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ABSTRACT

Scaling down the resolution of input images can greatly reduce the
computational overhead of convolutional neural networks (CNNs),
which is promising for edge AL However, as an image usually con-
tains much spatial redundancy, e.g., background pixels, directly
shrinking the whole image will lose important features of the fore-
ground object and lead to severe accuracy degradation. In this paper,
we propose a dynamic image cropping framework to reduce the spa-
tial redundancy by accurately cropping the foreground object from
images. To achieve the instance-aware fine cropping, we introduce a
lightweight foreground predictor to efficiently localize and crop the
foreground of an image. The finely cropped images can be correctly
recognized even at a small resolution. Meanwhile, computational re-
dundancy also exists in CNN architectures. To pursue higher execu-
tion efficiency on resource-constrained embedded devices, we also
propose a compound shrinking strategy to coordinately compress
the three dimensions (depth, width, resolution) of CNNs. Eventually,
we seamlessly combine the proposed dynamic image cropping and
compound shrinking into a unified compression framework, Smart
Scissor, which is expected to significantly reduce the computational
overhead of CNNs while still maintaining high accuracy. Experi-
ments on ImageNet-1K demonstrate that our method reduces the
computational cost of ResNet50 by 41.5% while improving the top-1
accuracy by 0.3%. Moreover, compared to HRank, the state-of-the-
art CNN compression framework, our method achieves 4.1% higher
top-1 accuracy at the same computational cost. The codes and data
are available at https://github.com/ntuliuteam/smart-scissor

1 INTRODUCTION

Modern convolutional neural networks (CNNs) continue to break
previous accuracy records with the advances in large-scale datasets
[3, 4, 21, 28] and network architecture innovation [22, 24, 34, 39].
Naturally, the accuracy improvement comes at the cost of higher
computational overhead [2, 7, 34]. Recently, there is a trend de-
ploying CNNs in edge environments [31] to mitigate the latency
and privacy concerns. However, the prohibitive computational
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Figure 1: The prediction results of our pretrained ResNet-
50 model. For easy samples, the network can still generate
correct predictions at a smaller resolution (e.g. 112 x 112
for ImageNet). For hard samples, simply resizing the images
to a smaller resolution can lead to misclassification, while
the dynamic cropping strategy can correctly classify hard
samples at a smaller resolution.

cost impedes the deployment of advanced models onto resource-
constrained edge devices. To enable edge applications like autopilot
to benefit from the development of neural networks, efforts have
been made to compress CNNss for a better trade-off between accu-
racy and model overhead, such that they can be easily deployed
onto various edge hardware devices.

The computational cost, i.e., the Multiply-Accumulate Opera-
tions (MACs) of a CNN mainly result from gigantic network ar-
chitectures and high-resolution input images (e.g., 224x224 for
ImageNet). To reduce the cost, on the one hand, network architec-
ture pruning [8, 19, 37, 41] devotes to removing the redundancy in
network architectures to construct more compact networks. For
instance, MobileNets [29] and Slimmable networks [41] yield ‘thin-
ner’ networks by using less channels in each layer, which reduces
the computation and memory footprint. On the other hand, as the
MAGCs of a CNN reduce quadratically with respect to the image
resolution, many works resize the input images to a smaller reso-
lution (e.g., 112x112) to reduce the computational cost [29, 33, 47].
However, different images correspond to diverse classification dif-
ficulties. As demonstrated in Figure 1, easy samples with clear
foreground can be correctly recognized even at a smaller resolution.
While for hard samples, as the foreground object only occupies
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a small portion of the whole image, directly shrinking the image
will lose the details of the object, leading to a wrong prediction. In
contrast, if we only crop the foreground patch for inference, hard
samples can also be correctly classified at a small resolution. How-
ever, existing image preprocessing methods, e.g., ResizedCenter-
Crop (RCC), crop all images in a static manner and cannot achieve
such instance-aware fine cropping, which motivates our work.

In this paper, we propose a dynamic image cropping (DIC) frame-
work to facilitate the inference with low-resolution images, thereby
reducing the costs of CNNs and boosting the deployment of CNNs
onto resource-constrained edge devices. DIC first efficiently local-
izes the most discriminative foreground of the input image with
a lightweight foreground predictor, then the detected foreground
region will be preserved and the redundant background will be
discarded. By this means, DIC is capable of generating fine-cropped
images with less spatial redundancy, thereby improving the in-
ference accuracy even under low-resolution settings. To train the
foreground predictor on large-scale classification datasets, we first
employ a visualization technique, Grad-CAM [30], to generate the
salience map of each training image to indicate the most discrimina-
tive foreground. Based on the salience map, we then automatically
generate a bounding box annotation for each training image. Sub-
sequently, we use the image-box pairs to train the predictor in a
supervised manner. Once the foreground predictor is trained, it can
be directly applied to any CNN backbones without modification.

