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ABSTRACT Explaining the prediction of deep neural networks (DNNs) and semantic image compression
are two active research areas of deep learning with a numerous of applications in decision-critical systems,
such as surveillance cameras, drones and self-driving cars, where interpretable decision is critical and
storage/network bandwidth is limited. In this article, we propose a novel end-to-end Neural Image Compres-
sion and Explanation (NICE) framework that learns to (1) explain the predictions of convolutional neural
networks (CNNs), and (2) subsequently compress the input images for efficient storage or transmission.
Specifically, NICE generates a sparse mask over an input image by attaching a stochastic binary gate to each
pixel of the image, whose parameters are learned through the interaction with the CNN classifier to be
explained. The generated mask is able to capture the saliency of each pixel measured by its influence to
the final prediction of CNN; it can also be used to produce a mixed-resolution image, where important
pixels maintain their original high resolution and insignificant background pixels are subsampled to a
low resolution. The produced images achieve a high compression rate (e.g., about 0.6× of original image
file size), while retaining a similar classification accuracy. Extensive experiments across multiple image
classification benchmarks demonstrate the superior performance of NICE compared to the state-of-the-art
methods in terms of explanation quality and semantic image compression rate. Our code is available at:
https://github.com/lxuniverse/NICE.

INDEX TERMS Explainable AI, sparsity learning, data compression, deep neural networks.

I. INTRODUCTION
Deep neural networks (DNNs) have become the de-facto
performing technique in the field of computer vision [1],
natural language processing [2], and speech recognition [3].
Given sufficient data and computation, they require only
limited domain knowledge to reach state-of-the-art perfor-
mance. However, the current DNNs are largely black-boxes
with many layers of convolution, non-linearities, and gates,
optimized solely for competitive performance, and our under-
standing of the reasoning of DNNs is rather limited. DNNs’
predictions may be backed up by a claimed high accuracy
on benchmarks. However, it is human’s nature not to trust
them unless human experts are able to verify, interpret, and
understand the reasoning of the system. Therefore, the usage
of DNNs in real world decision-critical applications, such as
surveillance cameras, drones, autonomous driving, medicine
and legal, still must overcome a trust barrier. To address
this problem, researchers have developed many different
approaches to explain the reasonings of DNNs [4]–[15].
Intuitively, interpretable explanations should be concise and
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coherent such that they are easier for human to comprehend.
However, most existing approaches do not take these require-
ments into account as manifested by the opaqueness and
redundancies in their explanations [4], [6], [9], [10].

On the other hand, over 70% of internet traffic today is
the streaming of digital media, and this percentage keeps
rising over years [16]. It has been challenging for classic
compression algorithms, such as JPEG and PNG, to adapt to
the growing demand. Recently, there is an increasing interest
of using machine learning (ML) based approaches to improve
the compression of images and videos [17]–[20]. Rather than
using manually engineered basis functions for compression,
these ML-based techniques learn semantic structures and
basis functions directly from training images and achieve
impressive performance compared to the classic compression
algorithms.

Usually, neural explanation and semantic image compres-
sion are addressed independently by two different groups
of researchers. In light of the similarity between sparse
explanation to image classification and sparse representa-
tion for image compression, in this article we propose a
deep learning based framework that integrates neural expla-
nation and semantic image compression into an end-to-end
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training pipeline. With this framework, we can train a sparse
mask generator to generate a concise and coherent mask
to explain the prediction of CNN; subsequently, this sparse
mask can be used to generate a mixed-resolution image with a
very high compression rate, superior to the existing semantic
compression algorithms. This Neural Image Compression
and Explanation (NICE) framework is critical to many real
world decision-critical systems, such as surveillance cameras,
drones and self-driving cars, that heavily rely on the deep
learning techniques today. For these applications, the outputs
of NICE: prediction, sparse mask / explanation, and the com-
pressed mixed-resolution image can be stored or transmitted
efficiently for decision making, decision interpretation and
system diagnosis.

The main contributions of the paper are:
• We propose a deep learning based framework that
unifies neural explanation and semantic image com-
pression into an end-to-end trainable pipeline, which
produces prediction, sparse explanation and compressed
images at the same time;

• The proposed L0-regularized sparse mask generator is
trained in a weakly supervised manner without resorting
to expensive dense pixel-wise annotations, and outper-
forms many existing explanation algorithms that heavily
rely on backpropagation;

• The proposed mixed-resolution image compression
achieves a higher compression rate compared to the
existing semantic compression algorithms, while retain-
ing a similar classification accuracy with the original
images.

• The proposed method is very efficient compared to the
backpropagation-based alternatives, such as Saliency
Map [4] and CAM [21], as our method only requires for-
ward propagation of the generator network. Experiments
show that NICE is about 23× faster than Saliency Map,
16.5× faster than CAM and 2.8× faster than RTIS [9].
This makes our method widely deployable in real-time
applications.

II. RELATED WORK
Our work is related to two active research areas of
deep learning: neural explanation and semantic image
compression. We therefore review them next.

