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What Is Automated Machine Learning (AutoML) ?
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To make machine learning accessible  

• To people with limited ML background such experts from other domains, as 

well as those experienced data scientists  

• By automating the end-to-end process from data to the results 

• Shown competitive performance on supervised image and text classifications

Data & Task
Preprocessing

Feature Engineering 
Model Selection 

Hyperparameter Tuning

Training
Prediction

Result & Trained Model
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Evaluation 
Method

Search 
Algorithm

Search 
Space

AutoML: System Components & Search Loop
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3. Update
Update the surrogate 
model with training 
history (architectures 
and their performances)

1. Generate
Generate the next 
architecture for 
observation

2. Observe
Train the architecture and 
evaluate its performance

Image Reference: Yao, Quanming et al, “Efficient Neural Interaction Function Search for Collaborative Filtering”,  WWW  2020.
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Road Map
1 AutoML System for Deep Learning 
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3

AutoML System for Recommendation

AutoML System for Outlier Detection
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Reconstruction 
based

Density 
based

One-class 
based

Cluster 
based

AutoKeras
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Goal of AutoML System
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Given a dataset, the AutoML system searches for the best neural 
architecture and hyperparameters

Learning rate: 0.1 
Batch size: 128 
Epoch: 20

Learning rate: 0.025 
Batch size: 64 
Epoch: 200

…

Dataset

Model & Predictions

AutoML System
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Automation of Deep Learning (1/3)
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3. Update
Update the surrogate 
model with training 
history (architectures 
and their performances)

1. Generate
Generate the next 
architecture for 
observation

2. Observe
Train the architecture and 
evaluate its performance
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Automation of Deep Learning (2/3)
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Challenge to Search Algorithm 
Evolutionary algorithm [1], 
reinforcement learning [2] 
need to go through the 
NAS loop too many times

Challenge to Evaluation 
Training neural networks 
from scratch takes a long 
time

[1] Suganuma, and etc. "A genetic programming approach to designing convolutional neural network architectures.", 2017. 
[2] Zoph, Barret, and Quoc V. Le. "Neural architecture search with reinforcement learning." ArXiv 2016. 
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Automation of Deep Learning (3/3)
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Solution to Search Algorithm 
Bayesian optimization 
requires less number of 
observations

3. Update
Update the surrogate 
model with training 
history (architectures 
and their performances)

1. Generate
Generate the next 
architecture for 
observation

2. Observe
Train the architecture and 
evaluate its performance

Solution to Evaluation 
Network morphism 
makes use of the weights 
in trained architectures

Evaluation 
Method

Search 
Algorithm

Search 
Space
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Efficient Search Algorithm
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• Propose a new neural architecture 
search (NAS) method based on 
Bayesian optimization and  
network morphism  

• Bayesian Optimization (BO) is widely 
used in AutoML (model selection, 
hyper-param tuning) 

• We want to explore the capability of 
BO on NAS to make it more efficient

Bayesian-guided network morphism in AutoKeras [1]

Image Source: Brochu et al, 2010. 
[1] Jin, Haifeng, et al. "Auto-keras: An efficient neural architecture search system.”, ACM SIGKDD 2019.
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Speed Up the Evaluation Process
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Network morphism (AutoKeras)

• Change the neural architecture while preserve the functionality 

• Support 3 operations: wider layer/deeper layer/skip connection

Original Network Wider Layer Skip ConnectionDeeper Layer
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System Architecture
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User call from the AutoKeras API 

The Bayesian search is conducted on CPU 

The training of the neural network is on GPU 

All searched models are stored on a storage device (hard disk)

1

2

3

4
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Searcher and Model Parallelization
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• GPU and CPU run in parallel 
• Searcher passes a neural network to GPU for training 
• Concurrently, searcher runs BO to generate new neural architectures 

on CPU

Searcher Queue GPU CPU

Pop Graph

Train Model

Update GP

Generate 
Graph

Generated 
Graph

Push Graph
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Experiment: Effectiveness
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[1] Hutter, Frank, et al. "Sequential model-based optimization for general algorithm configuration.", 2011. 
[2] Snoek, Jasper, et al. "Practical bayesian optimization of machine learning algorithms.", 2012. 
[3] Elsken, Thomas, et al. "Simple and efficient architecture search for convolutional neural networks." arXiv, 2017. 
[4] Kandasamy, Kirthevasan, et al. "Neural Architecture Search with Bayesian Optimisation and Optimal Transport." arXiv, 2018.
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Experiment: Effectiveness
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Experiment: Efficiency
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• AutoKeras provides easy-to-use solutions to deep learning tasks 
 
 
 
 
 
 

• Visit autokeras.com for more information

AutoKeras: An Open-source AutoML System

18

Open-Source Concise InterfaceSingle GPU

AutoKeras

http://autokeras.com
http://autokeras.com


Data Analytics at Texas A&M Lab

Road Map
1 AutoML System for Deep Learning

2

3

AutoML System for Recommendation

AutoML System for Outlier Detection
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Reconstruction 
based
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based
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based
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It is difficult to decide the proper architecture due to diverse feature 
interactions, heterogeneous data, and high data volume, etc.

