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This special issue of Frontiers focuses on the development and innovation of Information and Communication 
Technology field. The research topics of the papers in this special issue include how to introduce attention 
mechanism, bilinear pooling, and depth wise separable convolution to the defect detection model, a new 360° 
VR system over C-RAN, translating video into language by enhancing visual and language representations, 
and optimize the energy efficiency of video analytics tasks using a variable-resolution strategy.  
 
The first paper proposed a novel training strategy to form a new object-level attention mechanism, and 
construct an efficient CNN model based on the object-level attention mechanism and bilinear pooling for the 
DR defect inspection. The defects of the casting on radiography images were effectively recognized in 
complicated detection scenario. The proposed model outperformed other classical deep learning classification 
models in each quantitative metric. 
 
The second paper design a view synthesis-based 360° VR caching system over C-RAN, where MEC is enabled 
for view synthesizing and hierarchical caches are deployed at both BBU pool and RRHs. To decrease the 
transmission latency and backhaul traffic load for VR services, an integer linear program problem is formulated. 
 
The third paper presented a two-stage pre-training strategy which is more effective for video description. The 
used CNN model is first pre-trained on Imagenet to prevent the model from falling into over-fitting. And then, 
the model is fine-tuned on MSCOCO, having the model sensitive to frequently used words and sentence 
patterns in the task of video captioning. A visual and language representation enhancing method is proposed 
to capture more comprehensive information including static and motion visual feature and personalized 
language feature. Additionally, the proposed enhancing method is applied on both un-factored way and 
factored way LSTM networks for video description.  
 
The fourth paper investigated the ability to perform intelligent video analytics in energy-constrained edge 
devices. To globally optimize energy efficiency, their RL network learns the best non-myopic policy for 
determining the spatio-temporal frame resolution of incoming video stream data. Compared with other energy-
efficient single-task video analytics solutions that were designed for still images without utilizing temporal 
information, their work is the first to address the energy consumption optimization problem for multi-task 
video analytic pipeline, and it is also the first to leverage RL to holistically tackle all these challenges indicated 
above, and to do end-to-end global efficiency policy optimization.  
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1. Introduction 

Aluminum castings have been extensively applied to various parts whose qualities affect the fatigue behavior 
of the overall product [1]. Due to the complexity and diversity of the casting process [2], defects are inevitable 
in the internal of castings, such as gas holes, sand holes, and flaws. In order to obtain the internal in formation 
and guarantee the completeness of castings, radiography is often used for nondestructive testing [3], which has 
been widely used in quality controlling [4]. In radiographic testing processing, most manufacturers rely mainly 
on manual detection according to the experiences of operators about the shape, brightness, and contrast of 
castings. Such a manual method is not only mechanical and inefficient, but also may cause ophthalmic diseases 
due to the high-frequency illumination of the display. Consequently, the digital radiography (DR)-based 
automatic inspection system has been one of the research focuses. 

Recently, deep learning model, particularly the convolutional neural network (CNN), has received substantial 
interest in industrial applications [5]–[9]. In DR defect inspection, which requires quick and reliable results, 
the powerful deep learning model may not be the best solution due to its huge computation and high 
dependence of precise annotations. It is a main issue to make a good tradeoff between the performance and 
efficiency of execution in a real-time system. For another problem, labeling each defect in each radiography 
image is very expensive and laborsome. An alternative way is to annotate the images with coarse labels only 
indicating whether there are any defects in the image or not. However, an image-level label does not have 
enough position information of the defects. It is not easy for the classification model to extract defect features 
directly, because the differences between defect and non-defect images include not only defects, but also the 
complex structures of castings and background in the complicated scenario. 

To overcome the challenges of subtle defect representations and lack of precise annotations, we introduce 
attention mechanism, bilinear pooling, and depth wise separable convolution to the defect detection model. 
The main contributions are as follows: 1) A new CNN model, including type classification module (TCM) and 
defect classification module (DCM), is constructed for DR defect inspection. Simultaneously, bilinear pooling 
is used to obtain strong feature representation, and depthwise separable convolution is introduced in DCM to 
reduce computation. In real-time complex application, the proposed model outperforms classical deep 
classification models in terms of each quantitative metric (e.g., accuracy, precision, recall, F-measure, FPS, 
and Para Size). 2) Compared with previous methods of attention mechanism, a novel training strategy is 
proposed to construct object-level attention mechanism which is effective and free of computing burdens. To 
the best our knowledge, we are among the first to achieve the attention mechanism without additional 
architectures for defect detection models. 3) Inspired by class activation maps (CAM) [9], we propose bilinear 
CAM (Bi-CAM), which is suitable to bilinear architectures, to be used as a visualization technique to increase 
the interpretability of the model. 

2. Strategy for Object-Level Attention Mechanism 

In our task, any spatial information of defects cannot be provided because the dataset is only annotated with 
image-level labels, defect or non-defect. Thus, attention mechanism is an indispensable tool in complicated 
scenarios. In order to guarantee an industrial inspection in real time, we propose a novel training strategy 
without additional network structures to form an attention mechanism, namely, object-level attention 
mechanism. The basic idea of the scheme is motivated by the process of teaching infants, where parents often 
teach infants to pay more attention to recognizing the low-level objects first, such as fruits and bottles, then 
infants are told whether they can eat these objects. Inspired by this way, the proposed training strategy is to let 
the model pay attention to the certain type of the casting in the image, and then, the model can be taught to 
infer defects accurately based on the cognition. In the first stage of the proposed strategy, the object-level 
attention mechanism which bridges the gap between image-level annotations and application scenario is 
generated. 

According to the proposed strategy, we set two datasets with type and defect labels, respectively. 
Simultaneously, a novel CNN model is constructed where the two subnetworks are cascaded, namely, TCM 
and DCM. During the strategy, we first train TCM on the type dataset with an additional classifier to 
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distinguish the type of castings, then the softmax layer is discarded after TCM converges. In the secondary 
stage, the total model is trained on the defect dataset while the parameters of TCM are fixed. The object-level 
attention mechanism enables TCM to provide object-related features for subsequent DCM. Overall framework 

of the method is depicted in Figure 1. 