A. NEURAL EXPLANATION
In order to interpret DNN’s prediction and gain insights
of their operations, a variety of neural explanation meth-
ods have been proposed in recent years [4]–[15], [21]–[24].
These methods can be categorized based on whether it is
designed to explain the entire model behavior (global inter-
pretability) or a single prediction (local interpretability) [25].
The goal of global interpretability is to identify predictor
variables that best explain the overall performance of a
trained model. This class of methods are crucial to inform
population level decision for rule extraction or knowledge
discovery [14], [15]. Local interpretability aims to produce
interpretable explanations for each individual prediction and

the interpretability occurs locally. Local interpretability is by
far the most explored area of explainable AI [4], [8], [12],
[21], [23], [24]. The primary idea is to measure a change of
the final prediction with respect to changes of input or getting
feature attribution for the final prediction. Different local
explanation methods implement this idea in different ways.
For example, occlusion-based explanation methods remove
or alter a fraction of input data and evaluate its impact to
the final prediction [5], [9]–[11]. Gradient-based methods
compute the gradient of an output with respect to an input
sample by using backpropagation to locate salient features
that are responsible to the prediction [6], [7], [13], [22].
Other local interpretability methods explain data instances
by approximating the decision boundary of a DNN with
an inherently interpretable model around the predictions.
For example, LIME [8] and SHAP [12] sample perturbed
instances around a single data sample and fit a linear model
to perform local explanations. RTIS [9] extracts features
from a DNN classifier and feeds extracted features and tar-
get label to an U-Net like generator to generate saliency
maps for local explanations. L2X [23] learns a stochastic
map based on mutual information that selects instance-wise
informative features. Built on top of L2X, VIBI [24] selects
instance-wise key features that are maximally compressed
about an input and informative about a decision based on an
information-bottleneck principle.

NICE falls in the category of local interpretability and
aims to produce concise and coherent local explanations
similar to Saliency Map [4], RTIS [9] and VIBI [24]. But our
method achieves briefness and comprehensiveness explic-
itly through an L0-norm regularization and a smoothness
constraint, optimized via stochastic binary optimization.

The sparsemask generator of NICE is also related to a large
body of research on semantic segmentation [26]–[32]. In par-
ticular, our sparse mask generator is trained to maximize the
final classification accuracy of the mixed-resolution images
without resorting to expensive dense pixel-wise annotations.
Therefore, it can be considered as a weakly supervised binary
segmenation algorithm that detects salient regions of an
image. This is different to the existing semantic segmenta-
tion algorithms that employ different levels of supervision,
such as full pixel-wise annotation [26], [27], image-level
labels [29], bounding boxes [33], scribbles [34], points [31],
or adversarial loss [32]. Since the main goal of NICE is to
provide a competitive or improved neural explanation, in our
experiments wemainly compare NICEwith deep explanation
methods instead of segmentation algorithms.

B. SEMANTIC IMAGE COMPRESSION
Classic image compression algorithms, such as JPEG [35]
and PNG [36], have hard-coded procedures / components
to compress images. For example, the JPEG compression
first employs a discrete cosine transform (DCT) over each
8 × 8 image block, followed by quantization to repre-
sent the frequency coefficients as a sequence of binaries.
The DCT can be seen as a generic feature extractor with
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a fixed set of basis functions that are irrespective of the
distribution of the input images. Compared to standard
image compression algorithms, the ML-based approaches
[17], [19], [20], [37]–[41] can automatically discover seman-
tic structures and learn basis functions from training
images to achieve even higher compression rate. All of
these ML-based approaches follow a similar structure of
autoencoder, where an encoder is used to extract feature
representation from images and a decoder is responsible to
reconstruct images from the quantized representations. The
main differences among these ML-based approaches are the
architectures of encoder and decoder. While the majority of
these algorithms [17], [19], [20], [37], [40], [41] employ
CNNs as the encoder and decoder, some others explore
recurrent networks such as LSTM and GRU [38], [39].

To the best of our knowledge, all of these methods are
not sufficiently content-aware, except the work [18] from
Prakash et al. which is probably the most relevant work to
ours. While Prakash et al. adopt CAM [21] as the seman-
tic region detector, we develop a principled L0-regularized
sparse mask generator to detect the semantic regions and
further compress images with mixed resolutions. We will
compare NICE with [18] when we present results of semantic
image compression.

