number of the activated channels and the number of all
channels at different layers. In high-level layers, there are
many activated channels with similar effects to a decision.

image takes about 10s, while the gAP module only
takes about 50ms, nearly 200x faster. With the
efficiency advantages of the gAP module, our hier-
archical decomposition process can immediately
yield detailed explanations of a network decision.

The distribution of contributions. As shown
in the first five curves of Fig. 7, we can observe
that the distribution of the channel contributions
in a CNN layer is long-tailed. A small number
of feature channels play the most important role
for a decision of interest. With deeper layers of
the networks, the proportion of the important
feature channels decreases. In high-level layers,
the feature channels are usually more discrimina-
tive. This fact is in line with the accepted notion
(Zeiler and Fergus, 2014). Besides, we also check
how many feature channels at a CNN layer work
together to determine a decision for the higher
CNN layers. We call the channel with αl

k > 0 as
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Fig. 8 Sanity check for different attribution methods
using cascading model parameter and data randomiza-
tion test. SG: SmoothGrad (Smilkov et al, 2017), GB:
Guided Backprop (Springenberg et al, 2015), IG: Inte-
grated Gradient (Sundararajan et al, 2017). The spearman
rank correlation metric (Sedgwick, 2014) is used to measure
the correlation between the attribution maps of the original
model and the randomizing model. Low correlation means
the attribution method is sensitive to the model parame-
ters and the data labeling, and thus suitable for explaining
the model decisions. Our gAP obtains low correlation val-
ues in these two tests. Best viewed with zoom in.

the activated channels and compute the number
of the activated channels in the decision decom-
position process. As shown in the last chart of
Fig. 7, when decomposing a decision from layer
conv2_2 to layer conv1_2, nearly all channels in
layer conv1_2 are found activated. However, for
the decomposition from the final decision to layer
conv5_3, we can see that the activated chan-
nels’ number is much less than the number of all
channels in layer conv5_3.

Channel-effect overlaps. Using the gAP mod-
ule, we observe that the activation maps of some
channels decomposed from the same decision
often have strong activations in similar spatial
locations. Such spatial locations usually denote
an underlying concept (Bau et al, 2017; Fong
and Vedaldi, 2018), contributing to the decision.
When presenting visualizations of the hierarchi-
cal decomposition, we will merge these duplicate
channels with similar effects for human better
understanding. Specifically, when decomposing a
decision of interest into the lower layer, we will

obtain activation maps corresponding to each
channel in this layer. We first threshold the acti-
vation maps into binary masks and then com-
pute Intersection-over-Union (IoU) between them.
Then we apply the non-maximum suppression
algorithm (Neubeck and Van Gool, 2006) to sup-
press activation maps with an IoU score larger
than 0.9, where the activation maps are sorted
using the contribution scores by Eqn. (4). As
shown in Fig. 7, we present how many activated
channels have large overlaps with each other. In
low-level layers, the number of activated channels
with large overlaps is very small. But in high-level
layers, there are many activated channels with
similar effects to a decision.

Sanity checks for gAP. Adebayo et al (2018)
propose the model parameter and data random-
ization test for sanity check for visual attribu-
tion methods. These two tests are used to check
whether the attribution method is sensitive to the
model parameters and the labeling of the data.
An attribution method insensitive to the model
parameters and data labels is inadequate for
debugging the model and explaining the mecha-
nism that depends on the relationship between the
instances and the labeling of the data. To gener-
ate saliency maps from our gAP, we hierarchically
decompose the decision until the data layer and
sum all the gradients from each decomposition.
We do the model parameter randomization test
on the pretrained ResNet-18 model (He et al,
2016) and randomly initialize the model param-
eters from the top layer to the bottom layer in
a cascading manner. We utilize the spearman
rank correlation metric to compute the difference
between the attribution maps from the origi-
nal model and the randomly initialized model.
Besides, we do the data randomization test by
comparing the saliency maps from CNNs trained
with true labels and permuted labels, respectively.