3. Type Classification Module  

TCM is in charge of irrelevant suppression and object-related representation in complex scenario via the 
object-level attention mechanism. We implement the TCM based on VGG16 [9] which is effective and light. 
Given an input image, the feature maps are extracted by TCM which can be formulated as: 

𝑓TCM(𝑋;𝑤TCM, 𝑏TCM) = 𝑤TCM ∗ 𝑋 + 𝑏TCM  

where 𝑋 is the input radiography image, 𝑤TCM and 𝑏TCM are the parameters of convolutional layers in TCM 
which can be learned, ∗ represents the convolutional operation. 𝑓TCM(𝑋;𝑤TCM, 𝑏TCM) is the output feature maps 
of TCM.  

To improve the representation of subtle defects, the bilinear pooling is inserted before prediction layer. 
Assuming that the output of the module is 𝑋 ∈ 𝑅$×&, 𝑌 = 𝑋, where 𝐿 and 𝐷 are the number and channel of 
features, respectively. Then, the bilinear aggregation is denoted as: 

𝑍 = 𝑋'𝑌  

where 𝑍 is the result of matrix multiplication for 𝑋 and 𝑌. 

The output nodes of the last layer are the same as the number of type classes. The softmax activation function 
can be regarded as an estimation of probability of each class since the sum of softmax classifier is one. We 
consider the class with the highest probability as the final result from the classifier. In the training stage, the 
cross-entropy loss function is leverage to measure the error between the prediction and the target label. 

4. Defect Classification Module  

DCM aims at achieving a tiny defect classification by mining deeper features in the object-related features 
from TCM. To meet industrial inspection requirements of accuracy, speed, and size of model, we attempt to 
design DCM by stacking few computational units which are efficient and similar with residual blocks. Due to 
the efficiency of depthwise separable convolution [10], we replace entire standard convolutions to the 
depthwise separable convolutions in residual blocks. The data stream of DCM can be formulated as: 

𝑓DCM(𝑋;𝑤DCM, 𝑏DCM) = 𝑤DCM⊗𝑓TCM(𝑋) + 𝑏DCM 

where 𝑓TCM(𝑋)	are the feature maps from TCM, wDCM and bDCM are learnable parameters of depthwise 
separable convolutional layers in DCM. ⊗	represents the depthwise separable convolutional operation. 
Before the softmax layer, the bilinear pooling is also used to enhance the representation of the subtle defects. 
We still use cross-entropy loss to train DCM in secondary training stage. 

5. Bilinear Class Activation Maps  

In order to interpret the validity of the proposed model visibly, we require a visual method to depict the 
relationship between feature maps and predictions. Inspired by CAM [8], we propose a new method, called 
Bi-CAM, to generate the active feature map for bilinear architectures by the simple algorithm. The procedure 
for generating CAM 𝑀)(𝑥, 𝑦) of class 𝑐 is formulated by: 

𝑀)(𝑥, 𝑦) = ∑ 𝑤*)𝑓*(𝑥, 𝑦)*   
where 𝑓*(𝑥, 𝑦) represents the feature map of channel 𝑘 in the last convolutional layer of the classification 

Figure 1 Overall framework of the proposed method. 
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network at spatial (𝑥, 𝑦). 𝑤*) is the weight corresponding to class 𝑐 in the softmax layer for channel 𝑘. 
However, the original procedure is only suitable to global average pooling (GAP) architectures. To adapt 
bilinear architectures in our model, we extend the CAM method. The bilinear pooling is instanced such that 

𝑍 = 𝑋'𝑌 = 𝑋'𝑋 = <
𝑓+'𝑓+ ⋯ 𝑓+'𝑓&
⋮ ⋱ ⋮

𝑓&'𝑓+ ⋯ 𝑓&'𝑓&
@ 

where 𝑍 is a Gram matrix associated with feature map 𝑓*, 𝑘 = 1, . . . , 𝐷, where 𝑓* is an abbreviation of 
𝑓*(𝑥, 𝑦), 𝑧,- = 𝑓,'𝑓- is the outer product of 𝑓, and 𝑓-, 𝑖, 𝑗	 ∈ 𝑘. Following [9], but being quite different, the 
score of class 𝑐 in the softmax layer is denoted by: 

𝑆) = ∑ 𝑤,-) 𝑓,'𝑓-,,-∈* = ∑ 𝑤,-) 𝑧,-,,-∈*   
where 𝑤,-)  is the weight corresponding to 𝑧,-. To spotlight the active regions of predicted class, a set of 
weights is required to describe the activation of each feature map. Thus, we first construct a square matrix 
consisting of 𝑤,-) . Second, eigenvalues 𝑤G,,)  are obtained by eigen-decomposition approach. 𝑤G,,)  can 
approximate the importance of 𝑓,, since more information of each channel is concentrated in the 
corresponding eigenvalue. Finally, Bi-CAM is formulated by: 

𝑀)
0, = ∑ 𝑤G,,),∈* 𝑓, .  

6. Experimental results 

The radiography images, provided by the cooperative enterprise, are generated by the inspection equipment 
named Y.MU2000-D which is an industrial X-ray and CT inspection system produced by YXLON. In order 
to adapt our proposed training strategy, the dataset is divided into type and defect datasets which are 
independent, respectively. The type dataset includes 9215 images of 51 categories for each type of castings. 
TCM is trained on the training set which randomly selected 70% images from each category of the type 
dataset. We evaluate the module on the testing set on the remaining images. As defect images produced by 
the system are rare, the defect dataset includes 1469 images of 20 categories only with image-level defect 
labels. We alter the distribution of training set and testing set to 60% and 40% in the defect dataset in order 
to verify the generalization ability of the model.  

In Table 1, our model is superior than VGG16 and ResNet50 in terms of each quantitative evaluation metric. 
Then, we further visualize qualitative results to describe the differences between CAM and Bi-CAM. As 
shown in Figure 2, Bi-CAM surely highlights more details of castings than CAM. 

Table 1 Comparisons with VGG16 and ResNet50. 

