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Abstract

:

Recommendation systems play a pivotal role in improving product competitiveness. Traditional recommendation models predominantly use centralized feature processing to operate, leading to issues such as excessive resource consumption and low real-time recommendation concurrency. This paper introduces a recommendation model founded on deep learning, incorporating edge computing and knowledge distillation to address these challenges. Recognizing the intricate relationship between the accuracy of deep learning algorithms and their complexity, our model employs knowledge distillation to compress deep learning. Teacher–student models were initially chosen and constructed in the cloud, focusing on developing structurally complex teacher models that incorporate passenger and production characteristics. The knowledge acquired from these models was then transferred to a student model, characterized by weaker learning capabilities and a simpler structure, facilitating the compression and acceleration of an intelligent ranking model. Following this, the student model underwent segmentation, and certain computational tasks were shifted to end devices, aligning with edge computing principles. This collaborative approach between the cloud and end devices enabled the realization of an intelligent ranking for product listings. Finally, a random selection of the passengers’ travel records from the last five years was taken to test the accuracy and performance of the proposed model, as well as to validate the intelligent ranking of the remaining tickets. The results indicate that, on the one hand, an intelligent recommendation system based on knowledge distillation and edge computing successfully achieved the concurrency and timeliness of the existing remaining ticket queries. Simultaneously, it guaranteed a certain level of accuracy, and reduced computing resource and traffic load on the cloud, showcasing its potential applicability in highly concurrent recommendation service scenarios.
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1. Introduction


With progress in the Fourth Industrial Revolution focusing on intelligence, enterprises are increasingly adopting big data technology to settle contradictions between scale production and customization, as well as efficiency improvements and cost control. This reliance on an intellectualized system involves intelligence, information mining, network cooperation, cognitive decision making, and optimal scheduling. To efficiently navigate and automatically recommend valuable information and services to users from massive datasets, an intelligent recommendation system proves vital in combating information overload; it currently plays an important role in business marketing. Deep learning is the most popular data mining method in recent years and has demonstrated remarkable performance in diverse industrial domains, such as computer vision, automatic speech recognition (ASR), natural language processing (NLP), and intelligent recommendation. Evolving from traditional cloud computing technology, edge computing extends powerful computing resources and efficient services to network edge nodes, reducing network bandwidth and latency while enhancing energy efficiency and privacy protection [1]. At present, deep learning is widely employed in recommendation systems by research institutions and companies, exemplified by Google’s “Wide&Deep” recommendation system [2]. This system has designed a model that integrates several modules, including DeepFM, DCN, XDeepFM, and AutoInt. While these models enhance intelligent recommendations to a certain extent, the heightened accuracy of deep learning depends on its broader and deeper network structure. As this complex network structure is constructed to extract feature vectors from extensive and redundant samples, these models possess numerous parameters individually; however, their hardware resources limit the training speed for computing, and they fall short of meeting real-time high-concurrency predictions. In practice, the time consumed by such models progressively lengthens, posing a challenge for their absolute online deployment.



As the world’s largest internet railway ticketing system, 12306 boasts 680 million registered users and a daily ticketing capacity exceeding 20 million tickets. The system’s daily traffic can reach 53.2 billion user times, equivalent to over 616,000 people browsing tickets per second. Within 12306’s ticketing system, the response time for spare ticket queries significantly influences passengers’ experience and the effectiveness of the online response system. In this context, a complex deep learning model fails to meet the demands of highly concurrent query requests or operates on a mobile terminal or an embedded device. Consequently, the model requires compression and acceleration to address these challenges. Moreover, a smart ranking model of the spare tickets list on the traveling platform has been developed based on knowledge distillation. This approach aims to reduce the model’s complexity, enabling the training of a unified model in different teacher models or a set of them, resulting in more accurate rankings. The knowledge distillation model reduces a model’s complexity, enhances its training speed, and improves its generalization ability. At present, spare ticket queries in the aforementioned ticketing system experience high concurrency. If the smart ranking of the spare tickets list was to be processed centrally in the cloud, it would necessitate adjustments to the existing spare ticket query framework and impose high-performance requirements on spare ticket computations, potentially straining the platform’s storage and running capacity. Hence, the trained model is segmented based on edge computing, considering computational complexity and data security. Some modules of the model are deployed in terminal devices enabling collaborative computing between the cloud and terminal devices to reduce the cloud’s traffic load, computing, and storage resources.