III. THE NICE FRAMEWORK
Given a training setD = {(xi, yi), i = 1, 2, · · · ,N }, where xi
denotes the i-th input image and yi denotes the corresponding
target, a neural network is a function h(x; θ) parameterized
by θ that fits to the training data D with the goal of achiev-
ing good generalization to unseen test data. To optimize θ ,
typically the following empirical risk minimization (ERM) is
adopted:

R(θ ) =
1
N

N∑
i=1

L (h (xi; θ) , yi) , (1)

where L(·) denotes the loss over training data D, such as
the cross-entropy loss for classification or the mean squared
error (MSE) for regression. The goal of this article is to
develop an approach that can explain the prediction of a
neural network h(x; θ) in response to an input image x; mean-
while, to reduce storage or network transmission cost of the
image, we’d like to compress the image x based on the above
derived explanation such that the compressed image x̃ has
the minimal file size while retaining a similar classification
accuracy as the original image x.
To meet these interdependent goals, we develop a Neu-

ral Image Compression and Explanation (NICE) framework
that integrates explanation and compression into an end-to-
end trainable pipeline as illustrated in Fig. 1. In this frame-
work, given an input image, a mask generator under the L0-
norm and smoothness constraints generates a sparse mask
that indicates salient regions of the image. The generated
mask is then used to transform the original input image
to a mixed-resolution image that has a high resolution in
the salient regions and a low resolution in the background.

FIGURE 1. Overall architecture of NICE.

To evaluate the quality of sparse mask generator and the
compressed image, at the end of the pipeline a discrimina-
tor network (e.g., CNN) classifies the generated image for
prediction. Finally, the prediction, sparse mask and com-
pressed image can be stored or transmitted efficiently for
decision making, interpretation and system diagnosis. The
whole pipeline is fully differentiable and can be trained
end-to-end by backpropagation. We will introduce each of
these components next.

A. SPARSE NEURAL EXPLANATION
To correctly classify an image, a state-of-the-art CNN
classifier does not need to analyze all the pixels in an image.
Partially, this is because not all the pixels in an image
are equally important for image recognition. For example,
although the background pixels may provide some useful
clues to recognize an object, it is the pixels on the object
that play a decisive role for recognition. Based on this under-
standing, we’d like to learn a set of random variables (one
for each pixel of an image) such that the variables on object
pixels receive high values while the variables on background
pixels receive low values. In other words, we want to learn
a binary segmentation model that can partition pixels into
object pixels and background pixels. To make our segmen-
tation discriminative, we require the output of our model to
be sparse/concise such that only the most important or influ-
ential pixels receive high values, and the remaining pixels
receive low values. Furthermore, we expect the segmentation
to be smooth/coherent within a small continuous region since
most of natural objects usually have smooth appearances.
We therefore request our neural explanation model to pro-
duce explanations that are concise and coherent. We will
materialize these two requirements mathematically.

We model our neural explanation by attaching a binary
random variable z ∈ {0, 1} to each pixel of an image:

x̃i = xi � zi, zi ∈ {0, 1}P, (2)

where zi denotes a binary mask for image xi, and � is an
element-wise product. Furthermore, we define zji the binary
variable for pixel j of image xi. We assume both image xi
and its mask zi have the same spatial dimension of m × n or
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P pixels. After training, we wish zji takes value 1 if pixel j is
on object and 0 otherwise.

We regard zi as our explanation to the prediction of h(xi; θ )
and learn zi byminimizing the following L0-norm regularized
loss function:

R(θ , z)=
1
N

N∑
i=1

(
L (h (xi � zi; θ) , yi)+λ||zi||0

)

=
1
N

N∑
i=1

L (h (xi � zi; θ) , yi)+λ
P∑
j=1

1[
zji 6=0

]
 , (3)

where 1[c] is an indicator function that is 1 if the condition c is
satisfied, and 0 otherwise. Here, we insert (2) into (1) and add
an L0-norm on the elements of zi, which explicitly measures
number of non-zeros in zi or the sparsity of zi. By doing so,
we’d like themasked image achieves the similar classification
accuracy as the original image, while using as fewer pixels
as possible. In other words, the sparse mask zi can pro-
duce a concise explanation to the prediction of the classifier
(i.e., the first requirement). To optimize (3), however, we note
that both the first term and the second term of (3) are not
differentiable w.r.t. z. Therefore, further approximations need
to be considered.

We can approximate this optimization problem via an
inequality from stochastic variational optimization [42].
Specifically, given any function F(z) and any distribution
q(z), the following inequality holds

min
z

F(z) ≤ Ez∼q(z)[F(z)], (4)

i.e., the minimum of a function is upper bounded by the
expectation of the function. With this result, we can derive
an upper bound of (3) as follows.

Since zji,∀j ∈ {1, · · · ,P} is a binary random variable,
we assume zji is subject to a Bernoulli distributionwith param-
eter π ji ∈ [0, 1], i.e. zji ∼ Ber(z;π ji ). Thus, we can upper
bound minzR(θ , z) by the expectation

R̃(θ ,π )=
1
N

N∑
i=1

(
Eq(zi|π i)

[
L (h (xi � zi; θ) , yi)

]
+ λ

P∑
j=1

π
j
i

)
. (5)

Now the second term of (5) is differentiable w.r.t. the new
model parameters π . However, the first term is still prob-
lematic since the expectation over a large number of binary
random variables zi ∈ {0, 1}P is intractable, so is its gradient.

