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Results Dissemination:  We have published many papers in top-tier venues, and given talks on the topic of this 
project.



Towards Automated Neural Interaction Discovering for Click-Through Rate Prediction 

Qingquan Song, Dehua Cheng, Eric Zhou, Jiyan Yang, Yuandong Tian, and Xia Hu 

ACM SIGKDD Conference on Knowledge Discovery and Data Mining

2020



Content-Collaborative Disentanglement Representation Learning for Enhanced Recommendation

Yin Zhang, Ziwei Zhu, Yun He, James Caverlee

RecSys 2020
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Kaixiong Zhou, Qingquan Song, Daochen Zha, Na Zou, and Xia Hu 

International Joint Conference on Artificial Intelligence

2020



Unbiased Implicit Recommendation and Propensity Estimation via Combinational Joint Learning (short paper). 
Ziwei Zhu, Yun He, Yin Zhang, and James Caverlee

The 14th ACM Conference on Recommender Systems
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On Robustness of Neural Architecture Search under Label Noise 

Yi-Wei Chen, Qingquan Song, Xi Liu, P S Sastry, and Xia Hu 

Frontiers in Big Data, section Data Mining and Management

2020





Coupled Variational Recurrent Collaborative Filtering

Qingquan Song, Shiyu Chang, and Xia Hu

ACM SIGKDD Conference on Knowledge Discovery and Data Mining

2019



(*) Graph Recurrent Networks with Attributed Random Walks

Xiao Huang, Qingquan Song, Yuening Li, and Xia Hu

ACM SIGKDD Conference on Knowledge Discovery and Data Mining

2019



Tensor Completion Algorithms in Big Data Analytics

Qingquan Song, Hancheng Ge, James Caverlee, and Xia Hu ACM Transactions on Knowledge Discovery from 
Data (TKDD) 



DisTenC: A Distributed Algorithm for Scalable Tensor Completion on Spark Hancheng Ge, Kai Zhang, Majid Alfifi, 
Xia Hu, and James Caverlee

2018 IEEE 34th International Conference on Data Engineering 



Fairness-Aware Tensor-Based Recommendation

Ziwei Zhu, Xia Hu, and James Caverlee

27th ACM International Conference on Information and Knowledge Management (CIKM 2018) 



Accelerated Local Anomaly Detection via Resolving Attributed Networks

Ninghao Liu, Xiao Huang, and Xia Hu

Twenty-Sixth International Joint Conference on Artificial Intelligence (IJCAI 2017) 



Multi-Aspect Streaming Tensor Completion

Qingquan Song, Xiao Huang, Hancheng Ge, James Caverlee, and Xia Hu

23rd ACM SIGKDD Conference on Knowledge Discovery and Data Mining (KDD 2017) 






An Interpretable Classification Framework for Information Extraction from Online Healthcare Forums

Jun Gao, Ninghao Liu, Mark Lawley, and Xia Hu

Journal of Healthcare Engineering, Volume 2017
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HELIOS Representation Learning in Big Social Data
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Recap of 
Methodological 

Approach

Ensemble Approach

2

3

Tensor Completion

1 Representation Learning Overview

Group Innovation Representation4

2



Texas A&M University Department of Computer Science and Engineering

Representation Learning – Overview 

3

❖ Objective: Helios representation learning framework is designed to analyze real-world big social data via 

three main thrusts: tensor completion, ensemble approach, and innovation representation learning. 



Texas A&M University Department of Computer Science and Engineering

Tensor Completion (1/5)

❖ Goal: Tensor completion algorithms are designed to model the entangled relationships across multiple 

dimensions in real-world data, which is embedded into a latent representation space.

❖ Developed frameworks: 

AirCP: Model the static latent relationships among locations, times, and observations of human activities, 

targeting at uncovering the missing data.

Contributions: (1) Accelerate this recovery through a novel parallelization for fast computation on 

multi-core cloud environments. (2) AirCP achieves the lowest relative error, and is an order of magnitude 

faster than existing approaches. 

AirCP

Error

Time cost

4
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Tensor Completion (2/5)

❖ Developed frameworks: 

MAST: Models streaming data dynamics with time. It completes the incremental tensors by tackling the 

uncertainty of tensor mode and complex data structure of multi-aspect streaming tensors. 