2. Research Status of the Recommender System


Collaborative filtering, proposed by Su et al. [3], signifies that recommender systems, as an independent discipline, attract extensive attention. These systems revolve around the core concept of leveraging the binary relationship between travelers and products to help users discover projects of interest based on their historical behavior and relevant similarities. Content-based recommendations [4], collaborative filtering recommendations [5], and hybrid recommendations [6] represent three major conventional recommendation algorithms [7]. Moreover, recommendation algorithms find applications across diverse websites, including those focused on books, music, videos, news, movies, maps, etc. In recent years, the surge in the popularity of e-commerce applications, including Amazon, eBay, Staples, Dangdang, Douban, and Taobao, is evident, all adopting e-commerce recommendation systems. The incorporation of recommendation systems has not only generated substantial additional revenue for these internet companies but has also elevated user satisfaction and retention. Over the past few years, with the widespread adoption of deep learning, there has been a yearly escalation in articles concerning recommender systems based on deep learning. Numerous universities, research institutes, and enterprises have extensively explored and applied deep learning-based recommender systems. Consequently, this has evolved into a fervently discussed topic in the realm of recommender systems. Given the challenges in obtaining user profiles from a traditional content-based recommender system, Elkahky et al. [8] extracted user profiles by analyzing their browsing and searching history, thus enriching the user feature representation. In addition, the deep structured semantic model (DSSM) [9] was also extended by them, introducing a multi-view deep neural network. This enhancement allows the multi-view deep neural network to perform item recommendations for users by leveraging semantic matching between two information entities, namely users and items. In essence, this represents an efficient content-based recommendation approach. Zheng et al. [10] employed a structure akin to the DSSM, seamlessly integrating comment information into the recommender system to alleviate data sparsity and enhance system quality. Building upon this, they introduced the concept of the deep cooperative neural network (DeepCoNN). Wang et al. [11], relying on deep crossing, proposed a deep and cross network (DCN) model for predicting travelers’ advertisement click-through rates. The DCN model utilizes both deep and cross networks for input features, generating pertinent information for prediction. Notably, the DCN combines the advantages of a deep neural network (DNN) and deep crossing. In alignment with deep crossing principles, a deep embedding forest (DEF) model was put forward by Zhu et al. [12], which replaced residual units in deep crossing with forest layers. This substitution, along with pre-training, reduced the online prediction time. Covington et al. [13], utilizing multi-source heterogeneous user data, including user profiles, contextual information, historical behavioral data, and item features, proposed a DNN model for recommending YouTube videos. Unlike traditional recommender systems, deep learning-based recommender systems have the potential to automatically learn abstract hidden features of travelers and items through deep learning, incorporating various types of multi-source heterogeneous data. This allows for the modeling of sequence patterns of user behavior, more effectively capturing diverse user preferences and consequently improving the accuracy of recommendations; however, the performance of these deep learning systems relies on more parameters and more profound, broader models.



Consequently, such complex deep learning models fail to meet timeliness requirements in various application scenarios. Moreover, mobile phones and edge devices continually advance, equipped with specific computing power. While preserving the accuracy of deep learning-based recommender systems, research priorities now include model compression, segmentation, and collaborative training. Gou et al. [14] provided a comprehensive survey of knowledge distillation from the perspectives of knowledge categories, training schemes, teacher–student architecture, distillation algorithms, performance comparison, and applications. Zhao et al. [15] identified limitations in the coupled formulation of knowledge distillation and proposed decoupled knowledge distillation (DKD), achieving significant improvements across CIFAR-100, ImageNet, and MS-COCO datasets for image classification and object detection tasks. The concept of knowledge distillation originated with Hinton et al. [16], aiming to use a vast and accurate teacher model to instruct a small but fast student model. Based on this idea, the intention was to select cutting-edge recommender systems such as DeepFM [17], the DCN [18], and xDeepFM [19] as the teacher model, guiding the training of user-defined student models. This approach was first applied in recommending train number lists on a travel platform. Through knowledge distillation, the resultant model reduced the required number of parameters and network runtime, while maintaining accuracy. It has been demonstrated that allowing a small accuracy drop significantly reduces model deployment costs. Finally, the model was segmented to alleviate data traffic, with the segmented models deployed on both cloud and terminal devices. This approach enables high-precision reasoning under delay constraints, particularly suitable for practical production lines as a lightweight front-end deployed model.