1) THE HARD CONCRETE GRADIENT ESTIMATOR
Fortunately, this kind of binary latent variable models
has been investigated extensively in the literature. There
exist a numerous of gradient estimators to this problem,
including REINFORCE [43], Gumble-Softmax [44], [45],
REBAR [46], RELAX [47] and the hard concrete estima-
tor [48], among which the hard concrete estimator is the
one that is easy to implement and demonstrates superior

performance in our experiments. We therefore resort to this
gradient estimator to optimize (5). Specifically, the hard con-
crete gradient estimator employs a reparameterization trick
to approximate the original optimization problem of (5) by a
close surrogate loss function

R̂(θ , logα)

=
1
N

N∑
i=1

(
Eui∼U (0,1)

[
L (h (xi � g(f (logαi,ui)); θ) , yi)

]
+ λ

P∑
j=1

σ

(
logαji − β log

−γ

ζ

))
= LD(θ , logα)+ λLC (logα), (6)

with

f (logαi,ui) = σ ((logui − log(1− ui)

+ logαi)/β) (ζ − γ )+ γ, (7)

and

g(·) = min(1,max(0, ·)), (8)

where σ (t) = 1/(1 + exp(−t)) is the sigmoid function,
LD measures how well the classifier fits to training data
D, LC measures the expected number of non-zeros in z,
and β = 2/3, γ = −0.1 and ζ = 1.1 are the typical
parameters of the hard concrete distribution. Function g(·) is
a hard-sigmoid function that bounds the stretched concrete
distribution between 0 and 1. For more details on the hard
concrete gradient estimator, we refer the readers to [48].
With this reparameterization, the surrogate loss function (6)
is differentiable w.r.t. its parameters.

2) SMOOTHNESS REGULARIZATION
The L0-regularized objective function developed above
enforces the sparsity/conciseness of an explanation.
To improve the coherence of an explanation, we introduce
an additional smoothness constraint on the mask:

LS (logα) =
1
N

N∑
i=1

Eq(zi| logαi)

[ w,h∑
m,n=1

( ∣∣∣zm,ni − z
m−1,n
i

∣∣∣
+ s

∣∣∣zm,ni − z
m,n−1
i

∣∣∣+ ∣∣∣zm,ni − z
m−1,n−1
i

∣∣∣
+

∣∣∣zm,ni − z
m−1,n+1
i

∣∣∣ )]
≈

1
N

N∑
i=1

w,h∑
m,n=1

(∣∣∣ym,ni − y
m−1,n
i

∣∣∣+∣∣∣ym,ni −y
m,n−1
i

∣∣∣
+

∣∣∣ym,ni − y
m−1,n−1
i

∣∣∣+ ∣∣∣ym,ni − y
m−1,n+1
i

∣∣∣) ,
(9)

where ym,ni is the expectation of random variable zm,ni under
the hard concrete distribution q(zi| logαi), which can be cal-
culated as:

y = Eq(z| logα)[z] = σ
(
logα − β log

−γ

ζ

)
. (10)
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Note that this smoothness constraint penalizes the discrep-
ancy of z among its four neighborhoods, and thus a coher-
ence explanation is preferred (i.e., the second requirement).
To avoid notational clutter, in (9) some of the boundary
conditions are not rigorously checked, but we hope they will
be apparent given the context. With this additional regulariza-
tion, our final objective is then a composition of three terms

L(θd , logα) = LD + λ1LC + λ2LS , (11)

where λ1 and λ2 are the regularization hyperparameters that
balance the data loss LD, the capacity loss LC and the
smoothness loss LS . It is worthy noting that from now on
we denote the parameters of classifier (discriminator) θd to
distinguish it from the parameters of generator θg that will be
introduced next.

After training, we get logα for each input image x. At test-
ing time, we employ the following estimator to generate a
sparse mask:

ẑ = min(1,max(0, σ ((logα)/β) (ζ − γ )+ γ )), (12)

which is the sample mean of z under the hard concrete
distribution q(z| logα).

B. SEMANTIC IMAGE COMPRESSION
Upon receiving the sparse mask ẑ from above, we can use
it to generate a mixed-resolution image for semantic image
compression, as shown in Fig. 1. Suppose that we have an
input image x and a sparse mask ẑ ∈ [0, 1]P, a mixed-
resolution image can be generated by

x̃ = M (x, ẑ) = x� ẑ+ xb � (1− ẑ), (13)

where xb is a low resolution image that can be generated by
subsampling original image xwith a block size of b×b, which
can be efficiently implemented by average pooling with a
b × b filter and a stride of b. Here b is a tunable hyper-
parameter that trades off between the image compression
rate and the classification accuracy of the classifier. In other
words, the larger b is, the lower resolution images will be
generated and thus a lower classification accuracy, and vice-
versa. As we can see, when b = 1 the mixed-resolution
image x̃ is equal to the original image x; when we use the
image size as b, the mixed-resolution image x̃ becomes a
masked image with a constant value as background. When
b is a value between these two extremes, we can generate
mixed-resolution images of different levels of quality.