Meanwhile, to deal with the redundancy in network architectures
for higher execution efficiency, we propose a compound shrinking
(CS) strategy to jointly compress the three dimensions (depth, width,
resolution) of a CNN. We first investigate the impact of shrinking
each dimension on accuracy. Based on that, we then calculate the
optimal shrinking coefficient for each dimension to coordinate the
shrinking of different dimensions to achieve the highest compres-
sion rate while still maintaining the accuracy. Eventually, DIC and
CS are seamlessly combined to form a deep compression frame-
work, Smart Scissor, where an image is firstly cropped by DIC, then
the cropped patch will be resized to the resolution calculated by
CS and sent to the model compressed by CS for efficient inference.
With our approach, both the spatial redundancy in images and
the architecture redundancy in networks are reduced and thus the
execution of CNNs on embedded hardware is accelerated.

The main contributions of this paper are summarized as follows:

(1) We propose a dynamic image cropping framework to reduce
the spatial redundancy in images. We introduce a lightweight
foreground predictor to efficiently localize the foreground
object and conduct instance-aware dynamic cropping. With
the finely cropped images, CNNs can yield accurate predic-
tions using a smaller resolution, which greatly reduces the
computational cost of CNNs.

(2) We also propose a compound shrinking strategy to coordi-
nately shrink the three dimensions (depth, width, resolution)
of a CNN. We first quantify the impact of each dimension
on accuracy, and then compute the optimal shrinking coef-
ficient for each dimension accordingly. By this means, we
can greatly reduce the redundancy in network architectures
while still maintaining high accuracy.

(3) We seamlessly combine the dynamic image cropping and
compound shrinking into a deep compression framework,
which is able to optimally adapt the model cost to meet
different resource constraints of embedded hardware.

Experiments on ImageNet-1K demonstrate that our method re-
duces the MACs of ResNet50 by 41.5% while improving the top-1
accuracy by 0.3%. In addition, our method achieves 4.2% higher top-
1 accuracy with similar MACs and 54.3% less parameters compared
to the most widely used image cropping method, ResizedCenter-
Crop (RCC). In low MACs regime, our approach also outperforms
HRank [19] by a remarkable improvement (4.1%) in top-1 accuracy.

2 RELATED WORK

Smart Scissor is mainly related to object discovery and neural net-
work compression, so we discuss the related works in this section.
Object discovery: Object discovery algorithms have made im-
pressive progress. Among them supervised object detection (SOD)
[1, 10, 23, 27] achieves relatively high accuracy on well annotated
datasets, such as COCO [21] and Pascal VOC [6]. However, the
difficulties in building larger detection datasets hinder the further
development of SOD. Weakly supervised object discovery (WSOD)
[30, 38, 44, 46] is able to coarsely localize objects of interest with
only image-level labels, which makes WSOD applicable to more
large-scale datasets without bounding box annotations, such as
ImageNet [4]. Class activation map (CAM) [46] is able to visualize
the importance of different regions of the input image by utilizing
the output of the pooling layer at the end of CNNs. Grad-CAM [30]
further generalizes CAM by using the gradients to calculate the
importance of different pixels, which makes it applicable to more
CNN architectures. ACoL [45] designs a CNN architecture with two
branches to adversarially learn the full region of objects. CutMix
[42] randomly blends different regions of images to improve the
localization accuracy. However, the huge computational cost and
latency make both the SOD (e.g., SSD) and WSOD inapplicable in
our context, i.e., resource-constrained embedded hardware.