3. Recommendation Models Based on Knowledge Distillation and Edge Computing


A traditional deep learning model is typically built via the superposition of multi-layer neural networks. Performance and computational complexity vary among models with different network layers. In addition, significant differences lie in computing resource demands and data sizes at diverse network layers. For deep learning-based recommender systems, achieving robust performance often requires a high-powered computing data center in the cloud. In the present study, knowledge distillation was combined with deep learning and edge computing to reduce resource demands in the computing center, improve data transmission efficiency, and overcome resource limitations of terminal devices. Model compression could be realized with the help of knowledge distillation, reducing memory costs and boosting computing speed. At the same time, the trained model was segmented, and some of these segmented models could be deployed at terminal nodes leveraging the computational advantages of proximity and timeliness in edge computing. As a result, both the model reasoning latency and energy consumption were reduced.



In order to reduce the complexity of the model and improve accuracy, two important steps are proposed in this research:




	
In theory, the search space of the model is greater than that of a network. If the convergence of a network with a smaller search space matches or approximates that of a complex model, the solution spaces of these two networks may overlap. The essence of knowledge distillation can be described as follows: leveraging label features of the population parameter, a teacher–student model is employed to construct a structurally complex teacher model with strong learning ability. This knowledge is then transferred to a student model with a simpler structure and lower learning ability, enhancing its generalization ability. Furthermore, a compact model involving fewer parameters was selected to achieve accuracy comparable to that of a complex model, thus facilitating model compression. Based on knowledge distillation, knowledge gained from the complex teacher model through training was adopted to guide the student model training on a smaller scale. This enables the student model to emulate the teacher model, effectuating knowledge transfer and model compression.



	
The trained student model is formulated through the mutual superposition of multi-layer neural networks. Models with different numbers of network layers exhibit distinct properties and computational complexities. In addition, significant differences were observed in computing resource demands and data sizes across diverse network layers. The student model generated in step (1) was segmented into two sections: one section, with a heavier computational burden, conducted calculations on an edge server, while the other section, involving lighter computations, was processed on the existing terminal device. Additionally, the terminal device collaborated with the edge server system, effectively reducing the computational latency of the corresponding deep model.








3.1. Knowledge Distillation


Knowledge distillation operates within a teacher–student framework, where the practice structure is typically a well-trained model serving as a source of knowledge for learning. The student model gains the teacher model’s knowledge through distillation training, with a potential slight performance loss traded for transferring knowledge from complex teacher models to a simpler student model. Currently, most instances of knowledge distillation focus solely on a single teacher model, overlooking the possibility that a single student model can be supervised by multiple teacher models [20,21]. Alternatively, recognizing the equal significance of multiple teacher models renders it impractical to acquire more valid knowledge based on inherent distinctions in these models. To enhance model accuracy, the knowledge distillation model, typically involving a single teacher model, was expanded to include multiple teacher models. Consequently, a student model can now be trained by several teacher models, enabling the acquisition of valid knowledge aligned with the interior differences among the models. In this study, the teacher model comprised state-of-the-art models such as DeepFM, the DCN, and xDeepFM, while a user-defined neural network model formed the student model. Within this framework, the student model can autonomously learn the importance of different teacher models for a given data sample and integrate this knowledge based on learned diverse degrees of importance. This approach significantly contributes to enhancing the learning capability of the student model [22]. The primary structure of this teacher–student model is presented in Figure 1 below:



	(1)

	
Different teacher models (quantity: n) were trained. These models were then used as samples in the training set to produce soft labels,     y ⌣   T i    , accordingly. In order to figure out the soft labels,     y ⌣   T i    ,  Z (  Z = (  z 1  ,  z 2  …  z t  )  ) was output through logits from the teacher model and then divided by the  T  parameter; the outcome obtained was subjected to   S o f t m a x   at last. Here,  T  is a temperature coefficient. The higher the  T  parameter, the gentler the corresponding distribution probability tends to be.




	(2)

	
The number of datasets was input into the student model, which was followed via operating it in the same way as the teacher model and obtaining an output of logits. Subsequently, relevant calculations were divided into two steps: First, via division by the same  T  parameter as that of the teacher model,     y ⌣   T i   = S o f t m a x  (     z i T   T   )   ,   S o f t m a x  -based computing was conducted, obtaining an output of soft predictions,     y ⌣  S   , and this output was then compared with soft labels of the teacher model. Second, after   S o f t m a x  -based calculations, the predicted values were acquired and then compared with Ture labels.