C. SPARSE MASK GENERATOR
The learning of sparsemask z discussed above is transductive,
by which we can learn a mask for each image in training set
D. However, this approach cannot generate masks for new
images that are not in the training set D. A more desirable
approach is inductive, which can be implemented through a
generator G(x; θg) such that it can produce a sparse mask
given any image x as input. We model this generator as a
neural network parameterized by θg.

To integrate this generator into an end-to-end training
pipeline, we model this generator to output logα given an

TABLE 1. Network architectures of the generators and discriminators
used in the experiments. Layer abbreviations used in the table: [C:
Convolution; R: Relu; M: MaxPooling; Up: UpSample].

input image x; we can then sample a sparse mask z from

the hard concrete distribution q(z| logα), i.e., x
G(·;θg)
−−−−→

logα
sample
−−−→ z. With this reparameterization, the overall loss

function (11) becomes L(θd , θg), which can be minimized
by optimizing the generator network θg and the discriminator
network θd jointly with backpropagation. In the experiments,
we employ a CNN as our sparse mask generator as CNN is
the de-facto technique today for image related analysis.

IV. EXPERIMENTS
To evaluate the performance of NICE, we conduct exten-
sive experiments on three image classification benchmarks:
MNIST [49], CIFAR10 [50] and Caltech256 [51].1 Since
NICE is a neural explanation and semantic compression algo-
rithm, we compare NICE with the state-of-the-art algorithms
in neural explanation and semantic compression. For neu-
ral explanation, we compare NICE with Saliency Map [4],
RTIS [9] and CAM [21] via visualization and the post-hoc
classification. For semantic image compression, we com-
pare NICE with the CAM-based method proposed in [18], a
state-of-the-art semantic compression algorithm that is the
most relevant to ours.

A. IMPLEMENTATION DETAILS
1) IMAGE CLASSIFICATION BENCHMARKS
MNIST [49] is a gray-level image dataset containing
60,000 training images and 10,000 test images of the size 28×
28 for handwritten digits classification. CIFAR10 [50] con-
tains 10 classes of RGB images of the size 32× 32, in which
50,000 images are for training and 10,000 images are for
test. Caltech256 [51] is a high-resolution RGB image dataset
containing 22,100 images from 256 classes of man-made
and natural objects, such as plants, animals and buildings,
etc. Since MNIST and CIFAR10 are low-resolution images,
we use them mainly to demonstrate NICE’s performance
on neural explanation. For the high-resolution images of
Caltech256, we demonstrate NICE’s performance on neural
explanation and semantic image compression.

2) NETWORK ARCHITECTURES AND TRAINING DETAILS
The network architectures of the sparse mask genera-
tors and CNN classifiers (discriminators) used in the
MNIST, CIFAR10 and Caltech256 experiments are provided
in Table 1.
We pretrain three CNN classifiers (discriminators)

on the three image classification benchmarks: MNIST,

1http://www.vision.caltech.edu/Image_Datasets/Caltech256/

VOLUME 8, 2020 214609



X. Li, S. Ji: NICE

CIFAR10 and Caltech256 and achieve the classification
accuracies of 99%, 90.8% and 78.3%, respectively. These
classifiers are the target CNNs we aim to explain. The archi-
tectures of the generators are tuned by us through extensive
architecture search. The hyperparameters λ1 and λ2 in the
overall loss (11) are tuned on validation set to balance the
classification accuracy and sparsity/smoothness of the masks.

In the MNIST experiments, different λ1s are used to gen-
erate sparse masks with different percentages of non-zeros
(sparse explanations). λ2 is set to 0 for all the MNIST exper-
iments as the algorithm can generate coherent explanations
without the smoothness constraint. The block size of the
low resolution image xb is set to 28, which means a con-
stant background is used to generate the mixed-resolution
images. We use the Adam optimizer [52] with a learning rate
of 0.001 and a decay rate of 0.1 at every 5 epochs.

In the CIFAR10 experiments, the block size of the low
resolution image xb is set to 32, thus a constant background
image is used to generate themixed-resolution images.We set
λ1 = 3 and λ2 = 0.01 and train the pipeline by using the
Adam optimizer with a learning rate of 0.001 and a decay
rate 0.1 at every 5 epochs.

In the Caltech256 experiments, we split the dataset into a
training set of 16,980 images and a test set of 5,120 images,2

where 5,120 images in training set is first used as validation
set for architecture search and hyperparameter tuning and
later the full 16,980 training images are used to train the final
pipeline. The images are resized to 256×256 as inputs.We set
b = 256 to generate the lowest resolution images xb, and
set λ1 = 5 and λ2 = 0.01 and train the pipeline by using
the SGD optimizer with a learning rate of 0.001 and a cosine
decay function.

On different datasets, we experiment with different opti-
mizers. The best performing one is selected based on its
performance on validation set. It turns out that SGD works
better on Caltech256, while Adam works better on MNIST
and CIFAR10.