In Fig. 8(a), the low spearman metric indicates
that the attribution maps from the original model
and the randomly initialized model differ substan-
tially, which demonstrates that gAP is sensitive
to model parameters. In Fig. 8(b), the low spear-
man metric also indicates gAP is sensitive to the
labeling of the data. The experimental results
verify that our method can be used for debug-
ging models. The visual comparisons are shown in
supplementary materials.
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Fig. 9 The classification accuracy of the sparser model
generated by gAP and the original model. The match
rate denotes the prediction agreement between the sparser
model and the original model.
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Fig. 10 Comparisons of the classification accuracy after
removing the top few most important feature channels (the
lower the better). The y-axis is the classification accuracy
on the ILSVRC validation set (Russakovsky et al, 2015).
The x-axis means the number of important feature channels
to ablate. Conductance: Dhamdhere et al (2019), Internal-
Influence: Leino et al (2018), LRP: Bach et al (2015).

Is the top-k decomposition a good approx-
imation to the original model? We have
tested the classification accuracy of the sparser
surrogate model generated by gAP. Moreover, we
measure the match rate by comparing the pre-
dictions between the sparser surrogate model and
the original model. Specifically, we decompose
from the decision of the predicted category to the
bottom layers and select the top-k important fea-
tures in each decomposition to make predictions.
We mask those unimportant feature channels
from different layers and reinput the image to
obtain new predictions. As shown in Fig. 9, when
using top-16 decomposition, the sparser surrogate
model has a similar classification accuracy to the
original model. According to the match rate, when
using top-16 decomposition, the predictions of the
sparser surrogate model and the original model
are consistent on almost all samples. The sparser
surrogate model selecting a small number of fea-
ture channels can make a good approximation to
the original model.

dprediction: cat → A5
328 → A4

330 patterns for F4
330

Fig. 11 Analysis of a failure example. The leftmost is
the dog image that is misclassified to the cat category.
We decompose the network decision to layer conv4_3. The
rightmost is the patterns that maximumly activate the
330th channel. For this example, the channels sensitive to
the cat category’s attribute have strong activations, caus-
ing VGG-16 to make a wrong decision.

Comparison with individual-based meth-
ods. The individual-based methods (Dhamdhere
et al, 2019; Leino et al, 2018) compute the impor-
tance of each channel from different layers to the
final network decision. Compared with individual-
based methods, gAP can help us explore the
relationships among different feature channels. To
directly compare with them, we propagate the
importance of each selected channel of the top
layer to the shallow layer. We select the top-N
most important channels from different layers of
VGG-16 and ablate them to watch the change
of the classification accuracy. We conduct experi-
ments on the ILSVRC validation set (Russakovsky
et al, 2015). As shown in Fig. 10, when remov-
ing the top few most important feature channels,
gAP obtains lower classification accuracy than
other individual-based methods. We analyze that
gAP only propagates the contributions of those
important feature channels to lower layers, which
reduces the interference of other feature channels.
Compared with the individual-based methods,
gAP can not only effectively detect the important
features but also how these features affect each
other.

4.2 Diagnosing CNN

Analyzing failure predictions of CNN. Pre-
vious work (Selvaraju et al, 2020) can generate
class activation maps for the network predictions,
highlighting the most important image regions
supporting the network decision. However, such
an explanation is not informative enough. The
hierarchical decomposition can further provide a
more detailed explanation for the network deci-
sion. We decompose the network’s decision iter-
atively to the low-level layers and find the most



d 13
Hpicket_fence→ A5

181 A5
146 A5

100 A5
499

church → A5
33 A5

440 A5
188 A5

466

(a) Decomposition

181 146 100 499
picket fence

0

10

20

30

Pe
ak

 R
es

po
ns

e Ori.
Adv.

33 440 188 466
church

Ori.
Adv.

(b) Peak Response

1 2 3 4
The predicted class of ori.

0

10

20

30

Pe
ak

 R
es

po
ns

e

Ori.
Adv.

1 2 3 4
The predicted class of adv.

Ori.
Adv.

(c) Average Peak Response

Fig. 12 Example of the adversarial attacks. (a) The top is
the original image, and the bottom is the adversarial image.
→ denotes the decomposition. (b) plots the peak feature
responses of the most important channels for the network
decision in the original image and adversarial image. (c)
plots the average peak feature responses of the top 4 most
important channels for the network decision in the original
image and adversarial image over the whole ILSVRC vali-
dation dataset (Russakovsky et al, 2015). The peak values
of the important channels for the correct category largely
decrease, and those for the wrong category increase by a
large margin.

important feature channels at different layers. We
can see each channel’s contribution to the net-
work decision. Further, important channels and
their corresponding activation maps can also be
studied.