	(3)

	
For the corresponding loss function,   K D L o s s   was selected, and it was formed via the combination of a relative entropy loss function and a cross entropy loss function [23]. Here, Kullback–Leibler divergence was used to measure the asymmetry of differences in probability distributions A and B, while cross entropy represents a difference value between the predicted sample label and the true sample label. A combination of these loss functions is beneficial to better reveal both differences in and differential values of the predicted samples and the true samples.


  K D L o s s =   ∑  i = 1  n    w i  · K L (   y ⌣    T i    ,   y ⌣  S  ) · λ ·  T 2    + C E ( l a b e l ,  y S  ) · ( 1 − λ )  



(1)




where   K L   stands for relative entropy,   C E   stands for cross entropy, and    w i    stands for the weight of the teacher model,  i . Under the circumstance that coefficient  λ  is 0,   K D L o s s = C E ( l a b e l ,  y S  )  , no knowledge distillation is performed for the hybrid loss function that adopts a neural network of the cross entropy loss function.




	(4)

	
In cases where a different teacher model is selected, knowledge at diverse importance levels will be provided for the student model. A teacher model of low efficiency may even mislead the learning results of the student model. Here,    w i    refers to the weight of importance of the knowledge contributed by each teacher model, and  M  refers to the number of teacher models. In particular, the weight,    w i   , needs to meet a condition of     ∑  i = 1  n    w i    = 1  . To realize self-adaption to the knowledge distillation learning framework of a multi-teacher model,    w i    is defined as follows:


   w i  =    e   (   r i   z   T i    +  b i   )        ∑   i = 1  M   e   (   r i   z   T i    +  b i   )      , i = 1 , … , n  



(2)




where    r i    and    b i    are parameters that should be learned.








3.2. Model Segmentation


The proposed student model, outlined in Figure 2, mainly comprises an input layer, a hidden layer, an aggregation layer, and an output layer. Furthermore, the output layer consists of three features, namely a passenger feature, a train number feature, and a real-time interaction feature. The hidden layer was divided into two parts; passenger feature data and the train number feature data were subjected to embedding in the hidden layer. The embedding structure for the train number feature involves its fusion with the real-time interaction feature. Afterwards, feature fusion was fulfilled by virtue of full connections at the aggregation layer. In the fully connected layer, each neuron was connected to all of the neurons of the previous layer, and there was a certain connection weight between each input feature and each neuron. The input feature space was mapped to the output result space, thereby achieving the complexity and nonlinear fitting ability of the model. For the features fused, multi-level operations were performed. After computations were performed on these operation results, the predicted values were obtained.



For the well-trained student model, resource-intensive computing, extensive bandwidth consumption, and reliance on cloud computing network latency pose challenges. To improve the computing speed of the recommender system model, reduce cloud computing resources, and optimize terminal device resources, a specific algorithm segmented the model into a limited number of parts. After segmentation, diverse network layers were deployed on terminal devices or the cloud based on their data and computational complexity. Terminal devices are mainly in charge of reserving network layers involving real-time interaction data, while network layers with small data sizes but high computational complexity or containing passengers’ private data were deployed on the cloud. This approach aims to reduce data traffic between the terminal devices and the cloud, lower traffic loads, and uphold the security of private data. Through collaborative computing of the terminal devices and the cloud, the results computed on the cloud were sent back to the terminal devices. Aggregating data from terminal devices and the cloud occurred on the terminal devices, facilitating real-time computing.



In the present study, the student model was segmented into four modules: passenger feature embedding, train number feature embedding, an aggregation module, and the predicted result output. Based on Edgent, a deep learning model co-inference framework promoting device–edge synergy, different modules and diverse neural network layers were employed to train a regression model estimating the running latency of neural network layers on terminal devices and the cloud. Specific to problems such as data security and data transmission, model segmentation points were carefully designed. Moreover, passenger feature embedding relates to passengers’ massive amounts of essential data and transaction data. To ensure the security of passengers’ private data, it was deployed on the cloud. Train number feature embedding involves fundamental information on train numbers and relevant real-time interaction data. Given the abundant interaction data generated during ticket purchases, this module was deployed on a terminal device to minimize network latency. For this reason, this module was deployed on a terminal device. The aggregation module and predicted result output were also placed on terminal devices, aiming to reduce the transmission of train number feature data [24].