CNN compression: To compress CNNs for better on-device per-
formance, different approaches have been proposed to remove the
redundancy of CNNs. Deep Compression [9] removes neurons
from kernels, which achieves a high compression rate. However,
the obtained sparse networks need special hardware to accelerate.
[19, 25, 29, 41] build compact CNNs by removing channels from
each layer, which can speed up the execution of CNNs on off-the-
shelf hardware. Among them MobileNetV2 [29] and Slimmable
networks [41] uniformly reduce the channels in all layers. Instead,
HRank [19] and Taylor pruning [25] prune the channels in a layer-
wise manner. Besides compressing the network architecture, some
works focus on reducing the spatial redundancy in images. Mo-
bileNetV2 [29] and MnasNet [33] use smaller resolutions to im-
prove the performance on mobile devices. DR-ResNet [47] proposes
a dynamic resolution network to reduce the computational cost.
GFNet [35] employs reinforcement learning to select multiple small
patches instead of using the whole image to accelerate CNNs. How-
ever, these methods only consider reducing the redundancy in a
single dimension and thus only achieve a limited compression rate.
In contrast, jointly compressing all dimensions promises a better
trade-off between the compression rate and accuracy.
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Figure 2: The overview of the proposed framework, Smart Scissor (SS), which mainly consists of three components: bounding
box generation (BBG), dynamic image cropping (DIC), and compound shrinking (CS).

3 THE SMART SCISSOR FRAMEWORK

In this section, we first outline the design of Smart Scissor and then
describe each submodule in detail.

As demonstrated in Figure 2, given a classification dataset 2 and
a classification network . We first exploit Grad-CAM to generate
the salience map of all training images in D, and then we generate
a bounding box for each image according to the salience map and
form a bounding box label set 8. Thereafter, we utilize the image-
box pairs {D;, B;} to train a lightweight predictor. Meanwhile, for a
given MACs budget M, we use CS to quickly calculate the desired
resolution and shrink the network accordingly. During inference,
an image will be first fed into the predictor to quickly output the
boundary of the foreground object, then the detected object is
cropped. Finally, the cropped patch is resized to the calculated
resolution and sent to the compressed network Nj for fast inference.

3.1 Bounding Box Generation

As aforementioned, dynamically cropping the foreground for infer-
ence is promising in reducing computation and improving accuracy.
However, for classification datasets like ImageNet, there is no out-
of-the-box position annotation for the foreground object. Moreover,
the position of the foreground object varies in different images,
which makes it difficult to efficiently localize the foreground object.

To address this limitation, we first use Grad-CAM [30] to au-
tomatically generate the position annotations. Specifically, let the
class label of the given image be c. We first perform forward in-
ference with a well-trained CNN (e.g. ResNet50) to obtain the pre-
diction score p€ for class ¢, and then conduct backpropagation to
compute the gradient of the score p¢ with respect to each activa-
tion of the last convolutional layer. Thereafter, the gradients are
aggregated within each channel via global average pooling. The
obtained scalar for each channel can be seen as the weight of the
channel, which can be calculated as follows:

pooling gradients
e T
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¢ is the weight of channel k for class ¢, and A{?j is a single

k
activation indexed by i and j in the 2-D feature map of channel

where a

Table 1: The impact of using different salience thresholds on
prediction accuracy. The model is trained and evaluated on
ImageNet-1K. t = 0 means using the original images without
Grad-CAM cropping.

Model || #Params || #MACs || t | Acc@1
0 (Baseline) 76.02 %

0.25 76.45 %

ResNet50 25.6 M 41B 0.5 76.88 %
0.75 76.32 %

k. With the weights of all channels determined, the salience map
for class ¢ can be obtained by computing the weighted sum of all
feature maps over the channel dimension, which is formulated as:

— k
Lérad_cam = ReLU () @A) @)
k

NS —
linear combination

where AX is the 2-D feature map of channel k, and ReLU is used to
eliminate the impact of negative activations. Finally, the obtained
salience map is upsampled to the same size as the input image via
bi-linear interpolation algorithm.

With the salience map generated, we then introduce a simple
yet effective strategy to determine the bounding box of the fore-
ground object. Initially, we set the box as the boundary of the image.
Subsequently, we shrink the four sides of the box simultaneously,
and once a side reaches our preset salience threshold ¢, the side is
frozen. The bounding box is determined after all sides are frozen.
Note that it is crucial to appropriately select the value of ¢ for the
final result. As demonstrated in Figure 3, a too small threshold will
result in residual background redundancy, while a too large thresh-
old will lose some object features. Therefore, we conduct empirical
experiments to determine the optimal threshold value. As shown in
Table 1, we achieve the highest accuracy when the threshold ¢ is set
to 0.5. Therefore, we set t = 0.5 in the following experiments. Note
that more fine-grained searching for ¢ may further improve the
accuracy, but it also increases the search cost. Finally, the generated
box annotations are saved in the form of [Xinin, Ymin, Xmax> Ymax)»
which denotes the position of the foreground in the image.
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Figure 3: By applying different values of the salience thresh-
old t, we can obtain different cropped images. The larger the
threshold value, the more radical the cropping.