Contributions: (1) MAST has commensurate performance comparing with two static models and higher 

performance than the dynamic baseline method OLSTEC. (2) MAST takes much less running time than 

static models and outperforms dynamic baselines. 

MAST

AUC comparison Time cost
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Tensor Completion (3/5)

❖ Goals: Improve tensor completion algorithms by further considering two practical constraints: 

computational efficiency and algorithmic fairness over different groups of data.

❖ Developed frameworks: 

DisTenC: Speeds up the computation of tensor completion with auxiliary information based on ADMM. 

We implement it on the modern distributed computing architecture Spark. 

Contributions: Outperforms existing approaches with 10~1000X better scalability.

DisTenC

6
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Tensor Completion (4/5)

❖ Developed frameworks: 

Fairness-aware tensors (FT): Overcome the algorithmic bias inherent in conventional tensor-based models. 

Contributions: (1) Our FT provides the best fairness enhancement result; (2) FT has a comparable 

recommendation performance compared with the best recommendation model among the baselines. (3) 

FT can effectively augment fairness while preserving recommendation utility (FT vs. FM). 

Fairness-aware algorithm

Recommendation 
performance Bias indicator 1 Bias indicator 2

7
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❖ Encapsulate the distributed framework DisTenC into PyTen package.

Github: https://github.com/tamu-helios/pyten

Tensor Completion (5/5)

8

https://github.com/tamu-helios/pyten
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Texas A&M University Department of Computer Science and Engineering

Representation Learning – Overview 

10

❖ Objective: Helios representation learning framework is designed to analyze real-world big social data via 

three main thrusts: tensor completion, ensemble approach, and innovation representation learning. 



Texas A&M University Department of Computer Science and Engineering

Ensemble Algorithm – Fragile Family Challenge Data Analytics (1/2)

❖ Goal: To perform six prediction tasks posed in the Fragile Family Data Challenge related to six 

variables: GPA, Grit, Material, Eviction, Layoff, and Job. 

❖ Dataset: Longitudinal social data from 4,789 American families over more than 15 years. There are 

more than 12,000 raw features, including relationships, health, eviction, behaviors, education, etc. 

❖ Framework: A joint model including feature selection and regression approach of random forest, 

providing better features to further improve the performance.

11
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Ensemble Algorithm – 2018 ACM RecSys Challenge Data Analytics (2/2)

❖ Goal: To develop a system for the task of automatic playlist continuation.

❖ Datasets: Spotify 1 million playlist dataset, created by Spotify users, and includes playlist titles, track 

listings and other metadata.

❖ Model — TrailMix: Combines three different models (DNCF, CC-Title, C-True) designed to exploit 

complementary aspects of playlist recommendation.

❖ CC-Title: Context Clustering using Playlist Title

❖ DNCF: Decorated Neural Collaborative Filtering 

❖ C-Tree: Constructed Tree Leveraging the Natural 

Tree-Structure of Each Playlist

12



Texas A&M University Department of Computer Science and Engineering

Streaming Matrix Level Representation Learning – 

Recommender System (1/1)

❖ Goal: To conduct representation learning on dynamic varying matrices, which serve as the ground 

model for dynamically uncovering the group innovation patterns in the next step. 

❖ Task:  Streaming Recommendation Tasks.

❖ Model — DEVAS: Deep Variational Streaming Recommender System.

❖ Conclusion: DEVAS outperforms all baselines on three benchmark datasets.  

13
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Representation Learning – Innovation Representation (1/1)

❖ Modeling Methods: Neural-network-based representation learning models are developed to uncover 

the group innovation pattern by observing players’ features.

❖ Data:

In game data, innovation is implied by the new behaviors of a group of players. There are two available 

game logs: I. Boomtown from the Gallup team, and II. Resource Collection from the Berkeley team.

❖ Results: 

I. Our approach effectively captures the relation between players’ features and group innovation. This 

can help following studies of group innovation in social competition.  

II. We define the group innovation pattern based on players’ moving trajectories. Our representation 

models embed group innovation into a hidden space and visualize it to facilitate understanding. 