4. Experimental Process and Experimental Result Analysis


To validate the accuracy and concurrency of the recommendation model, passengers’ ticket purchase data over the last five years were randomly extracted for experimentation. The precision rates, recall rates, F1 scores, and NDCG of corresponding testing results were averaged and compared with recommendation results and concurrencies obtained by classic algorithms, such as FM [25], FFM [26], Wide&Deep [27], DeepFM [28], and the DCN. This study employed the traditional recommendation algorithm FM and the deep learning-based recommendation algorithm Wide&Deep as baselines for testing and evaluation [19,29].



4.1. Experimental Datasets


As shown in Table 1 below, the experimental dataset consists of four categories of data, namely the ticket purchase data, user information, train information, and real-time interaction.




4.2. Experimental Process


As illustrated in Table 1 below, the experimental dataset comprises four categories of data: ticket purchase data, user information, train information, and real-time interaction.



	(1)

	
Training Stage







The most advanced algorithms at present, DeepFM, DCN, and xDeepFM, were used as teacher models. Random seeds were varied for five experiments to ensure statistical significance. In addition, cross entropy served as the loss function to train all teacher models. Subsequently, based on ensemble knowledge distillation (EKD), the teacher model was initially trained to recognize the target dataset and extract key attributes from samples. Afterward, the ticket purchase dataset was selected for   S o f t m a x  -based computing based on an outcome achieved by dividing the output of logits in the teacher model by the T-parameter, thus producing the values of soft labels. The dataset was then input into the student model, repeating operations of the teacher model and acquiring an output of logits. Afterwards, calculations were performed in two steps: First, the output of logits was divided by the same T-parameter as that of the teacher model, followed by   S o f t m a x  -based computation, generating soft predictions that were further used as outputs to be compared with soft labels. Second, after   S o f t m a x  -based computing, predicted values were obtained and then compared with Ture labels. The total loss function,   K D L o s s  , was acquired by adding the loss functions of the above two steps together. After determining the loss function, the gradient decreased, and the corresponding parameters needed to be updated. Finally, the availability of the trained model was analyzed in comparison with FM, FFM, Wide&Deep, DeepFM, and the DCN using the same dataset.



	(2)

	
Real-Time Computing Stage







Real-time computing is designed to assess the concurrency and timeliness of the deployed recommendation system. Following the segmentation of the student model, these segments were deployed on both the cloud and terminal devices. A recommendation list was generated through collaborative computing based on passengers’ demands. Simultaneously, other models were deployed on the cloud to conduct concurrency testing. The same cloud resources and terminal devices used during training were employed to analyze their concurrencies and computational efficiency.




4.3. Experimental Results and Analysis


A change in the temperature reflects the degree to which the student model pays attention to negative labels. When the temperature is low, the information carried by negative categories is relatively reduced, resulting in less attention to negative categories. A lower probability of negative categories corresponds to reduced attention. When the temperature is high, the probability value of negative categories will relatively increase, and the information carried by negative categories will be relatively amplified. The student model will pay more attention to negative labels. This study selected the temperature {1, 3, 7} for a comparative analysis, and separately trained these student models with different temperature,  T , values under fixed samples. The experimental results revealed that when the temperature,  T , was taken as 1, 3, and 7, the average inference precision of the student model was 43.2%, 52.8%, and 48.7%, respectively. Therefore, we chose 3 as the temperature parameter.



After training with the proposed KD model and other algorithms, including FM, FFM, Wide&Deep, DeepFM, and the DCN, a train number recommendation list was generated and compared with the actual purchases made by passengers. The model’s performance was then evaluated based on precision, recall rates, and F1 scores. The comparison results are presented in the figures below.



Evidently, the recommendation results of the five algorithms tested exhibit varying indices. As shown in Figure 3, Figure 4 and Figure 5, the deep learning-based recommendation model outperforms other models like FM and FFM in terms of precision, recall rates, and F1 scores. Particularly in F1 scores, the proposed KD recommendation model demonstrates certain advantages among the evaluated recommender systems but still lags behind deep learning models, which is especially the case for the DCN.