3.2 Dynamic Image Cropping

Figure 4 shows that we are capable of accurately localizing the fore-
ground of images with Grad-CAM. However, Grad-CAM cannot be
directly applied to edge applications because of the time-consuming
backpropagation process. Moreover, Grad-CAM requires the class
label as weak supervision, which is unavailable for validation im-
ages. To address these issues, we design a foreground predictor to
efficiently localize the foreground of input images.

3.2.1 Predictor Architecture. Although dozens of object detectors
have been proposed to detect objects from images, such as SSD
[23] and Faster R-CNN [27], these detector architectures are com-
pletely inapplicable to our task. Particularly, to accurately detect
multiple objects from a single image, existing detectors are usually
equipped with a heavy feature extractor and a complex region pro-
posal network (RPN), which are extremely time-consuming and
unnecessary for image classification where each image only con-
tains one object. Therefore, we discard the design of traditional
detectors. Instead, we design the foreground predictor as a light-
weight plain CNN, whose detailed architecture is summarized in
Table 2. It consists of several residual bottleneck blocks [11] and
a fully connected layer as the single-box regressor. As shown in
Figure 5, a residual bottleneck contains two convolutional layers
with 1x1 kernels and one convolutional layer with 3x3 kernels in
the middle. The computational cost mainly results from the 3x3
convolutional layer. Therefore, to reduce the cost and accelerate the
predictor, we only stack two residual bottleneck blocks in each stage
and each block is only equipped with a small number of channels.
Consequently, the proposed predictor only contains 0.27M param-
eters and 0.09B MACs, which is negligible compared to popular
object detectors (e.g., Faster R-CNN with 134.7M (499x) parameters
and 15.1B (167.8x) MACs [16]). Moreover, the small overhead of
the foreground predictor can be complemented by the CS module.

3.2.2  Training of Foreground Predictor. We train the predictor in a
supervised manner. First, we generate a bounding box label set 8
for all training images as described in Subsection 3.1, then the labels
are utilized to train the predictor. We use the mean square error
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Figure 4: The bounding boxes generated with the salience
threshold ¢ = 0.5, which accurately localize the key object in
each image.

(MSE) as the loss function. Let P; = [Xf;in, Yf:lin, Xhax: Yhax] be
the output of the predictor, and B; = [Xrgm.n, Yr‘iin, Xnax> Yiax] be

the generated box label, the loss function can be formulated as:

Lpox = MSELoss(Pi, Bi)

P 2 g P N2
min Xmin) + (Ymin - Ymin) ®3)

1
=—((x?
3¢

+ (Xrgnax - Xﬁmx)z + (Yrgzax - Yilr,mx)z)

To balance the training overhead and prediction accuracy, we
train the predictor with Adam [15] optimizer for 40 epochs. The
initial learning rate is set to le-3, and the learning rate is scheduled
using exponential decay [17]. The training of the box predictor is
decoupled with backbone networks. Once the predictor is trained,
it can be directly applied to different classification backbones with-
out any training overhead. During inference, the trained predictor
will quickly localize the foreground object of the input image and
generate a finely cropped image, which significantly reduces the
redundancy in the input image.

3.3 Compound Shrinking

The proposed DIC significantly reduces the redundancy in images,
improving the computational efficiency. We observe that redun-
dancy also exists in network architectures (e.g., redundant parame-
ters), and only removing the redundancy in images loses the oppor-
tunity to further compress the model for embedded hardware. Be-
sides, [34] demonstrates that jointly adjusting different dimensions
promises higher accuracy. To this end, we propose a compound
shrinking (CS) strategy to jointly compress the three dimensions
(depth, width, resolution) of CNNs to reduce the redundancy in
images as well as networks while maintaining the accuracy.
Intuitively, shrinking different dimensions has different impacts
on accuracy and model overhead. The core of our compound shrink-
ing strategy is to calculate a shrinking coefficient for each dimension
according to their trade-off between accuracy and model overhead.
A larger coefficient denotes more radical shrinking. More specifi-
cally, the dimension with a steep accuracy drop during shrinking
will be assigned a small shrinking coefficient to prevent severe
accuracy degradation. To calculate the shrinking coefficients, we
first quantify the trade-off of each dimension between accuracy
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Figure 5: The architecture of the residual bottleneck block,
which is widely used in many state-of-the-art networks.

Table 2: The architecture of the proposed box predictor. #C
denotes the number of channels and #L denotes the number
of layers.