Model Accuracy (%) Precision (%) Recall (%) F-M (%) FPS Para Size (MB) 
VGG16 54.51 45.51 57.08 50.65 40.67 1688.19 

ResNet50 56.90 46.52 36.25 40.75 41.07 89.99 
Ours 92.77 90.67 91.60 91.31 49.11 58.27 

7. Conclusion and future 

In this letter, we proposed a novel training strategy to form a new object-level attention mechanism, and 
construct an efficient CNN model based on the object-level attention mechanism and bilinear pooling for the 
DR defect inspection. The defects of the casting on radiography images were effectively recognized in 
complicated detection scenario. The proposed model outperformed other classical deep learning 

Figure 2 Some examples of CAM and Bi-CAM, where the images based on Bi-CAM are labeled with 
the red rectangles. 
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classification models in each quantitative metric. It demonstrated that our model has a reliable advantage in 
efficiency and can be used for a real-time DR inspection system with complicated background. 

Researchers should make the best use of training strategies or network architectures to improve the 
performance and reduce additional labor consumption, such as manual annotation. This is a trend of 
designing industrial detection model. However, compared to direct supervision methods, the drawback is that 
our model cannot predict excessive results, such as the positions and types of defects. In future work, we aim 
to investigate topology analysis to infer a coarse location by the correlation of features and utilize metric 
learning to divide the types of defects by the learnable model. 
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1. Introduction 
Virtual reality (VR) is a human computer interface technology that enables users to interact with each other in 
the virtual environment with three-dimensional spatial information [1]. A recent market report forecasts that 
the data consumption from mobile VR devices (smartphone-based or standalone) will grow by over 650% 
between 2017 to 2021 [2], [3]. 360 video is an integral part of VR. As a user can freely change his/her viewing 
direction while watching, it can provide panoramic and immerse experience. Nevertheless, wireless 360 video 
delivering incurs 4-5 times higher bandwidth requirements than that of traditional videos. Research by Huawei 
iLab shows that a general 360° VR video data rate with 4K resolution is 50 Mbps, and the data rate with 8K 
resolution increases to 200 Mbps [4]. Therefore, with the rapid increase in the number of VR headsets (wireless 
VR headsets are going to increase to 50 million by 2021) [2], the communication network can potentially 
become a bottleneck. 
 
Some VR solutions use user’s field of view (FoV) streaming to reduce bandwidth consumption [5]–[9].While 
FoV adaptive 360 video streaming is useful for reducing bandwidth requirements, 360 video streaming from 
remote content servers is still challenging due to network latency. The Latency restriction is critical for VR 
services. Many studies indicate that the motion-to-photon (MTP) latency for VR should be less than 20 ms; 
otherwise, the user will feel dizzy. To alleviate the transmission latency, an efficient approach is caching 
popular VR contents at the edge of the network, such as RRHs and base stations. The existing literature has 
studied a number of problems related to caching in VR systems [10]–[13]. However, these caching schemes 
do not take the view synthesis character into consideration. View synthesis is a feature of multi-view video. 
Many methods [14]–[17] can be used for view synthesis, for example, Depth-Image-Based Rendering (DIBR) 
[14] technique, which is the most widely used method, can synthetically generate free-viewpoint video by 
using a reference 2D video and its associated depth map. 
 
View synthesis is not only a common way to generate free-viewpoint video from a limited number of views, 
but also an effective method for predictive coding in multi-view video compression [18]–[20] and can achieve 
good performance. Moreover, view synthesis can be utilized in VR systems to generate corresponding views 
according to the viewpoint of users [21]. Indeed, the user’s current desired FoV can be synthesized by the 
previous requested nearby FoVs in the 360° VR video streaming, because the adjacent FoVs usually share 
many similar parts. Based on this, if a required FoV which can be used for synthesizing more incoming FoVs 
is cached, the user requests can be largely satisfied by transmitting only a part of FoVs (correspondingly, a 
part of tiles) from the source. Therefore, we propose a new 360° VR system over C-RAN, where both mobile 
edge computing (MEC) and hierarchical caching are supported. Therefore, the transmission latency and 
backhaul traffic load for 360° VR services can be decreased, and the energy consumption on mobile phones is 
significantly relaxed. Different from [22], i) in the proposed VR system, the video data do not need to be pre-
fetched, so there are no additional remote access cost and local transmission cost; ii) the caching is 
hierarchical and cooperative, which is more suitable for the C-RAN architecture and iii) The view synthesis 
is done by MEC-Cache server in the BBU pool, due to the ample computing resource, the processing latency 
is less than the smartphones, which can significantly increase the QoE of VR users. 
 
Furthermore, to fully exploit the benefits of the proposed view synthesis-based 360° VR caching system, 
several challenges need be addressed. First, view synthesis is a computationally intensive task. The concurrent 
video synthesis could quickly exhaust the available processing resources of the MEC-Cache Server. Therefore, 
an efficient cache scheme needs to be designed for the given processing resources. Second, caching multiple 
views of video incurs high overhead in storage. Although hard disks are now very cheap, storing all these files 
is neither economical nor feasible. Finally, the impact of caching data at the BBU pool and at different RRHs 
should be quantified, and the questions of what contents and where to be placed should be addressed. 
 
2. System Model 
We show the view synthesis-based 360° VR caching system over C-RAN in Fig.1, which consists of one BBU 
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pool and a set of RRHs connected to the BBU pool via low-latency, high-bandwidth fronthaul links. An MEC-
Cache server is deployed at the BBU pool, providing computing, synthesizing, caching, and networking 
capabilities to support context-aware and delay-sensitive applications near the users. The MEC-Cache server 
and RRH are with caching capabilities. A set of 360° VR video files are stored in the VR video source server, 
which can be transmitted and cached in the C-RAN network.  

 
Fig.  1 Illustration of the view synthesis-based 360° VR caching system over Cloud Radio Access Network. 