II. Mapping between moving trajectory and group innovation 

One Hot

Neural-network based 
representation learning model

Players’ behavior

 innovation 

I. Representation learning models between 
players’ behavior and innovation

14
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Approach in 
Cycle 3

State-of-the-art Methods

2

3

Berkeley Data Analysis 

1 Gallup Data Analysis

15
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Gallup Data Analytics – Problem Statement (1/5)

Game description: A team consisting of several members plays the resource exploration game, while 

choosing tools to represent the group innovation patterns.

❖ Time length: Composed of n rounds of resource exploration.

❖ Vote: At the end of each round, both the leader and team members are requested to vote on 

expected tools used for the next round.

Innovation Analysis:  We define the innovation pattern of player and  group as the tool category, and 

formulate the Innovation analysis task as multi-class prediction problem.

Leader

Teams

Players

1. Explore resource
2. tool vote

Round 1:

…
…

Round n: 1. Explore resource
2. tool vote

16
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❖ Task: Predict the tool selection of a player from the noisy and abundant input features, including ‘player 

movements’ and ‘tool power’, etc. 

❖ Method: We propose a neural network based representation learning model accompanied with feature 

selection. We concatenate the input features and learn their hidden representation end-to-end.

❖ Insights: (1) It captures the innovation pattern in latent embedding space to improve accuracy. (2) 

Innovation pattern is related to informative features in the game process.

Gallup Data Analytics – Player Innovation Representation (2/5)

KNN LR NB DT RF MLP-
3 RL

0.71 0.72 0.67 0.67 0.73 0.73 0.75

Accuracy Comparison

17
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Gallup Data Analytics – Sequential Player Innovation Analysis (3/5)

❖ Task: Predict the tool vote (innovation pattern) at the next round given the vote history, to understand 

innovation pattern preference. 

❖ Method: We build a representation learning approach based RNN to predict the tool votes at the next 

round, which is essentially a multi-class classification problem.

❖ Insights: (1) The prediction accuracies are larger than 0.77, which means that the future votes depend 

highly on the vote history. (2) The prediction accuracy increases with the round memory length, 

meaning that the individual player has specific tool vote (innovation pattern) preference memorized in 

the vote history. 

18
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Gallup Data Analytics – Group Innovation Representation (4/5)

❖ Task: Predict the tool selection of the leader, based on all the members’ information.

❖ Method: We augment the previous model with auxiliary features, including Leader’s Vote (LV), 

Number of each votes (NumV), Item Characters (IC), Leader’s Gaming Information (LGinfo). 

❖ Insights: (1) The selected auxiliary information improves group innovation learning. (2) The leader 

tends to follow other players’ voting to make the decision.

19
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Gallup Data Analytics – Sequential Group Innovation Analysis (5/5)

❖ Task: Predict the tool decision (innovation pattern) of a group at the next round given the decision 

history.

❖ Method: We apply the previous RNN based model with auxiliary leader features.

❖ Insight: (1) The larger prediction accuracy means that the future decisions depend highly on the 

decision history. (2) The prediction accuracy increases with the round memory length, which means 

that the group innovation pattern is memorized in the decision history. 

20
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Berkeley Data Analytics – Game Setting (1/5)

Terminologies:

Team(s) — Fixed integer parameter (1 to 4)

❖ Predefined number of teams in one game.

Player(s) — Fixed integer parameter (1 to 4) 

❖ Predefined number of players in each team 

Resource(s) — Dynamically Update.

❖ The location of each resource is generated 

randomly.

❖ The members of a team cooperate to collect as 

more resources as possible.

Score and Pay-off — Dynamically Update

❖ Score will be accumulated once one user 

catches a resource.

❖ Pay-off will be accumulated once one team 

catches a resource. 

Belong to

Players

Teams

Collect 
Resources

Score

Payoff

Action

Agent

Goal

As attribute

As attrib
ute
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Berkeley Data Analytics – Problem Statement (2/5)

Data cleaning:

❖ Game logs capture lots of information. 

❖ Important information after cleaning: actions with 

timestamps (move/spawn resource), movement details 

(direction/speed), current locations (players/resources), 

temporary score and pay-off.

Players

Teams

Collect 
Resources

Score

PayoffBelong to

Action

Agent

Goal

As attribute

As attrib
ute

Innovation definition and problems:

❖ Can we represent the innovation pattern of a player 

latently, and predict whether it facilitates collecting a 

resource?