Stage H Block H Resolution H #C H #L
1 Conv 3%X3 224 X 224 16 1
2 Residual Bottleneck 112 x 112 16 2
3 Residual Bottleneck 56 X 56 32 2
4 Residual Bottleneck 28 x 28 32 2
5 Residual Bottleneck 14 x 14 64 2
6 Pooling & Linear 7X7 4 1

#Params: 0.27M
#MACs: 0.09B

and model overhead. Here we use MACs as the metric to mea-
sure the cost of models, because all three dimensions are related
to the MACs of a model while only the depth and width can affect
the model parameters. Given a MACs budget M, we first obtain
the accuracy drops resulting from separately shrinking different
dimensions, which can be represented as:

AAs(M) = Ag — As(M) 4

where s € {d, w,r} represents the shrunk dimension, Ag(M) de-
notes the accuracy of the shrunk model, and A denotes the accu-
racy of the original model. To comply with the rule that the steeper
the drop in accuracy, the smaller the coefficient of the correspond-
ing dimension, we design the following equation to determine the
shrinking coefficient for each dimension:

JAAZ(M) - AAw(M) - AA-(M)
AAs(M)

where Cs (M) denotes the shrinking coefficient of the dimension s
(s € {d, w,r}). Through Equation 4 and Equation 5, we are able to
efficiently calculate the coefficients once we obtain the accuracy
degradation of the three dimensions in the given MACs regime.
However, the training cost of the compressed models to cal-
culate the accuracy drop is still non-negligible. To mitigate the
training overhead, we propose a dimension-wise accuracy estima-
tor to quickly estimate the accuracy of the compressed models and
calculate the accuracy degradation resulting from shrinking dif-
ferent dimensions in the given MACs regime. First, we sample a
couple of models with different MACs by separately shrinking the
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Figure 6: The actual accuracy (blue dotted line) and the esti-
mated accuracy (yellow line) over MACs by separately shrink-
ing the three dimensions. The low root mean square error
(RMSE) indicates that the accuracy estimator can well fit ex-
isting data.

three dimensions. As demonstrated in Figure 6, the accuracy distri-
bution of the three dimensions along MACs can be well fitted by a
quadratic polynomial. Therefore, we design a simple yet effective
polynomial estimator to predict the accuracy with respect to the
target MACs M. The estimator can be formulated as follows:

As(M) = as(M = Mo)® +bs(M = Mo) + Ao (6)

where My is the MACs of the original model. as; and b are the
hyperparameters to fit for dimension s (s € {d, w, r}). Subsequently,
we train the dimension-wise estimator using least square regression
with the aforementioned sampled data. Figure 6 shows that the
proposed estimator can well fit existing data. Due to the simple
and intuitive design of the estimator, we only need to sample and
train very few models to train the estimator, and this cost is a
one-time cost. With the accuracy estimator established, we are
capable of directly calculating the accuracy drop and subsequently
the shrinking coefficient of each dimension across a wide range of
MACs regimes. Consequently, the cost of assigning the coefficients
is significantly reduced compared to directly training models to
obtain the coefficients.

4 EXPERIMENTAL RESULTS

In this section, we conduct experiments to comprehensively eval-
uate Smart Scissor. We compare Smart Scissor with many state-
of-the-art (SOTA) methods in terms of accuracy, MACs, on-device
latency, and throughput. In addition, we also do ablation experi-
ments to validate the efficacy of each component in our framework.

4.1 Hardware Devices

The on-device latency and throughput are two important metrics
to evaluate the efficiency of CNNs. To demonstrate the on-device
performance of our method, we select two representative embedded
GPU platforms, NVIDIA AGX Xavier and NVIDIA Jeton Nano, and
Inteli7-9750H@2.6GHz CPU to deploy the proposed framework and
measure the latency and throughput. The hardware specifications
are listed in Table 3.

4.2 Datasets

We evaluate our method on two large-scale datasets, ImageNet-
1K [4] and ImageNet-100. ImageNet-1K (a.k.a. ILSVRC 2012) is
the most widely exploited dataset for image classification tasks,
which consists of 1,000 classes, and each class contains about 1,000



Table 3: The specifications of three different hardware plat-
forms used in our experiments.

Device H Power H Memory/Cache H Performance
AGX Xavier || 15W || 32 GB I 11 TOPS
JetsonNano || 5W || 4GB | 0.47 TFLOPS
i7-9750H || 45W || 12 MB I 0.4 TOPS

high-resolution (224x224) images for training and 50 images for
validation. ImageNet-100 is a subset of ImageNet-1K, which is com-
posed by 100 randomly selected classes from ImageNet-1K. The
detailed categories of ImageNet-100 is provided in the code reposi-
tory. All images are preprocessed following a simple configuration
as [26, 29].