As shown in Fig. 11, we use the hierarchi-
cal decomposition to examine the CNN’s wrong
decision. Fig. 11 demonstrates a failure case. A
dog image misclassified to the cat category with
a probability of 99%. We first decompose the
network decision to layer conv5_3 and find the
most important channel, i.e., the 328th channel,

with a 32.3% contribution. We further present
the decomposition from channel 328th to layer
conv4_3 and find the most important channel,
i.e., the 330th channel. The activation map A4

330

has strong activations at the ear region. More-
over, the patterns that maximumly activate the
330th channel are the ear image patches of the cat
category. We find the dog’s ear of this example
has a similar shape to those ear image patches of
the cat category. We further occlude the image
region of the dog’s ear and observe that the
CNN correctly predicts the dog category with a
probability of 65%. With the hierarchical decom-
position, we found that CNN makes the wrong
decision because it takes the dog’s ear as the cat’s
ear in this example.

Analyzing adversarial attacks. Current CNN
models are vulnerable to adversarial attacks.
When the adversarial attack algorithms add a
small perturbation to the original images, these
CNN models easily misclassify them. To under-
stand how the adversarial images successfully fool
the CNN models, following (Bau et al, 2020),
we study the change of the feature responses
for important channels. As shown in Fig. 12(a),
we present the original image (top row) and the
adversarial image (bottom row). The adversarial
image is generated by a popular attack algo-
rithm (Madry et al, 2018). VGG-16 classifies the
original image to the picket_fence category (prob-
ability 92%) and the adversarial image to the
church category (probability 100%). Through our
decomposition from the network decision to layer
conv5_3, we find the top few most important
feature channels for the picket_fence and church
category, respectively.

As shown in Fig. 12(b), when comparing
the adversarial image to the original image,
we observe that the peak feature responses of
important channels for the picket_fence category,
i.e., the 181st, 146th, 100th, 499th channels, largely
decrease by 11.3, 14.5, 4.7, and 11.1. However, the
peak feature responses of important channels for
the church category, i.e., the 33rd, 440th, 188th,
466th channels, largely increase by 8.7, 10.4, 16.4,
and 5.5.

As shown in Fig. 12(c), we also compute
the average peak responses of important chan-
nels on the whole ILSVRC validation dataset
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Fig. 13 The context information in the activation maps.
→ denotes the decomposition.
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Fig. 14 Context information for each category in the PAS-
CAL VOC dataset.

(Russakovsky et al, 2015). The adversarial attack
algorithms change the feature responses of impor-
tant channels to affect the final network decision.
For the important channels, they reduce the cor-
rect category’s feature responses and increase the
wrong category’s feature responses.

The context in activation maps. Con-
text information (Oquab et al, 2015; Kumar and
Hebert, 2005) is crucial for recognition. A known
prior is that the target category usually appears
in a specific context. For example, the boats usu-
ally appear in the seas or lakes, and the birds often
stand on the tree branch. Through our decision
decomposition, we find some context in the activa-
tion maps to support the CNN prediction. Fig. 13
shows that the 331st channel in layer conv5_3 has
strong responses to the image’s ‘boat’ region. We
decompose the peak point indicated by the acti-
vation map to layer conv4_3. The 169st, 404th,
and 115th channels are the top-3 most impor-
tant channels. The most important channel is
the 169st channel, whose corresponding activation
map locates the sea.

To quantitatively analyze the context informa-
tion contained in the activation maps, we utilize
the PASCAL-Context dataset (Mottaghi et al,
2014) for evaluation. We select the images with
context annotations from the PASCAL VOC val-
idation set (Everingham et al, 2015) and compute

the most frequent context labels for each category.
Specifically, we perform the hierarchical decompo-
sition to layer conv4_3, obtaining the activation
map for each selected channel. The activation map
is first thresholded to a binary map. Then we com-
pute the IoU between the binary activation map
and each context region. The activation map is
assigned with the label of the context region cor-
responding to the largest IoU. In Fig. 14, we have
shown the top few most frequent context labels
for three categories, i.e., bird, boat, and train.
These categories usually appear in a specific envi-
ronment. This fact suggests that the context of
the objects is critical for recognition. The context
information of other categories and the qualita-
tive examples are shown in the supplementary
materials.