 
We consider that video requests arriving at each RRH following a Poisson process. The caching design is 
evaluated in a long time period to accumulate many request arrivals. Basically, one user only connects to one 
nearest RRH (in terms of signal strength) at the same time, which is later referred to as the user’s associated 
RRH. The data can be fetched either from the associated RRH cache or from the BBU pool, to offload the 
traffic and reduce the transmission delay of both the fronthaul and backhaul. If the required view is not cached, 
it can be synthesized by the MEC-Cache Server since the left and right views are cached in the BBU pool. 
Furthermore, considering that many users mainly download and watch videos with little data uploading to the 
VR video source server, and the uplink of the fronthaul is idle most of the time, the requested view data can 
be obtained and synthesized from other unassociated RRH caches. This method can reduce the consumption 
of backhaul resource much further. Otherwise, the users should obtain the requested view data from the video 
VR source server. 
 
3. Hierarchical Video Caching Algorithm 
We illustrate seven possible (exclusive) events that happen when a user is requesting video view data, and the 
total download latency in the network for a user request is computed. To minimize the overall downloading 
latency in the network, we formulate an optimal problem. The problem is NP-Hardness and is extremely 
challenging to solve in polynomial time. Therefore, a brief analysis of an optimal solution to serve as a 
performance baseline is illustrated, and an online view synthesis-based caching algorithm is proposed. 
 
The whole process of the caching process is as follows: the requested view data is checked at the beginning 
of every process loop, if the data can be fetched from the BBU pool or the associated/unassociated RRH 
caches or can be synthesized by the MEC-Cache server, it will be sent to the user immediately. Otherwise, 
the system will bring it to the user from the VR video source server. In the meantime, the caching stage is 
launched. There are two phases in the caching stage. One is the cache placement phase, in which the data is 
cached immediately since the cache storage is not full; the other is the cache replacement phase, in which the 
cache storage is full. In the cache replacement phase, if the video segment is new, which means that no views 
of one segment in a video are cached at the RRHs or the BBU pool, the least frequently used data will be 
replaced. If not, considering the view synthesis feature of 360° VR data, we use the proposed 
MaxMinDistance (hereinafter referred to as MMD) scheme to replace the cached data. 
 
The main idea of MMD scheme is to get the smallest maximum distance for all segments. We prove that the 
proposed online view synthesis-based caching algorithm has a competitive ratio of 2, compared with the 
optimal offline algorithm for solving the minimization optimization problem. We also prove that it is an 
efficient/easy algorithm for common three-dimension VR videos and the polynomial time is needed. 
Furthermore, in terms of space, it will consume only linear space complexity which is nothing but size of 
given elements. 
 
4. Simulation Results 
We perform numerical simulations to evaluate the performance of the proposed MMD algorithm. Five 
existing algorithms, including the KP-optimal algorithm, the traditional LFU algorithm, VS-RANDOM 
algorithm, VS-LFU algorithm and Efficient View Exploration Algorithm (EVEA) [22], are compared with 
the proposed scheme. The performance metrics used for the evaluation are Average cache hit rate (AHR), 
Backhaul traffic load, Average latency, and Quality-of-experience (QoE). 
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Firstly, we change the total cache size from 160 GB (10% of the total file size) to 480 GB (30% of the total 
file size) to observe the performance in terms of the cache hit rate, backhaul traffic load, average latency and 
QoE. As shown in Fig.2, the performance of the six algorithms improves as the cache size grows, and the 
MMD algorithms always achieve an obviously superior performance, which is benefit from considering view 
synthesis feature in caching and processing. 

 
Fig.  2 Impact of Cache Storage. 

Secondly, knowing that the quality of each synthesized view depends on its distance to its two reference 
views, we fix the cache capacity to 160 GB and change the view synthesize range from default 2 to 10 to 
observe the influence on the performance in this subsection. From Fig.3, we can see that the larger the view 
synthesis range, the more obvious the advantage of this algorithm is, in addition to the KP-optimal algorithm. 
Further, while the average video quality will decrease when the view synthesis range increases, the rebuffed 
time and startup delay will decrease sharply. Therefore, we can see that the QoE remains increasing as the 
view synthesis range increases and the performance of MMD algorithm is the best among all imported 
schemes. 

   
Fig.  3 Impact of View Synthesis Range. 

5. Summary  
In this e-letter, we design a view synthesis-based 360° VR caching system over C-RAN, where MEC is 
enabled for view synthesizing and hierarchical caches are deployed at both BBU pool and RRHs. To 
decrease the transmission latency and backhaul traffic load for VR services, an integer linear program 
problem is formulated. Due to the NP-completeness of the problem and the absence of the request arrival 
information in practice, we propose an efficient online MMD caching replacement algorithm, which is 
proved sub-optimal and low complexity. Rigorous numerical simulations show that the proposed algorithm 
always yields better performance in terms of cache hit rate, backhaul traffic load, average transmission 
latency and QoE than the other employed caching algorithms. 
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1. Introduction 
Video description is to translate given videos into natural language automatically with computer in accordance 
with visual content. The task is desperate for many fields such as high level video understanding, assistant for 
impaired human and human–computer interaction, etc. However, it is a real challenging task since the 
translating depends on not only computer vision but also natural language processing and the resulting 
complexity of pipeline and framework. In the early days, the template based approaches [1,2] and semantic 
retrieval based models [3,4] are usually exploited to generate description for videos. But the generation 
sentences are commonly stereotyped and with poor semantics as the fixed template in advance for the template 
based models. By contrast, the candidate sentences are more flexible for semantic retrieval based methods 
where the words, phrases and even sentences are retrieved and recomposed from the beforehand database. But 
the sentences may be quite different from the real visual content in that it relies on the retrieval database too 
much. 
 
In this work, the enhanced representation including visual and language method is proposed to improve the 
quality of generation sentences. Firstly, the pre-trained model is employed to enhance the visual representation 
sensitive to the general words and sentence patterns, where the CNN model is pre-trained on large scale image 
classification dataset of Imagenet [5] to prevent the model to be stuck into over fitting and then it is retrained 
on MSCOCO [6], a dataset for image captioning, based on the model of long recurrent convolutional network 
(LRCN) [7]. The model pre-trained twice is then employed to extract visual feature for each frame in a video. 
Secondly, the CNN features of frame sequence are fed into a long short term memory (LSTM) network [8] 
with double layers for motion feature of the video, in which two architectures including un-factored way and 
improved factored way are employed to establish the sequential network, and both of the visual and language 
representations are enhanced to catch not only static and motion visual feature simultaneously but also the 
personalized linguistic feature. Additionally, a visual sequential mean pooling enhancing method is proposed 
to seize the possible missing visual details and significant information. Experiments are conducted on MSVD 
[9] and MSR-VTT [10] datasets, and results demonstrate the effectiveness of the proposed methods with 
performance improvement compared to the baseline model and other state-of-the-art approaches.  
 