4.3 Networks

We implement the Smart Scissor framework with two popular CNN
models, ResNet50 [11] and RegNet-X [26] as the baseline backbone
networks. For each model, we apply Smart Scissor to reduce the
model overhead by removing both the spatial redundancy of images
and the architecture redundancy of networks. Moreover, we also
report the results of other SOTA model compression approaches
on the two models for comparison.

4.4 Optimization Settings

We use a stochastic gradient descent (SGD) optimizer with a momen-
tum of 0.9 to train the classification networks. On both ImageNet-
100 and Imagenet-1K, models are first trained with a batch size of
1,024 for 100 epochs without dynamic image cropping, where the
first 5 epochs are for warmup. At this stage, the initial learning rate
is set to 2.0 and decayed by exponential learning rate policy with
a decay factor of 0.02. Then, we use the proposed dynamic image
cropping to fine-tune the pretrained models for 20 epochs with a
constant learning rate of 5e-4. To prevent over-fitting, we also use
label smoothing with e = 0.1.

4.5 Results on ImageNet-100

We conduct experiments on ImageNet-100 with both ResNet50
and RegNet-X. In practise, to better demonstrate the improvement
of each component, we implement two versions of Smart Scissor,
Smart Scissor with only the DIC module (SS-DIC) and Smart Scissor
with both the DIC and the CS module (SS-DIC-CS). As a compar-
ison, we use the most popular image cropping method, Resized-
CenterCrop (RCC) to crop and resize images. Finally, all models
are deployed to the hardware platforms to evaluate the latency and
throughput.

ResNet50: As shown in Table 4, SS-DIC-CS outperforms the
competitors on all metrics. Specifically, compared to the baseline
ResNet50 (RCC-Baseline), SS-DIC improves the accuracy by 0.9%
with a negligible increase in model parameters (1.2%) and MACs
(2.4%), while SS-DIC-CS further pushes up the accuracy improve-
ment to 1.1% with a parameter reduction of 27% and a MACs reduc-
tion of 26.8%. In the low complexity regime, SS-DIC-CS achieves
2.4% higher accuracy than RCC with only 33% model parameters
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Figure 7: The real performance of ResNet50 compressed by

different methods on three distinct hardware devices. The
accuracy is measured on ImageNet-100.

Table 4: Results of ResNet50 on ImageNet-100.

Method H #Params H #MACs H | MACs H Acc@1
RCC-Baseline 237 M 41B 0.0% 81.6%
SS-DIC 24.0 M 42 B -2.4% 82.5%
SS-DIC-CS 173 M 3.0B 26.8% 82.7%
RCC 237M 3.0B 26.8% 80.1%
SS-DIC 24.0 M 26B 36.6% 80.8%
SS-DIC-CS 145 M 24B 41.5% 81.5%
RCC 237M 1.1B 73.2% 76.9%
SS-DIC 240 M 1.2B 70.7% 77.9%
SS-DIC-CS 7.8 M 1.0B 75.6% 79.3%

(7.8 M v.s. 23.7 M) and less MACs. Meanwhile, Figure 7 indicates
that both SS-DIC and SS-DIC-CS outperform RCC by a large margin
across a wide spectrum in terms of latency and throughput. Partic-
ularly, SS-DIC-CS achieves 79.4% top-1 accuracy with a latency of
4.3 ms on Xavier, which is 0.9% higher in accuracy and 18.9% lower
in latency compared to RCC (78.5% top1 accuracy, 5.3 ms). At the
same time, the throughput of SS-DIC-CS on Xavier is 232.5 imgs/sec,
which is 22% higher than RCC (190.5 imgs/sec). On Nano and Intel
i7-9750H CPU, SS-DIC-CS also improves the throughput by 20.6%
and 10.1%, and reduces the latency by 17% and 9.1%, respectively.
RegNet-X: The experimental results of RegNet-X are summa-
rized in Table 5, where we also observe a significant improvement of
our method. SS-DIC-CS outperforms the baseline RegNet-X (RCC-
Baseline) with an improvement of 1.3% in accuracy and a reduction
of 18.8% in MACs. Meanwhile, SS-DIC-CS reduces the model param-
eters by 25% (6.3 M v.s. 8.4 M). In the low MACs regime, SS-DIC-CS
observes a remarkable 2.8% improvement in accuracy with only
30% parameters (2.5 M v.s. 8.4 M) compared to RCC. As for the
real performance on hardware, SS-DIC-CS obtains an accuracy of
84% with 3.6 ms latency on Xavier, which is 0.3% higher in accu-
racy and 30.8% lower in latency than RCC (83.7% top-1 accuracy,
5.2 ms). Similarly, the latency reductions on Nano and Intel CPU
are 31% and 34.6%, respectively. Besides, SS-DIC-CS observes a
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Figure 8: The real performance of RegNet-X compressed by

different methods on three distinct hardware devices. The
accuracy is measured on ImageNet-100.