❖ Can we represent the innovation pattern of a team 

latently, and have a prediction of the score/payoff?

❖ Can we represent the innovation pattern intuitively from 

the perspective of movement strategy?

22
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Berkeley Data Analytics – Resource Collection Prediction  (3/5)

❖ Task: Predict a player will collect a specific resource or not. We represent the innovation pattern with 

the combination of features, by training it to inform the resource collection.

❖ Method: A feature formulation and selection approach is proposed to improve prediction accuracy. 

We have (1) distance to resource, (2) average distance to other players, (3) direction to resource, (4) 

temporary score and (5) pay-off.

❖ Insights: (I) A specific combination showcases how well it can improve accuracy. (II) The smaller 

distances and the larger score indicate a good innovation pattern. 

Prediction accuracy Distance distribution of  users collecting resource & users failing
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Berkeley Data Analytics – Group Innovation Modeling (4/5)

RMSE Before Adding 
Auxiliary

After Adding 
Auxiliary

Score by MLP 48.40 45.52 (6.0%)

Payoff by 
GradientBoot_ls 55.98 42.70 (23.7%)

RMSE iteration during the training for two 
considered methods: MLP and GradientBoost 

❖ Task: Predict the expected score of the entire team. We represent the innovation pattern with the 

combination of features, by training it to inform the score.

❖ Insight: We create auxiliary information to represent group innovation well, including team internal 

distance, distance variance, player location variance and moving area. They help improve prediction 

accuracy.

24
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Berkeley Data Analytics – Group Innovation Representation (5/5)

Representation
visualization of four teams

❖ Definition: Group patterns correspond to the team strategies for collecting resources, which is 

reflected by the relative movement of players to resources.

❖ Task: Represent the group innovation pattern in high dimensional space.

❖ Method: Construct the video of player movement, propose architecture of CNN+LSTM to learn the 

pattern representation.

❖ Results: The learned representation shows the pattern of each group well.

25
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State-of-the-art Methods (1/3)

❖ Measuring and Mitigating Item 

Under-Recommendation Bias in Personalized Ranking 

Systems 

• Published in SIGIR Conference on Research and 

Development in Information Retrieval, 2020.

• Study the equal of opportunity problem in the 

personalized ranking recommendation task.

❖ On Robustness of Neural Architecture Search under Label Noise 

• Published in Frontiers in Big Data, section Data Mining and Management.

• In this paper, we systematically explore the robustness of Neural Architecture Search under label 

noise. We demonstrate that the performance degradation under symmetric label noise can be 

mitigated by the use of robust loss functions. 

Debiasing Inequality of Opportunity in 
Personalized Ranking Recommendation
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State-of-the-art Methods (2/3)

❖ Coupled Variational Recurrent Collaborative Filtering.

• Published in Twenty-fifth Conference on Knowledge Discovery and Data Mining (KDD).

• We focus on the problem of streaming recommender system and handle the data dynamicity and 

complexity in a streaming manner. By conjoining the complementary advantages of probabilistic 

models and deep neural networks, the proposed collaborative filtering algorithm performs 

favorably against the state-of-the-art methods. 

❖ Graph Recurrent Networks

• Published in Twenty-fifth Conference on 

Knowledge Discovery and Data Mining (KDD).

• We apply random walks to attributed 

networks. We tailor graph neural networks to 

embed order information in attributed 

random walks.
Graph Recurrent Networks

27
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State-of-the-art Methods (3/3)

❖ Multi-channel graph convolutional networks

• Published in International Joint Conference on Artificial Intelligence (IJCAI 2020).

• Classify the graph-structured data to predict their associated labels. We Propose multi-channel 

graph neural networks (MuchGNN) to learn the graph embedding, via generating a set of 

coarse-grained structures with distinct characteristics to learn graph structure hierarchically.  

28
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Objectives Overview

❖ Game description in Boomtown: A team consisting of several members plays the resource exploration 

game several rounds. Each round is associated with a binary variable to indicate the group innovation.

❖ Table data format: Each row represents the game information for a team at a specific round, including 

(1) X: game features (2) Y: binary innovation variable.

❖ Research problem: We formulate the Innovation analysis task as a binary classification problem. We 

target at: 

� Advancing model development to improve prediction accuracy.