The contributions of this work are concluded as follows. A two-stage pre-training strategy which is more 
effective for video description is employed. The used CNN model is first pre-trained on Imagenet to prevent 
the model from falling into over-fitting. And then, the model is fine-tuned on MSCOCO, having the model 
sensitive to frequently used words and sentence patterns in the task of video captioning. A visual and language 
representation enhancing method is proposed to capture more comprehensive information including static and 
motion visual feature and personalized language feature. Additionally, the proposed enhancing method is 
applied on both un-factored way and factored way LSTM networks for video description. For more visual 
details and possible missing significant information, a visual sequential mean pooling method is proposed to 
further improve performance. And a group experiments are implemented on MSVD and MSR-VTT2016 
datasets, achieving competitive results compared to other popular state-of-the-art methods. 
 
2. Proposed Model 
As presented in Fig. 1. The final visual feature of frames ⟨𝑓𝑣1, 𝑓𝑣2, … , 𝑓𝑣𝑛⟩ is then given to bottom LSTM 
with 1000 hidden outputs of the network. Also, it is concatenated (C1) with the output from the bottom LSTM 
to enhance the visual representation and capture more static feature and visual detail information. Afterwards, 
the enhanced representation is transferred to the top LSTM with the same quantity hidden outputs to the bottom 
layer for further visual feature sequence modeling and refining. When decoding, the same LSTM network is 
utilized but the outputs from the bottom and top LSTMs at time step 𝑡1 are sent to the following time step. 
Before language is fed into the model, the ‘‘one-hot’’ method is employed to encode the words coarsely, and 
the word codes are then fed to an embedding layer (EM) and another fully connected layer (FC2) to extract 
more abstract language feature and depress language noises. The word feature sequence is subsequently fed to 
the top LSTM for modeling the sentence structure. The concatenation operation (C2) is conducted again for 
fusion of output from the top LSTM and word feature at each time step before word predicting 
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Fig. 1 Enhancing representation model based on un-factored way 

 
As shown in Fig. 2, the ⟨𝑝𝑎𝑑⟩ representing null (the value is 0 in practice and the dimension is same to output 
of FC2) is given to the bottom LSTM during visual motion modeling to keep in line with input at decoding 
stage, while the visual feature sequence ⟨𝑓𝑣1, 𝑓𝑣2, … , 𝑓𝑣𝑛⟩ is sent to the top LSTM and simultaneously 
concatenated with the just output from the top LSTM to enhance visual representation. When the encoding is 
over, the output visual representation is just fed into the top LSTM at 𝑡1 + 1 time step rather than each time 
step as ℎ1𝑡1 in traditional factored way model during decoding. For the word feature sequence ⟨𝑓𝑤1 , 𝑓𝑤2 , … , 
𝑓𝑤𝑙 ⟩, it is reached to the bottom LSTM firstly and then fused with the just output from the same LSTM. The 
fusion language representation is following provided to the top LSTM as 𝑥1t1+1 to prepare to predict words 
one by one. The architecture not only separates the visual and language representations to a certain extent by 
covering up the bottom LSTM for visual representation, but also depresses the possible introduced visual 
noises. 

 
Fig. 2 Enhancing representation model based on improved factored way 

 
The pipeline for visual sequential mean pooling enhancing representation is presented in Fig. 3, where 𝑛1 is 
the length of interval for frames, and MP and C0 denote mean pooling operation and feature concatenation 
operation respectively. The sequence ⟨(𝑚𝑝_𝑒𝑓)v1, (𝑚𝑝_𝑒𝑓)v2, … , (𝑚𝑝_𝑒𝑓)vm ⟩ is visual representation after 
mean pooling enhancing, where 𝑚 = ⌈𝑛/𝑛1⌉. In detail, the CNN features of all frames in a video are extracted 
firstly, and the average feature of the frames in the 𝑛1 interval is then calculated. For each interval, the 
completion average feature is integrated with CNN feature of the first frame in C0, followed by another fully 
connected layer (FC1) for dimensionality reduction. The output from FC1 is as the final visual representation 
and all of them in a video can be formulated as:  
⟨(𝑚𝑝_𝑒𝑓)v1, (𝑚𝑝_𝑒𝑓)v2, … , (𝑚𝑝_𝑒𝑓)vm ⟩ = ⟨P(𝑓𝑣1, 𝑓𝑣2, … , 𝑓𝑣𝑛1 ), (𝑓𝑣𝑛1+1, 𝑓𝑣𝑛1+2), … , (𝑓𝑣(𝑛-1)𝑛1+1, 𝑓𝑣(𝑛-1)𝑛1+2, 
𝑓𝑣𝑛)⟩ 
where (⋅) is for operation of fusion of CNN feature and FC1 transformation. It worth noting that if mod (𝑛, 𝑛1) 
≠ 0, the length of the last interval is mod (𝑛, 𝑛1). 
 