Table 5: Results of RegNet-X on ImageNet-100.

Method H #Params H #MACs H | MACs H Acc@1
RCC-Baseline 84 M 1.6B 0.0% 84.8%
SS-DIC 8.7M 1.3B 18.8% 85.0%
SS-DIC-CS 6.3 M 1.3B 18.8% 86.1%
RCC 84 M 0.7B 56.3% 82.3%
SS-DIC 8.7M 0.8B 50.0% 83.8%
SS-DIC-CS 3.6 M 0.6 B 62.5% 84.0%
RCC 8.4 M 04B 75.0% 80.0%
SS-DIC 8.7M 0.5B 68.8% 81.4%
SS-DIC-CS 25M 04B 75.0% 82.8%

44.9% throughput improvement (51.6 imgs/sec v.s. 35.6 imgs/sec) on
Nano and a 52.5% throughput improvement (30.2 imgs/sec v.s. 19.8
imgs/sec) on Intel CPU compared to RCC.

4.6 Results on ImageNet-1K

We evaluate our approach on ImageNet-1K, and compare the eval-
uation results with many SOTA CNN compression frameworks.
In addition, we also compare our compressed models with many
popular backbone architectures in different computation regimes.

Comparison with SOTA compression methods: Starting
with the baseline ResNet50 model, we implement different model
shrinking methods, including RCC, width shrinking (WidthShrink)
[29, 43], depth shrinking (DepthShrink) [11], SS-DIC, and SS-DIC-
CS, to compress the three dimensions of the model to different
MACs regimes and compare their performance. In addition, we
also report the performance of multiple SOTA model compression
techniques from the related papers, including DR-ResNet50 [47],
SSS-ResNet50 [13], Versatile-ResNet50 [36], PFP-A-ResNet50 [18],
C-SGD70-ResNet50 [5], GAL-1 [20], HRank [19], and RANet [40].
The comparison results are summarized in Figure 9, which shows
that our method achieves the highest accuracy across a wide range
of MACs. Particularly, compared to the baseline ResNet50, our
method achieves 1.2% accuracy improvement (76.0% to 77.2%) with
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Figure 9: Comparison of our Smart Scissor with other state-
of-the-art model compression methods. The baseline model
is ResNet50 and the dataset is ImageNet-1K.

a negligible increase in MACs (4.1 B to 4.2 B). As we continue to
reduce the MACs budget, SS-DIC-CS reduces the MACs by 41.5%
(4.1 B to 2.4 B) while still achieving 0.3% higher accuracy (76.0% to
76.3%). In the low MACs regime, SS-DIC-CS remarkably improves
the accuracy by 4.2% (70.0% to 74.2%) compared to RCC with similar
MACs. In comparison with other SOTA compression methods, our
method also achieves the best trade-off between MACs and accuracy.
For example, SS-DIC-CS achieves 3.3% higher accuracy (73.2% v.s.
69.9%) than GAL-1 [20] with 37.5% less MACs (1.0B v.s. 1.6B).

Comparison with popular backbones: In this experiment, we
apply Smart Scissor to ResNet50 and compare it with other models
from the ResNet family, such as ResNet101 and ResNet34, etc. In
addition, we also conduct extensive comparison with other popular
backbones like DenseNets [12] and the Inception family [14, 32]. As
demonstrated in Table 6, in the highest MACs regime, SS-DIC only
uses 53.2% of the MACs (4.2 B v.s. 7.9 B) of DenseNet161 to achieve
the same level of accuracy, while in the lowest MACs regime, SS-
DIC-CS obtains the highest top-1 accuracy (75.6%), which is 5.8%
and 2.1% higher than ResNet18 (69.8%) and BN-Inception (73.5%), re-
spectively. The comparison results with other backbones reveal that
our method can achieve promising results without redesigning the
network architecture, which avoids the extremely time-consuming
exploration of the architecture design space.