Why Automated Recommendation

Our Goal — Automate architectural design, and with better performance 

• Abstract and modularize virtual blocks to formulate a generalizable search 
space for recommendation tasks, namely CTR and rating prediction 

• Better search algorithm which improves performance

20

[1] Guo, Huifeng, et al. "DeepFM: a factorization-machine based neural network for CTR prediction." arXiv 2017. 
[2] He, Xiangnan, et al. "Neural collaborative filtering." WWW 2017.
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Figure 3: Neural matrix factorization model

so that they can mutually reinforce each other to better
model the complex user-iterm interactions?

A straightforward solution is to let GMF and MLP share
the same embedding layer, and then combine the outputs of
their interaction functions. This way shares a similar spirit
with the well-known Neural Tensor Network (NTN) [33].
Specifically, the model for combining GMF with a one-layer
MLP can be formulated as

ŷui = �(hT a(pu � qi +W


pu

qi

�
+ b)). (11)

However, sharing embeddings of GMF and MLP might
limit the performance of the fused model. For example,
it implies that GMF and MLP must use the same size of
embeddings; for datasets where the optimal embedding size
of the two models varies a lot, this solution may fail to obtain
the optimal ensemble.

To provide more flexibility to the fused model, we allow
GMF and MLP to learn separate embeddings, and combine
the two models by concatenating their last hidden layer.
Figure 3 illustrates our proposal, the formulation of which
is given as follows
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(12)
where p

G
u and p

M
u denote the user embedding for GMF

and MLP parts, respectively; and similar notations of q
G
i

and q
M
i for item embeddings. As discussed before, we use

ReLU as the activation function of MLP layers. This model
combines the linearity of MF and non-linearity of DNNs for
modelling user–item latent structures. We dub this model
“NeuMF”, short forNeural Matrix Factorization. The deriva-
tive of the model w.r.t. each model parameter can be cal-
culated with standard back-propagation, which is omitted
here due to space limitation.

3.4.1 Pre-training
Due to the non-convexity of the objective function of NeuMF,

gradient-based optimization methods only find locally-optimal
solutions. It is reported that the initialization plays an im-
portant role for the convergence and performance of deep
learning models [7]. Since NeuMF is an ensemble of GMF

and MLP, we propose to initialize NeuMF using the pre-
trained models of GMF and MLP.
We first train GMF and MLP with random initializations

until convergence. We then use their model parameters as
the initialization for the corresponding parts of NeuMF’s
parameters. The only tweak is on the output layer, where
we concatenate weights of the two models with

h 


↵hGMF

(1� ↵)hMLP

�
, (13)

where h
GMF and h

MLP denote the h vector of the pre-
trained GMF and MLP model, respectively; and ↵ is a
hyper-parameter determining the trade-o↵ between the two
pre-trained models.
For training GMF and MLP from scratch, we adopt the

Adaptive Moment Estimation (Adam) [20], which adapts
the learning rate for each parameter by performing smaller
updates for frequent and larger updates for infrequent pa-
rameters. The Adam method yields faster convergence for
both models than the vanilla SGD and relieves the pain of
tuning the learning rate. After feeding pre-trained parame-
ters into NeuMF, we optimize it with the vanilla SGD, rather
than Adam. This is because Adam needs to save momentum
information for updating parameters properly. As we ini-
tialize NeuMF with pre-trained model parameters only and
forgo saving the momentum information, it is unsuitable to
further optimize NeuMF with momentum-based methods.

4. EXPERIMENTS
In this section, we conduct experiments with the aim of

answering the following research questions:

RQ1 Do our proposed NCF methods outperform the state-
of-the-art implicit collaborative filtering methods?

RQ2 How does our proposed optimization framework (log
loss with negative sampling) work for the recommen-
dation task?

RQ3 Are deeper layers of hidden units helpful for learning
from user–item interaction data?

In what follows, we first present the experimental settings,
followed by answering the above three research questions.

4.1 Experimental Settings
Datasets. We experimented with two publicly accessible
datasets: MovieLens4 and Pinterest5. The characteristics of
the two datasets are summarized in Table 1.
1. MovieLens. This movie rating dataset has been

widely used to evaluate collaborative filtering algorithms.
We used the version containing one million ratings, where
each user has at least 20 ratings. While it is an explicit
feedback data, we have intentionally chosen it to investigate
the performance of learning from the implicit signal [21] of
explicit feedback. To this end, we transformed it into im-
plicit data, where each entry is marked as 0 or 1 indicating
whether the user has rated the item.
2. Pinterest. This implicit feedback data is constructed

by [8] for evaluating content-based image recommendation.