Channel discrimination analysis. We uti-
lize the hierarchical decomposition to explore
the discriminative information of the channels in
different layers. Specifically, we define a discrim-
inative degree D to measure the discriminative
information of a channel. When performing the
hierarchical decomposition process for the images
with label c, we count the number of times Nc

for channel k when its contribution to a decision
ranking top-3. Nc is summed on all images from
the validation set. Then the discriminative degree
D is computed by

D =
max

c
Nc∑C

c=1 Nc

, (13)

where C denotes the number of categories in the
dataset. When the feature in channel k is only
decomposed from one single category, the discrim-
inative degree D = 1. Besides, we can get the
minimum value of D when the feature decom-
posed from each category with equal times: D =
1/C.

We apply the hierarchical decomposition to
different CNNs. As shown in Fig. 15, the chan-
nels’ discriminative degrees in low-level layers are
very small. They usually have strong activations
for multiple categories. This fact indicates that
the basic features detected by channels in low-
level layers are shared among different categories,
which lacks discriminative information for classifi-
cation. However, in high-level layers of CNNs, the
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Fig. 15 The discriminative degrees of the disentangled
channels from different layers of different CNNs on the val-
idation set of PASCAL VOC (Everingham et al, 2015) and
ILSVRC (Russakovsky et al, 2015).

channels’ discriminative degrees are much larger
than those in low-level layers. Because the high-
level layers in CNNs gradually combine basic
features from low-level layers to form more dis-
criminative features. In high-level layers, different
categories tend to highlight their own discrimi-
native channels. These results provide additional
evidence for the conclusion found by Zeiler and
Fergus (2014).

Moreover, for the high-level layers of dif-
ferent CNNs, the discriminative degrees of the
channels gradually increase with the growth of
the network depth (ResNet-50 (He et al, 2016)
> VGG-16 (Simonyan and Zisserman, 2015) >
AlexNet (Krizhevsky et al, 2012)). Such difference
suggests that the high-level layers of ResNet-
50 have a stronger discriminative ability. The
strong discriminative ability of the channels can
effectively reduce confusion among different cat-
egories, which helps ResNet-50 achieve higher
classification accuracy than VGG-16 and AlexNet.

5 Limitation
The proposed hierarchical decomposition method
explains the individual decision by selecting a set
of strongly correlative channels from different lay-
ers of CNN. These feature channels provide a rich
hierarchy of evidence. However, the feature chan-
nels are less confident for an unprofessional user
to understand the network’s reasoning process
because not all examples are as easy to under-
stand as the person image. So in the future, we will
attempt to build connections between the selected
feature channels and human-specific concepts for
better human understanding.

Besides, following (Dhamdhere et al, 2019;
Bau et al, 2020), we have removed channels indi-
vidually to study their contributions. However,
as verified in (Fong and Vedaldi, 2018; Leavitt
and Morcos, 2020), the representations are usually
distributed among multiple channels. We observe
that the activation maps of some channels decom-
posed from the same decision often have strong
activations in similar spatial locations. This phe-
nomenon suggests that multiple feature channels
produce class responses together. One possible
solution to the flaw of removing channels indi-
vidually is that we can first find those feature
channels with similar effects by measuring the
overlap between their corresponding activation
maps. Then we analyze these feature channels
together to the network decision. In this paper,
we focus on building the evidence hierarchy. The
issue of removing individual channels will be our
future work.

The proposed hierarchical decomposition
method selects and decomposes the most rep-
resentative feature in each channel, which may
miss some important features. In most cases, the
representative features are enough for decision
explanations. However, some potentially impor-
tant evidence might be missed. How to measure
the number of missed features and evaluate their
importance to the decision will be our future work.

6 Conclusion
We present a novel gradient-based activation
propagation (gAP) scheme that can decompose
any CNN layer’s decision to its lower layers. Based
on the gAP, the network decision can be hierar-
chically decomposed to a rich set of the evidence
pyramid associated with all layers of the CNN
model. Our method allows users to delve deep into
the CNN’s decision-making process in a top-down
manner. We have experimentally verified the effec-
tiveness of our method and demonstrated its
ability to understand and diagnose CNN predic-
tions. While currently mostly focus on explaining
CNN-based image classifiers, we will study how to
generalize the framework to other tasks and other
deep learning models in the future. The source
code and interactive demo website will be made
publicly available.
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