4.7 Visualization

We visualize the bounding boxes generated from both Grad-CAM
and our predictor in Figure 10. We can see that the foreground of
the most of images only occupies part of the whole images, thus
performing inference on the whole image is unnecessary and inef-
ficient, which coincides with our motivation. Moreover, Figure 10
validates that, even though the foreground predictor only contains
very limited computation and parameters for higher execution ef-
ficiency, it can also accurately localize the main object. With the
accurate and quick prediction of the foreground, we are able to
remove the background redundancy in images, thereby accelerating
the execution of CNNs on resource-constrained edge devices.
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Figure 10: Visualization of the predicted bounding boxes (red) and the ground truth bounding boxes generated from Grad-CAM
(green). Our predictor achieves a high localization accuracy of 62% mAP on ImageNet-1K validation set. The images above are

randomly selected from ImageNet-1K.

Table 6: Comparison with other popular backbone networks.

Model H #Params H #MACs H | MACs H Acc@1
ResNet50[11] | 256M | 41B| 0.0% || 76.0%
ResNet101[11] 44.6 M 79B -92.7% 77.4%
DenseNet161[12] 28.7M 79B -92.7% 77.1%
InceptionV3[32] 27.2M 58B -41.5% 77.3%
SS-DIC 259M 42 B -2.4% 77.2%
ResNet34[11] 21.8 M 3.7B 9.8% 73.3%
DenseNet169[12] 14.2M 34B 17.1% 75.6%
SS-DIC 259 M 31B 24.4% 76.3%
SS-DIC-CS 154 M 24B 41.5% 76.3 %
ResNet18[11] 117 M 1.8B 56.1% || 69.8%
DenseNet121[12] 80M 29B 29.3% 74.6%
BN-Inception[14] 11.2M 2.1B 48.8% 73.5%
SS-DIC 259 M 19B 53.7% 74.9%
SS-DIC-CS 13.5M 1.8B 56.1% 75.6%

Table 7: Results of ablation experiments on ImageNet-1K.

Method H #Params H #MACs H Latency H Acc@1
ResNet50 | 256M | 41B| 106ms| 76.0%
RCC 25.6 M 1.1B 3.0 ms 70.0%
RandomCrop 256 M 1.1B 2.9 ms 69.1%
SS-DIC 259 M 1.2B 3.8 ms 73.1%
ResShrink 25.6 M 1.1B 3.0 ms 70.0%
WidthShrink 89 M 1.2B 5.2 ms 71.2%
DepthShrink 111 M 1.7B 5.0 ms 69.6%
SS-CS 114 M 1.1B 4.6 ms 71.5%
SS-DIC-CS || 11.7M | 13B| 55ms| 74.2%

4.8 Ablation Study

To validate the efficacy of both the DIC module and the CS module,
we perform comprehensive ablation experiments on ImageNet-
1K. First, we only keep the DIC module to separately evaluate its
efficacy. The results in Table 7 show that SS-DIC outperforms RCC
and RandomCrop remarkably. Specifically, SS-DIC improves the

top-1 accuracy by 3.1% compared to RCC with a similar model cost.
Subsequently, we evaluate the CS component by comparing it with
single-dimension shrinking methods. The results also demonstrate
the efficacy of the CS component. Finally, we combine the two
modules into the completed framework SS-DIC-CS. Because of the
novel design of DIC and CS, we significantly improve the accuracy
with a slightly higher latency on Xavier, optimizing the trade-off
between accuracy and latency. The ablation experiments reveal
that both DIC and CS contribute to the final performance.

5 CONCLUSION

In this paper, we propose a deep compression framework, Smart
Scissor, to comprehensively reduce the redundancy in both input
images and network architectures, thereby facilitating the efficient
inference on edge devices. First, we rethink the image cropping
strategy for CNNs, and we find that existing static cropping methods
introduce much redundancy in images. To reduce the redundancy
in images, we propose a dynamic image cropping framework. The
proposed framework first employs a foreground predictor with
negligible overhead to quickly localize the important foreground re-
gion, and only the detected foreground will be utilized for inference,
which remarkably reduces the computational cost. Meanwhile, to
remove the redundancy in network architectures, we also propose
a compound shrinking strategy, which coordinately shrinks the
three dimensions of CNNs according to their importance to the
final accuracy. By this means, the compound shrinking strategy is
expected to comprehensively compress CNNs. Finally, the dynamic
image cropping and compound shrinking are integrated to work
coordinately for the optimal trade-off between accuracy and costs.
Extensive and comprehensive experiments demonstrate the efficacy
and efficiency of our approach.
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