The testing results of NDCG are given in Table 2. It can be observed that the deep learning-based recommendation model outperforms other models such as FM and FFM in NDCG. Among them, the DCN performed the best, followed by KD.



Concurrency testing results are illustrated in Figure 6. Upon the deployment of Wide&Deep, DeepFM, the DCN, and KD models on identical cloud and terminal devices, the KD model exhibits significantly superior dynamic computing time and concurrency compared to other models, including Wide&Deep and DeepFM. Moreover, the cost of model deployment is notably reduced.



In summary, while the accuracy of the KD model experiences a moderate decrease, the model deployment cost is significantly reduced. Simultaneously, concurrency and the efficiency of real-time computing are enhanced.





5. Conclusions


Given the rapid advancements in information technologies and Internet products, the issue of information overload is escalating. In the realm of rail transit, passengers’ incessant demands for relevant and valid information are on the rise. Recommender systems are assuming an increasingly pivotal role during the digital transformation in various fields. In comparison to traditional recommendation algorithms, deep learning-based recommender systems have the capability to (1) fuse various types of multi-source heterogeneous data; (2) extract high-level features of big data; (3) automatically perform embedding for features of passengers and products; (4) acquire a valid representation of data space or features; and (5) effectively reflect the potential preferences of passengers and characteristics of products. In this way, the performance of the relevant recommendation models can be improved; however, as the model performance advances the structure of the deep learning network becomes more complex. Model training and computing require significant network, storage, CPU, and memory overhead, posing significant constraints on deep learning applications in resource-limited environments or high-concurrency real-time recommendation scenarios. To boost the precision of the recommender system, reduce the complexity of the deep learning model, and improve the concurrency as well as timeliness of relevant computing, classic deep learning-based recommendation models, such as DeepFM, the DCN, and xDeepFM, were used as teacher models. These were employed to construct a multi-teacher model based on the principles of knowledge distillation, subsequently used to train the user-defined student model. This approach, undertaken to ensure recommendation accuracy, facilitated the structural compression of deep learning models.



Additionally, the student model was segmented based on edge computing principles, allowing certain computations to be migrated to a mobile terminal for collaborative computing between a data center and a terminal device. This effort generated a recommendation list, improving data transmission efficiency, reducing traffic load, optimizing cloud resource allocation, and enhancing the timeliness as well as concurrency of the recommendation model. Finally, the proposed model underwent testing for train number list recommendation on the 12306 ticketing system. A comprehensive analysis found that the proposed model performs excellently in terms of precision, recall rates, F1 scores, timeliness, and high concurrency. In practical applications, this research methodology proves feasible and holds significant value in model deployment as well as real-time production line applications. In authentic learning scenarios, students not only learn from correct answers and teacher guidance but also through interactions with their peers, a crucial aspect in increasing their learning ability. In future research, it is advisable to explore the integration of multiple student models within the knowledge distillation framework to enhance the efficiency of these models. Simultaneously, the authors intend to conduct further investigations into the application of deep learning models within an edge computing architecture, aiming to enhance the prediction accuracy and efficiency of residual ticket queries in the 12306 ticketing system. It is worth noting that the 12306 ticketing system encompasses not only train ticket sales but also various travel services such as hotels, tourism, and catering; however, practical challenges may arise due to the potential isolation of information by different data holders, leading to a data isolation problem. Subsequent research efforts should be directed towards addressing and resolving this issue [30].
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Figure 1. Teacher–student model. 
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Figure 2. Student model. 
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Figure 3. Recall comparison. 
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Figure 4. Precision comparison. 
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Figure 5. F1 comparison. 
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Figure 6. Concurrent access comparison. 
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Table 1. Experimental datasets.
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	Dataset
	Instances
	Fields
	Positive Ratio





	Ticket purchase data
	240 M
	38
	86%



	User info
	25 M
	40
	92%



	Train info
	3000
	20
	95%



	Real-time interaction
	125 M
	18
	74%










 





Table 2. The NDCG comparison.
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	Model
	NDCG@4
	NDCG@8
	NDCG@12
	NDCG@16
	NDCG@20





	FM
	0.0379
	0.0571
	0.0728
	0.0531
	0.0312



	FFM
	0.0631
	0.8391
	0.1257
	0.0452
	0.0429



	Wide&Deep
	0.0931
	0.