B. EXPLAINING CNN’s PREDICTIONS
We first demonstrate NICE on explaining the predictions of
the target CNNs we pretrained above. To do so, we incorpo-
rate the target CNN as discriminator into the pipeline (Fig. 1),
and freeze its parameters θd and only update the parameters
of generator θg by optimizing the overall loss (11). The sparse
mask z generated by the generator serves as the explanation to
CNN’s prediction since the mask indicates the salient region
that has strong influence to the final prediction.

1) MNIST
We train the NICE pipeline on the MINST dataset to explain
the prediction of the target LeNet5 classifier we pretrained
above. Fig. 2 illustrates example sparse explanations gener-
ated by NICE with different λ1s (when λ2 = 0). As we can
see, when λ1 increases, the amount of non-zeros in the mask z
decreases and NICE can produce sparser explanations to the

220 images per class are included in the test set.

FIGURE 2. The sparse masks generated by NICE, Saliency Map [4] and
RTIS [9] on the MNIST dataset. The dark red color represents high values
(close to 1), indicating strong influence to the final decisions. By adjusting
λ1 of NICE, we can control the sparsity of the explanations.

final predictions. When λ1 = 1, the explanations are almost
identical to the input images, and when λ1 = 30, the masks
identify sparser but more influential regions for the final
predictions. As a comparison, we also include the explanation
results produced by Saliency Map [4] and RTIS [9].3 While
NICE highlights coherent regions over digits as explanations,
Saliency Map, a backpropagation-based approach, identifies
discontinued regions as explanations, which are quite blurry
and difficult to understand. RTIS can yield coherent regions
as explanations but the regions identified are overly smooth.
Apparently, the explanations produced by NICE are more
concise, coherent and match well with how humans explain
their own predictions.

2) CIFAR10
We also train the NICE pipeline on the CIFAR10 dataset
to explain the target VGG11 classifier we pretrained above.
Fig. 3 compares the explanations produced by Saliency
Map [4], RTIS [9] and NICE on some CIFAR10 images 3.
The RTIS results are directly cited from the RTIS paper,
and we apply Saliency Map and NICE on the same set of
CIFAR10 images selected by the RTIS paper. Due to the
low resolution of the images, it’s very challenging to gen-
erate reliable explanations. As we can see, the explanations
generated by NICE are more concise and the boundaries of
salient regions are much sharper than those of Saliency Map
and RTIS. The superior performance of NICE is most likely
due to the L0-norm regularization that explicitly promotes the
sparsity of an explanation.

3) Caltech256
Similarly, we train the NICE pipeline on the Caltech256
dataset to explain the predictions of the ResNet18 classifier
we pretrained above. Fig. 4 demonstrates the sparse masks
produced by NICE for different images in Caltech256. As we
can see, the generated explanations are very concise and
coherent, i.e., the sparse masks are mainly concentrated on
the object regions, which align very well with our reasoning
on these images. Additionally, the generated sparse masks
also provide intuitive explanations when the classifier makes
mistakes. For example, as shown in Fig. 4(e), the classifier

3CAM [21] does not perform well on small images, and we observe no
published work provides CAM’s results onMNIST and CIFAR10. We there-
fore ignore its results here as well.

214610 VOLUME 8, 2020



X. Li, S. Ji: NICE

FIGURE 3. Comparison of explanations generated by Saliency Map [4], RTIS [9] and NICE on some CIFAR10 images. The RTIS results are from the RTIS
paper. Compared to Saliency Map and RTIS, the explanations generated by NICE are more concise and the boundaries of salient regions are much
sharper.

FIGURE 4. The sparse masks generated by NICE on Caltech256 images.
The predictions are correct to (a, b, c, d) and incorrect to (e). Even though
the prediction is incorrect, the sparse mask (e) provides an intuitive
explanation why the discriminator predicts an image of ‘‘humming bird’’
as ‘‘bread maker’’.

incorrectly predicts an image of ‘‘humming bird’’ as ‘‘bread
maker’’. The corresponding sparse explanation highlights the
influential regions contributing the most to the classifier’s
prediction. Clearly, the classifier utilizes both the regions of
the humming bird and the bird-feeder for the prediction, and
the combination of the two regions confuses the classifier and
leads to the incorrect classification. Such an explanation is
very useful for system diagnosis: it uncovers the vulnerabil-
ities and flaws of the classifier, and can help to improve the
performance of the system.

Fig. 5 illustrates the comparison of NICE with Saliency
Map [4], RTIS [9] and CAM [21] on the Caltech256 images.
As we can see, our algorithm highlights the whole body
of object as the explanation while Saliency Map typically
identify edges or scattered pixels as the explanation. RTIS
and CAM can identify coherent salient regions of an image,
however, those regions are overly smooth and cover large
background regions. Moreover, the saliency maps generated
by RTIS usually have some black grids in the highlighted
parts, which are caused by the upsampling step in the mask
generator. Apparently, our explanations are more concise and
coherent than those of the competing methods, and can pre-
serve semantic contents of the images with a high accuracy.
The superior performance of NICE on identifying semantic
regions plays a critical role in semantic image compression
as we will demonstrate later.