3. Experimental Results 
The GoogLeNet [11] and ResNet152 [12] models are employed to extract CNN feature of video frames to 
evaluate the proposed methods under conditions of with visual representation from relative shallow model and 
deep model respectively. Also, the visual representation enhancing method and language representation 
enhancing method are implemented alone in models to survey the contributions to the whole system of the two 
methods. The EFVD-VL stands for the model with both of the two enhancing methods. Analogously, in the 
model with improved factored way, i-EFVD-VL is used to present the model with the both of enhancing 
methods respectively. In addition, the proposed visual sequence mean pooling enhancing method is evaluated 
in this work, where EFVD-VLP is abbreviation of the above mentioned model with un-factored way based on 
this method. 
Comparison with the popular state-of-the-art models on MSVD is shown in Table 1 The performance of 
proposed methods outperforms most of the other methods even the GoogLeNet feature is employed on multiple 
evaluation metrics. Particularly, the METEOR comes to 32.3%, exceeding the customary S2VT [13] by 2.5% 
since the pre-trained CNN model is refined on MSCOCO. It recovers that the optimization on still image 
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captioning dataset is beneficial to boost sensitive of the later built model for frequently used words and 
sentence patterns as the generalization of the CNN feature in a video is improved significantly. However, the 
performance of EFVD-VL with GoogLeNet is not better compared to other methods such as HRNE [14] which 
performs more excellent on BLEU and METEOR metrics. While when the ResNet152 feature is employed, 
the proposed models achieve to the new state-of-the-art results on all the evaluation metrics, not least the 
CIDEr reaches to 78.9% with EFVD-VL, outperforming the GRU-RCN [15] by 11.1%. On the B-4 and 
METEOR, the EFVD-VL also excels the HRNE [14] by 3.7% and 1.9%. It suggests that more powerful 
representation is capable of making up for insufficient of used models for sentence generation. 

Table 1 Performance (%) comparison with the state-of-the-art methods on MSVD dataset 
Method B-4 METEOR CIDEr 
LSTM-YT [16] 33.3 29.1 -- 
S2VT [13] -- 29.8 -- 
HRNE [14] 43.8 33.1 -- 
GRU-RCN [15] 43.3 31.6 67.8 
PickNet [17] 52.3 33.3 76.5 
EFVD-VL(ResNet152) (our) 47.5 35.0 78.9 
i-EFVD-VL(ResNet152) (our) 47.3 35.0 77.9 
EFVD-VLP(ResNet152)(our) 48.3 34.5 75.9 

 
The comparison with the other state-of-the-art approaches is given in Table 2. It is evident that the proposed 
model achieves competitive results, especially the i-EFVD-VL, the performance outperforms most other 
popular models. However, it is notable that the recent DenseVidCap [18], HRL [19] and HACA [20] possess 
better performance than the proposed model. Actually, the proposed model is more simple and concise since 
almost no more extra parameters are introduced into the new model based on S2VT [13]. And the proposed 
feature enhancing methods can be integrated with models like DenseVidCap [18], and further improve quality 
of generation sentences. 

Table 2 Performance (%) comparison with the state-of-the-art methods on MSR-VTT2016 dataset 
Method B-4 METEOR CIDEr 
MS-RNN [21] 39.8 26.1 40.9 
RecNet [22] 39.1 26.6 42.7 
DenseVidCap [18] 41.4 28.3 48.9 
HRL [19] 41.3 28.7 8.0 
HACA [20] 43.4 29.5 49.7 
i-EFVD-VL(ResNet152)(our) 40.3 28.4 46.7 

 
4. Conclusion  
The motion feature is first extracted by feeding the CNN feature of frame sequence into an LSTM network 
based on S2VT in this work. Then the visual and language representations are enhanced by fusion of the 
original feature sequence and output from LSTM to overcome the defect of the static visual information 
missing and capture the personalized sentence details. Additionally, a visual sequential mean pooling method 
is also proposed to further enhance the CNN representation for catching more missing visual details and 
possible significant information. A group of experiments are conducted and the results prove the effectiveness 
of the proposed methods. It is obvious that the quality of generated sentences no matter with the proposed 
method alone or with the fusion of the proposed methods is improved greatly compared to the underlying 
model. 
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1. Introduction 
 
Deep learning has achieved great success on video-based computer vision tasks [1], [2], [3]. However, the 
ability to perform intelligent video analytics in energy-constrained edge devices is becoming increasingly 
important with the fast expansion of intelligent Internet-of-Things [4], [5]. There is an urgent need for energy-
efficient multi-task video analytics. 
 
This work aims to optimize the energy efficiency of video analytics tasks using a variable-resolution strategy. 
Real-world data redundancy offers us opportunities to optimize energy efficiency via variable-resolution 
analysis. However, learning appropriate frame resolutions for multi-task video analytics is a challenging 
problem as appropriate resolutions may vary across different tasks, different scenarios, etc. 
 
In this paper, we propose to use reinforcement learning (RL) to holistically overcome these challenges: (1) 
complexity variations among different tasks, (2) variable difficulty of different samples, and (3) complicated 
temporal dynamics. To globally optimize energy efficiency, our RL network learns the best non-myopic policy 
for determining the spatio-temporal frame resolution of incoming video stream data. Compared with other 
energy-efficient single-task video analytics solutions [6], [7] that were designed for still images without 
utilizing temporal information, our work is the first to address the energy consumption optimization problem 
for multi-task video analytic pipeline, and it is also the first to leverage RL to holistically tackle all these 
challenges indicated above, and to do end-to-end global efficiency policy optimization. 
 
To evaluate the proposed framework, we have applied it to video instance segmentation [2], a synthesis video 
analytics pipeline consisting of simultaneous detection, segmentation, and tracking of object instances. Video 
instance segmentation is considered one of the most challenging multi-task video analytics applications, as it 
requires the predictions of instance-level segmentation masks while simultaneously tracking and identifying 
each instance. Our experimental results on the YouTube-VIS dataset [2] indicate that our proposed solution is 
more energy efficient than all baseline methods. 
 
In summary, this work makes the following contributions: 
1)This work presents an adaptive-resolution framework for multi-task video analytics in energy-constrained 
scenarios. The resulting challenges are managed by Reinforcement Learning (RL) algorithms aiming to 
globally optimize energy efficiency. To the best of our knowledge, this is the first time that RL has been 
employed to learn a non-myopic policy for such an energy-efficient framework. 
2)We have applied the proposed framework to video instance segmentation [2], one of the most challenging 
multi-task computer vision tasks. Our framework is significantly more energy efficient than all baseline 
methods of similar accuracy. 
 