4http://grouplens.org/datasets/movielens/1m/
5https://sites.google.com/site/xueatalphabeta/
academic-projects

DeepFM: A Factorization-Machine based Neural Network for CTR Prediction
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Abstract
Learning sophisticated feature interactions behind
user behaviors is critical in maximizing CTR for
recommender systems. Despite great progress, ex-
isting methods seem to have a strong bias towards
low- or high-order interactions, or require exper-
tise feature engineering. In this paper, we show
that it is possible to derive an end-to-end learn-
ing model that emphasizes both low- and high-
order feature interactions. The proposed model,
DeepFM, combines the power of factorization ma-
chines for recommendation and deep learning for
feature learning in a new neural network architec-
ture. Compared to the latest Wide & Deep model
from Google, DeepFM has a shared input to its
“wide” and “deep” parts, with no need of feature
engineering besides raw features. Comprehensive
experiments are conducted to demonstrate the ef-
fectiveness and efficiency of DeepFM over the ex-
isting models for CTR prediction, on both bench-
mark data and commercial data.

1 Introduction
The prediction of click-through rate (CTR) is critical in rec-
ommender system, where the task is to estimate the probabil-
ity a user will click on a recommended item. In many recom-
mender systems the goal is to maximize the number of clicks,
and so the items returned to a user can be ranked by estimated
CTR; while in other application scenarios such as online ad-
vertising it is also important to improve revenue, and so the
ranking strategy can be adjusted as CTR⇥bid across all can-
didates, where “bid” is the benefit the system receives if the
item is clicked by a user. In either case, it is clear that the key
is in estimating CTR correctly.

It is important for CTR prediction to learn implicit feature
interactions behind user click behaviors. By our study in a
mainstream apps market, we found that people often down-
load apps for food delivery at meal-time, suggesting that the
(order-2) interaction between app category and time-stamp

⇤This work is done when Huifeng Guo worked as intern at
Noah’s Ark Research Lab, Huawei.

†Corresponding Author.

Figure 1: Wide & deep architecture of DeepFM. The wide and deep
component share the same input raw feature vector, which enables
DeepFM to learn low- and high-order feature interactions simulta-
neously from the input raw features.

can be used as a signal for CTR. As a second observation,
male teenagers like shooting games and RPG games, which
means that the (order-3) interaction of app category, user gen-
der and age is another signal for CTR. In general, such inter-
actions of features behind user click behaviors can be highly
sophisticated, where both low- and high-order feature interac-
tions should play important roles. According to the insights
of the Wide & Deep model [Cheng et al., 2016] from google,
considering low- and high-order feature interactions simulta-
neously brings additional improvement over the cases of con-
sidering either alone.

The key challenge is in effectively modeling feature inter-
actions. Some feature interactions can be easily understood,
thus can be designed by experts (like the instances above).
However, most other feature interactions are hidden in data
and difficult to identify a priori (for instance, the classic as-
sociation rule “diaper and beer” is mined from data, instead
of discovering by experts), which can only be captured auto-
matically by machine learning. Even for easy-to-understand
interactions, it seems unlikely for experts to model them ex-
haustively, especially when the number of features is large.

Despite their simplicity, generalized linear models, such as
FTRL [McMahan et al., 2013], have shown decent perfor-
mance in practice. However, a linear model lacks the abil-
ity to learn feature interactions, and a common practice is
to manually include pairwise feature interactions in its fea-
ture vector. Such a method is hard to generalize to model
high-order feature interactions or those never or rarely appear
in the training data [Rendle, 2010]. Factorization Machines
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Scenario-Based Abstract Search Space
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Selectable search algorithms for BOTH model selection and HP tuning 

• Searcher 

• Tuner: Random/Greedy/Bayesian 

• Model & HP search in Recommender 

• Model search: hyper interaction 

• Types of interaction and ways to stack 

• HP search: interactor-specific 

• E.g., units, layers, dropout for MLP
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Road Map

AutoML System for Deep Learning
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AutoML System for Recommendation

AutoML System for Outlier Detection
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Existing NAS methods are unsuitable for automating OD because 
they ignore the properties of outliers and the data is imbalanced

Why Automated Outlier Detection

Our Goal — Consider outlier def. in search and data distribution in training  

• Search for definition-hypothesis, which decides objective function 
• Explore untapped search space and exploit useful past sample

23

©University Of Toronto

Deep Learning Density-based

IForest Cluster-based

x y z

0.86 0.01 0.56

0.43 0.12 0.99

Tabular Data

Time series data

• Soooo many options! 
• Which one to pick?
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Conclusions 
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AutoML System for Deep Learning 

• Bayesian optimization speeds up the NAS loop by reducing the number 

of training iterations, while network morphism speeds up evaluation by 

using the weights of trained architecture

1

2 AutoML System for Recommendation 

• Abstract virtual blocks create flexible search space to accommodate 

different recommendation scenarios (inputs, interactions, and objectives) 

• Multi-objective evolutionary search algorithm considers architecture 

evaluation and computational complexity and produced new SOTA

3 AutoML System for Outlier Detection 

• Curiosity-guided search strategy addresses local optimality and  
self-imitation learning improves sample efficiency
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Future Directions 
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AutoML Infrastructure  

• Modules of AutoML systems are complicated. How can we have a unified 

and well-organized infrastructure for different AutoML systems? A 

potential solution is DARPA D3M infrastructure

1

2 Explainability  

• Enabling explainability would be important for data scientists to easily 

make use of the outputted models by AutoML systems

3 Parallel Computation 

• Further improve data/model/search efficiency in AutoML
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