To evaluate NICE’s performance of identifying important
pixels from an image, Fig. 6 demonstrates the evolution

FIGURE 5. The sparse masks generated by NICE, Saliency Map [4],
RTIS [9] and CAM [21] on the Caltech256 dataset. NICE highlights the
whole body of object as the explanation instead of edges or scattered
pixels as identified by Saliency Map, or overly-smooth regions as
identified by RTIS and CAM.

FIGURE 6. The evolution of classification accuracies on the
Caltech256 test dataset when different percentages of pixels are filled
with random values.

of classification accuracies on the Caltech256 test dataset
when different percentages of pixels are filled with random
values sampled uniformly from [0, 255] (a.k.a. post-hoc clas-
sification evaluation). We compare three different strategies
of selecting pixels for random value imputation: (1) Top-
K% pixels sorted descending by logαj,∀j ∈ {1, 2, · · · ,P},
(2) Bottom-K% pixels sorted descending by logαj, and (3)
uniformly random K% pixels. Similarly, the same post-hoc
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FIGURE 7. Sample ImageNet images and their sparse masks generated by
the generator trained on Caltech256. While the ground truth labels of (a,
b, c) are included in Caltech256, the ground truth labels of (d, e) are not
in Caltech256. NICE is able to generate accurate sparse masks for images
in (a, b, c). But when the classes are not in Caltach256 the masks are not
very accurate as shown in (d, e).

classification evaluation is performed with Saliency Map,
RTIS and CAM. As we can see from Fig. 6, NICE identifies
important pixels from images as randomizing their Top-K%
values incurs a dramatic accuracy loss compared to random
pixel selection or Bottom-K% pixel selection. The results of
Saliency Map, RTIS and CAM show insignificant accuracy
loss when randomizing their Top-K% pixels, demonstrating
the superior performance of NICE on identifying salient
regions.

4) TRANSFERABILITY OF SPARSE MASK GENERATOR
The experiments above demonstrate the superiority of the
sparse mask generator in generating concise and coherent
explanations to target classifier’s predictions. This has been
verified in the case when the generator is applied to the test
images from the same dataset. Since our generator is induc-
tive, it would be interesting to test if a generator trained from
one dataset could be applied to images from other datasets,
which have similar statistics but yet have some mismatch,
i.e., the transferability of generator.

To measure the transferability of generator, we apply
the generator trained on Caltech256 to the ImageNet
images [53]. Although both Caltech256 and ImageNet
contain high-resolution RGB images, ImageNet contains
1000 classes which is 4 times of Caltech256’s and the
ImageNet images tend to be more complex than those in
Caltech256. To feed the ImageNet images to the generator
trained on Caltech256, we resize the ImageNet images to
256 × 256. Fig. 7 illustrates some sample ImageNet images
and their sparse masks. Images (a, b, c) are from the classes
that included in Caltech256, while images (d, e) are from the
classes that are not in Caltech256. It shows that for the classes
that overlap with Caltech256, the generator can generate
sparse masks that align well with the object in the images,
while for the images that are from non-overlapping classes
the masks are not very accurate, indicating the transferability
of generator is class dependent.

C. SEMANTIC IMAGE COMPRESSION
Finally, we evaluate the semantic image compression perfor-
mance of NICE on the Caltech256 images. As a comparison,
we also use the salient regions generated by Saliency Map,
RTIS and CAM for semantic image compression. In this

FIGURE 8. The mixed-resolution images generated by NICE, Saliency Map,
RTIS and CAM with different block size bs.

task, two approaches can be used to train the NICE pipeline:
(1) Discriminator-fixed: given a pretrained discriminator,
we freeze its parameters θd in the pipeline and only update
the parameters of generator θg by optimizing the overall
loss (11). In this case, the mask generator is trained to
generate sparse explanation to the original discriminator.
(2) Discriminator-finetuned: similar to discriminator-fixed
except that the top few layers of the discriminator θd are
finetuned. In this case, the discriminator can adjust its param-
eters to improve its predictions on the mixed-resolution
images, and thus higher accuracy and compression rate are
expected. Note that due to their specific training methodolo-
gies, SaliencyMap, RTIS andCAMdo not have the flexibility
of finetuning their discriminators, limiting their applications
to semantic compression tasks.

As a start, we use the sparse masks generated by
NICE, Saliency Map, RTIS and CAM to produce a set of
mixed-resolution images via (13) for visualization. Fig. 8
illustrates some example mixed-resolution images generated
with different algorithms and block size bs. As we can see,
NICE generated mixed-resolution images are clearly better
than those from other algorithms. Thanks to the high accu-
racy of NICE on identifying salient regions, even when the
background regions are subsampled with a block size of 32,
the discriminator can still successfully classify these images.
As a result, high compression rate and high classification
accuracy can be achieved simultaneously.