2. Methodology 
A.Cumulative Reward 
Let 𝒜 = {𝑎+, 𝑎1, … , 𝑎2} be the set of n potential actions where each action represents using a certain frame 
resolution, e.g., 1/4 of the original size. We denote the policy of determining frame resolutions as 𝜋. Let 𝑠3 be 
the state to be considered by 𝜋 at time step 𝑡, and let 𝑎3 ∈ 𝒜 be the decision on the 𝑡34 frame’s resolution, i.e., 
𝑎3 = π(𝑠3) .Let 𝐴𝐶𝐶5! be the performance with a certain metric achieved by decision at on that frame, and let 
𝐸5! be the energy consumption of that decision. we can define the reward rt at this time step as 
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𝑟3 = 𝐴𝐶𝐶5! + λ
+
6"!
	,	(1) 

Where 𝜆		is a hyper-parameter to trade off accuracy 𝐴𝐶𝐶5! and energy consumption 𝐸5!. A larger rt is generally 
more desirable. For a video sequence of length 𝑚, our goal is to learn an optimal policy 𝜋 for maximizing the 
cumulative rewards 𝐺	that can be written as 

𝐺 = ∑ γ37+8
39+ 𝑟3 = ∑ γ37+ c𝐴𝐶𝐶5! + λ

+
6"!
d8

39+ , (2) 

Where γ37+ ∈ [0,1]	and 𝑎3 = π(𝑠3)	. However, it is difficult to determine a non-myopic policy 𝜋 for realistic 
video analytics applications. In this paper, we adopt RL to maximize Equation. 
 
B. Framework Overview 
Our goal is to develop an adaptive-resolution multi-task video analytics framework that optimizes energy 
consumption and accuracy. We model the adaptive resolution selection problem as an MDP. To maximize the 
cumulative reward 𝐺 in Equation (2), we use RL to dynamically govern the spatial resolution and temporal 
dynamics of the complete video instance segmentation pipeline. 
Let 𝑰 = {𝑰𝟏, 𝑰𝟐, … , 𝑰𝒎}	 be a video sequence of length 𝑚, where	𝑰𝒕	denotes the frame image at time step 𝑡 ∈
𝑍 ∩ [1,𝑚] . For a frame image 𝑰𝒕  of resolution 𝑤3 ∗ ℎ3 , where 𝑤3	𝑎𝑛𝑑	ℎ3  refer to its width and height, 
respectively, we define the action set 𝒜 = {𝑎+, 𝑎1, … , 𝑎*}, where a1 stands for using its original frame size 
𝑤3 ∗ ℎ3. 𝑎1, … , 𝑎* refer to downsampling It to a lower resolution, e.g., >!

1
∗ 4!
1
,>!
?
∗ 4!
?

  and >!
@
∗ 4!
@
	 . We denote 

the frame where action a1 is used (i.e., without downsizing the frame image) as the key frame and others as the 
non-key frames. Therefore, our goal is to find a policy network πA	that can map the state st at each time step t 
to an appropriate action at to maximize the cumulative reward 𝐺 described in Equation 2. The RL with Double 
Q-learning (DDQN) [8] is used for optimization. Although various computer vision problems can be solved 
using this framework, we focus on video instance segmentation. 
 
Specifically, given an incoming frame It at time step t, video instance segmentation performs the following 
prediction tasks: (1)bounding box prediction bt, (2) object classification ct, (3) segmentation mask st, and (4) 
tracking prediction dt. We follow the MaskTrack R-CNN approach [2] to perform these predictions with 
several modifications. The first step is to use a feature extractor denoted as 𝑁BCDE to extract representative 
feature descriptors 𝒇𝒕, i.e.,𝑓3 = 𝒩𝒻ℯ𝒶𝓉(𝐼3). After that, a Regional Proposal Network (RPN) 𝒩ℛ𝒫𝒩 	 and a RoI 
Align operation [1] RoIAlign are applied to obtain RoI features 𝑓3M	  with identical sizes, i.e., 𝑓3M =
𝑅𝑜𝐼𝐴𝑙𝑖𝑔𝑛r𝒩ℛ𝒫𝒩(𝑓3)s. 𝑓3M is then fed into three task-related branches (i.e., heads): (1) the Bounding Boxes 
Head (BBbox Head) 𝒩𝒷𝒷ℴ𝓍; (2) the Segmentation Head 𝒩𝓂𝒶𝓈𝓀; and (3) the Tracking Head 𝒩𝓉𝓇𝒶𝒸𝓀. These 
three heads generate the required predictions, i.e., {𝑏3 , 𝑐3} = 𝒩𝒷𝒷ℴ𝓍(𝑓3M), 𝑠3 = 𝒩𝓂𝒶𝓈𝓀(𝑓3M) , and 𝑑3 =
𝒩𝓉𝓇𝒶𝒸𝓀(𝑓3M). To evaluate the overall performance on frame 𝐼3, we use the metric described by Yang et al. [2]: 
the mAP score integrating the performance of all four predictions. mAP is higher for more similar bounding 
boxes. 
 
Following the idea of Deep Feature Flow [9], we also integrate the FlowNet [10] architecture into the 
MaskTrack R-CNN framework for temporal information inference. Let 𝐹 be the FlowNet model, and let 𝐼*	Ik 
be the last key frame (𝑎𝑘	 = 	𝑎1) where the feature descriptor 𝑓*	 is already computed. If the current frame 𝐼3 
is determined to be a non-key frame, i.e., 𝑎3 ≠ 𝑎+, we use ℱ	 to estimate the optical flow from 𝐼* to 𝐼3	 denoted 
as 𝑂𝐹*→3  i.e., 𝑂𝐹*→3 = ℱ(𝐼3 , 𝐼*)  and the feature descriptor ft is calculated as follows: 𝑓3 =
𝒲(𝑂𝐹*→3 , 𝑓* , 𝑆*→3), where 𝒲	 is a warping function and 𝑓3 is the scale field from 𝑰𝒌 to 𝑰𝒕. Zhu et al. [9] give 
details on the warping function and scale field. If It is determined to be a key frame (𝑎* = 𝑎+), ft will be 
obtained from the feature extractor 𝒩𝒻ℯ𝒶𝓉. 
 
Building on the MaskTrackFlow R-CNN, we design a reinforcement-based policy network 𝜋X	with parameters 
𝜃to learn appropriate actions at such that the cumulative reward	𝐺 in Equation 2 can be maximized. 
 