� Capturing the meaningful input features that are informative for group innovation.

� Studying the interaction among input features, and comparing our results to pre-registration plan.

Round
1
2
3
4

X Y

30
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Baseline Setup

❖ Task: We apply traditional machine learning approaches for the binary classification problem.

❖ Data Cleaning: We clean the data by deleting invalid samples associated with NAN value, deleting 

uninformative features (e.g., group ID), filling empty features. We have 3312 samples, each of which is 

associated with 40 features and an innovation variable. 

❖ Insights: (1) The group innovation could be captured by the baselines having classification accuracy 

larger than 0.5. (2) AdaBoost achieves the best performance as 79.2, via aggregating several weak 

classifiers (e.g., decision tree).

❖ Following methodologies: This result encourage us to explore more advanced models to improve the 

prediction accuracy.

31
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Mutual Information Analysis

❖ Task: To analyze the relationships between game features and the group innovation level, we calculate 

mutual information metrics (1) between input features and group innovation variable; and (2) among 

input features.

❖ Insights: (1) The most informative features for group innovation include: Inmot 1, Inmot 2, Grmot 1, 

Grmot 2, which represent the individual or group motivation to innovate. (2) The feature pairs with 

larger value of mutual information: (tools, round), (tool, risk), (tool, Prb), since the tool selection of a 

player depends on the round number and tool risk/probability of success. 

❖ Following methodologies: These results are in line with human knowledge. This encourages us to 

develop advanced interpretation model to explain the group innovation pattern.

32
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Sequential Group Innovation Analysis

❖ Task: Following the previous experiences, we analyze the time dependency of group innovation.

❖ Method: We develop representation learning model based on an LSTM encoder to capture the 

sequential information from the previous rounds, and apply it to predict the innovation variable at the 

next round. 

❖ Insights: (1) The prediction accuracy is improved by leveraging a short memory length of rounds. The 

group innovation has a short-term dependency on the group’s historical behavior. (2) The more the 

memory rounds, the lower the accuracy is obtained, possibly since innovation preference with 

increasing rounds becomes too complex to be modeled well.
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Future Plans

❖ Feature selection: We plan to conduct feature selection to choose informative features and their 

combinations, in order to better capture innovation patterns and improve prediction accuracy. These 

crucial features can also explain group innovation pattern.

❖ Model interpretation: We try to explain the group innovation classification results, to identify the 

important features indicating the innovation pattern.

❖ Graph neural networks: We apply graph neural networks to model interactions between features 

explicitly, and then aggregate these features as well as their interaction weights to predict innovation 

pattern. The explicit weights help to explain the correlation between features, which may also improve 

innovation classification.

Model Interpretation Graph neural networks
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Risks and Mitigation

❖ Feature selection

� Risk: Given the ~40 input features, traditional feature selection may not determine the informative 

features effectively. 

� Mitigation: We apply human knowledge to narrow down the search space of input features, to 

facilitate the following feature selection process. 

❖ Graph neural networks

� Risk: It may be hard to construct the edge connections between input features in the table data, since 

there is little evidence to indicate the relation of features.

� Mitigation: We compute the mutual information and set a threshold to determine edge connection. 

Or we apply a graph attention layer to learn the connection weight automatically.
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Outside Transition

❖ Technology transfer and commercialization

PyTen: An efficient software of distributed large-scale tensor completion recovers the missing values for 

real-world datasets. Link for this package: https://github.com/tamu-helios/pyten 

Commercialization: We transfer developed frameworks to identify outliers from graph and boundary 

graphs with applications in cyber security, manufacturing, etc.

❖ Further development 

1. CAREER: Human-Centric Big Network Embedding Period of Performance: 2018-2023, funded by 

National Science Foundation

2. III: Small: Collaborative Research: A General Feature Learning Period of Performance: 2017-2020, 

funded by National Science Foundation

3. III: Small: Collaborative Research: Modeling and Managing Extremist Group Influence in Massive 

Social Media Networks: 2019-2022, funded by National Science Foundation

36
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Representation Learning – Overview 

37

❖ Objective: Helios representation learning framework is designed to analyze real-world big social data via 

three main thrusts: tensor completion, ensemble approach, and innovation representation learning. 