To quantitatively evaluate the trade-off between semantic
compression rate and classification accuracy, we train the
NICE pipeline with Discriminator-fixed and
Discriminator-finetuned4 with b = 16 to generate
sparse masks for each Caltech256 test image. After train-
ing, we generate mixed-resolution images with a differ-
ent b in {1, 2, 4, 8, 16, 32, 64}. We then use PNG [36],

4For discriminator-finetuned, we set the parameters of Conv-4, Conv-
5 and the FC layers of ResNet18 to be trainable and freeze all the other layers.
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FIGURE 9. The evolution of (a) average file size of the PNG compressed
image and (b) classification accuracy as a function of block size b of
NICE-fixed, NICE-finetuned, Saliency Map, RTIS, CAM (paper [18]) and
down sampling.

a standard image compression algorithm, to store the gen-
erated mixed-resolution images and report the file sizes.5 We
also classify the mixed-resolution images with the discrim-
inators to report classification accuracies. As a comparison,
the same procedure is applied to Saliency Map, RTIS and
CAM (paper [18]) for semantic image compression. We also
include a baseline that uses down sampling in our compres-
sion pipeline to demonstrate the importance of salient region
detection for semantic compression. Specifically, we use
down sampling to generate low resolution images regardless
of salient regions of the images. When testing the accuracy
on the down sampled images, we upsample them to original
resolution by bilinear interpolation.

Fig. 9 shows the average file size of compressed images
and the corresponding classification accuracy as a function
of block size b. As we can see, when the block size increases,
the file size of the compressed images decreases (higher com-
pression rate) and the classification accuracy also decreases
(lower classification accuracy), and vis-versa. The classifi-
cation accuracies of NICE-finetuned are significantly higher
than the other four baseline methods, meanwhile it achieves
the best compression rate. When the block-size is 8, NICE-
finetuned achieves a 1.6× compression rate (87KB vs. 54KB)
with a small (3.35%) accuracy drop (78.30% vs. 74.95%),
demonstrating the superior performance of NICE on semantic
image compression.

Comparing NICE-finetuned with down sampling, the
results show that down sampling hurts classification accuracy
significantly because it uniformly drops pixels regardless of
their saliency. For example, when we down sample images
with a factor of 8, it reduces the average file size significantly
(slightly better than NICE), but the corresponding classifi-
cation accuracy is only 30.83%, while NICE still achieves
an accuracy of 74.95%. Therefore, the mixed-resolution
images produced by NICE can achieve a much better balance
between compression rates and final classification accuracies
than down sampling.

Note that semantic image compression rate depends on the
size of salient regions of an image. Given the large objects
in Caltech256, the 1.6× compression rate means NICE
uses 60% pixels to achieve a similar classification accuracy.

5The reason that we choose PNG [36] instead of JPEG [35] for compres-
sion is because PNG is a lossless compression. Thus, the file size reduction
of the mixed-resolution images can be 100% attributed to NICE, and the
possible artifacts introduced by JPEG, a lossy compression, can be avoided.

TABLE 2. Inference time comparison between NICE and the baseline
algorithms. The results are averaged over 100 runs.

To achieve even higher compression rates, other image
compression algorithms [20], [54] can be used to com-
press NICE generated images further since our algorithm is
complementary to these compression techniques.

D. INFERENCE TIME COMPARISON
Besides the improved explanation performance of NICE,
another advantage of NICE is its superior inference speed
over the competing methods. As discussed above, to generate
the sparsemask to explain the decision of a target CNN,NICE
only needs one forward propagation of the generator network,
while backpropagation-based algorithms, like Saliency Map
and CAM, requires heavy computation of backpropagation
to generate the salient regions. Similar to NICE, RTIS does
not need backpropagation at inference time, but it requires
to compute the feature maps of intermediate layers of the
target CNN as the input of the generator, which is also time
consuming. To have a quantitative speed comparison, we cal-
culate the inference times of different explanation algorithms
on 1000 images from Caltech256. We run each experiment
100 times on a NVIDIA Tesla V100 GPU and report the
average run-times in Table 2. As we can see, NICE is about
23× times faster than Saliency Map and 16.5× faster than
CAM, while being 2.8× faster than non-backpropagation
based RTIS.

V. CONCLUSION
We propose NICE, a unified end-to-end trainable frame-
work, for neural explanation and semantic image compres-
sion. Compared to many existing explanation algorithms that
heavily rely on backpropagation, the sparse masks generated
by NICE are much more concise and coherent and align
well with human intuitions. With the sparse masks, the pro-
posed mixed-resolution image compression further achieves
higher compression rates compared to the existing seman-
tic compression algorithms, while retaining similar classi-
fication accuracies with the original images. We conduct a
series of experiments on multiple image classification bench-
marks with multiple CNN architectures and demonstrate its
improved explanation quality and semantic image compres-
sion rate.

As for future work, we plan to extend the technique
developed here to other domains, such as text and bioin-
formatics for neural explanation and summarization, where
interpretable decisions are also critical for the deployment of
DNNs.
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