3. Experiments and Results 
 
A. Dataset 
We use the YouTube-VIS dataset1 [2] to evaluate the performance of our framework. Since only the training 
set’s annotation is released, we divide the training set with a 90%/5%/5% ratio for training/validation/testing 
in the following study.  
 
B. Evaluation platform  
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The proposed framework is designed for energy-constrained edge devices. For evaluation purposes, following 
Lubana et al. [6], we consider an embedded hardware configuration including a Raspberry Pi 3 equipped with 
a Sony IMX219 image sensor with variable resolution support. The Sony IMX219 supports a maximum 
3,280× 2,464 resolution with 12 MHz clock frequency. As pointed out by Lubana et al. [6], the power 
consumption in state 𝑃YZ2Y[\,,]^Z	 is 141.8 mW and that in 𝑃YZ2Y[\,5)3,_Z is 8.27 mW/MP⋅ 𝑅+ 17.364 mW + 
113.03 mW. We use a Texp of 20 ms in the following study. 
 
The Raspberry Pi 3 is equipped with an embedded GPU consisting of a dedicated image signal processing 
pipeline [6]. Following prior work [6], we approximate PISP using the GPU’s power consumption. PCPU and 
PGPU (W-level, typically) can be directly measured by an ammeter. Time required by the Raspberry Pi ISP 
pipeline is approximately linear in 𝑅`\58Z  [6], 𝑇abc = 0.095 × 𝑅`\58Z + 0.032 (𝑅`\58Z  unit is MP). 
 
C. Baselines 
We compare the proposed reinforcement-based approach of selecting frame resolutions with the following 
baseline methods: 
(1)Downsampling Scan Method [6]: The Digital Foveation method [6] improves system energy efficiency 
using a multi-round, variable-resolution, variable-region strategy, in which an application-specific estimated 
accuracy constraint (cnstrt ) may be used to govern the sensing and analysis process. It was developed for still 
images and therefore does not make use of temporal information about downsampling resolution. There are 
several ways it might be extended to video analytics, and we describe one straight-forward extension for use 
as a base case. We use the variable-resolution concept of Digital Foveation but gradually vary the sensed 
resolution for frame It from >!

@
∗ 4!
@

 , >!
?
∗ 4!
?

, >!
1
∗ 4!
1
	to 𝑤3 ∗ ℎ3  if the accuracy reduction has surpassed the 

constraint cnstrt. In this work, we empirically set cnstrt to be 0.2, 0.4, 0.6 and 0.8, respectively. We call this 
extension to video the Downsampling Scan method. 
(2)Adaptive High-Resolution Frame Scheduling (AdaptiveHFS): This approach selects the key action 
𝑎+	for a frame It when the flow magnitude between It and the last key frame Ik exceeds a certain threshold Thr, 
otherwise a certain non-key action (i.e.,	𝑎1, 𝑎d, or 𝑎?) is taken. Please refer to Xu et al. [11] for the definition 
of flow magnitude. We select Thr from 8 to 12 with an interval of 2. We have three variants of AdaptiveHFS, 
each of which selects a different non-key action to use: AdaptiveHFS( 𝑎1 ), AdaptiveHFS( 𝑎d ), and 
AdaptiveHFS(𝑎?). 
(3)Fixed-Interval High-Resolution Frame Scheduling(FixIntervalHFS). This baseline method selects a 
certain non-key action (𝑎1, 𝑎d, or 𝑎? ) for every 𝑙 (𝑙	 ∈ {1,2,3}) frames, and the rest is set as key action (𝑎+). 
According to which non-key action to take, we also have three variants for the FixIntervalHFS approach, 
which are FixIntervalHFS(𝑎1), FixIntervalHFS(𝑎d), and FixIntervalHFS(𝑎?). 
 (4)Random High-Resolution Frame Scheduling (Ran-omHFS): This baseline method determines actions 
for each frame randomly with a hybrid distribution. Specifically, for frame It, the probability of selecting the 
key action 𝑎+ is 𝑟	where 𝑟	 ∈ {0.9,0.7,0.5}, and the probability of taking other three non-key actions (𝑎1, 𝑎d, 
and 𝑎?) are uniform and sum to 1 − 𝑟. 
 
D.Results 
Fig. 1a, Fig. 1b, and Fig. 1c illustrate the mAP (performance) versus energy consumption reduction curves for 
our method and the baselines. The energy consumption reduces significantly (more than 80%) at the cost of 
slight accuracy drops, no matter which resolution-selection method is used, thus verifying the effectiveness of 
the proposed adaptive resolution framework. Note that the policy net only accounts for a very small proportion 
of the total energy consumption in Fig. 1, which is around 4.2%, thanks to the low-resolution input and its 
light-weight architecture. Moreover, our method outperforms all other baseline approaches on all the energy 
consumption intervals, which shows the superiority of our RL-based resolution selector. For realistic computer 
vision tasks, we can fine-tune the RL models to have different energy consumption rates to suit the varying 
requirements. 
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Fig. 1: mAP versus energy consumption reduction between the proposed method and the baselines. 
 

Additionally, as the upper-bound method, MaskTrack R-CNN [2] delivers the highest mAP which is 41.7%. 
In contrast, our method greatly reduces energy consumption at the cost of slightly reduced accuracy, e.g. our 
framework achieves 41.4% mAP (only reduced by 0.3%) but saves approximately 84.0% energy consumption 
at the same time, which is much more energy-efficient. 
 
4. Conclusion  
 
This paper describes an adaptive-resolution energy optimization framework for a multi-task video analytics 
pipeline in energy-constrained scenarios. We described a reinforcement-learning-based method to govern the 
operation of the video analytics pipeline by learning the best non-myopic policy for controlling the spatial 
resolution and temporal dynamics to globally optimize system energy consumption and accuracy. The 
proposed framework is applied to video instance segmentation which is one of the most challenging video 
analytics problems. Experimental results demonstrate that our method has better energy efficiency than all 
baseline methods. This framework can be applied to a wide range of computer vision pipelines with a high 
demand for efficient energy consumption, e.g., various embedded and Internet-of-Things applications. 
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