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ABSTRACT
Automated Artificial Intelligence and Machine Learning (AutoAI /
AutoML) can now automate every step of the end-to-end AI Lifecy-
cle, from data cleaning, to algorithm selection, and to model deploy-
ment and monitoring in the machine learning workflow. AutoAI
technologies, initially aimed to save data scientists from the low
level coding tasks, also has great potential to serve non-technical
users such as domain experts and business users to build and deploy
machine learning models. Researchers coined it as “democratizing
AI”, where non-technical users are empowered by AutoAI technolo-
gies to create and adopt AI models. To realize such promise, AutoAI
needs to translate and incorporate the real-world business logic
and requirements into the automation. In this Demo, we present
a first of its kinds experimental system, IBM AutoAI Playground,
that enables non-technical users to define and customize their busi-
ness goals (e.g., Prediction Time) as constraints. AutoAI then builds
models to satisfy those constraints while optimizing for the model
performance (e.g., ROC AUC score). This Demo also showcases
AutoAIViz, a Conditional Parallel Coordinates visualization feature,
and a TrustedAI feature from two accepted IUI’20 papers.

CCS CONCEPTS
• Human-centered computing → Empirical studies in visu-
alization; • Computing methodologies→ Continuous space
search; Machine learning approaches.
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1 INTRODUCTION AND BACKGROUND
More and more business and organizations are applying machine
learning techniques to gain insights from data and to support de-
cision making, and this is referred to “Data Science” [3]. This end-
to-end AI lifecycle is labor intensive and requires diverse skill
sets [5, 6]; thus, recently, Automated AI and Machine Learning
techniques have been developed to automate various steps of the
process, such as preparing data, selecting models, engineering fea-
tures, or optimizing hyperparameters [2, 4]. In this paper, we refer
these systems as AutoAI or AutoML.

Research suggest that AutoAI can speed up the AI-building pro-
cess for data scientists users, and data scientists praise the potential
future of work where human data scientists and AutoAI can hand
over tasks to each other in the AI lifecycle [7]. But we know very
little about how non-technical users (e.g., business owners and do-
main experts) may interact with AutoAI in the AI Lifecycle, despite
these non-technical stakeholders are essential to the work too [11].

To enable non-technical users to use AutoAI, there are two major
challenges: Business Objectives, and Transparency. Business
objectives challenge refer to the tension that what non-technical
users want (e.g., business KPIs and policy compliance) often are
not aligned with what technical users want (e.g., model accuracy
and training time) [5]. Transparency challenge refers to that non-
technical users do not necessarily understand how and why the
AutoAI “blackbox” generates certain results [8].

In this Demo, we showcase an experimental AutoAI system,
IBM AutoAI Playground, that aims to empower the non-technical
users to communicate their business objectives as constraints in the
automation optimization formula. The Demo leverages on a state-
of-the-art joint optimization algorithm (i.e., ADMM) to populate AI
models that can maximize the model performance (i.e., data science
objective) while also satisfy the business constraints (i.e., business
objectives) [4]. In addition, the Demo integrates AutoAIViz [10]
– to tackle the transparency and trust challenge [1]. This visual-
ization, based on Conditional Parallel Coordinates [9], provides
interactive views of categorical and continuous value dimensions,
allowing the user to expose increasing amounts of detail added to
a conventional Parallel Coordinates display.

2 IBM AUTOAI PLAYGROUND
In this Demo, we will showcase new AI Automation capabilities
for enterprise users, including the ability to automatically gener-
ate optimized machine learning pipelines that take into account
business and stakeholder constraints, such as prediction resources,
prediction latency, or fairness metrics.

77

https://doi.org/10.1145/3379336.3381474
https://doi.org/10.1145/3379336.3381474
https://doi.org/10.1145/3379336.3381474


IUI ’20 Companion, March 17–20, 2020, Cagliari, Italy Dakuo Wang et al.

Figure 1: Screenshot showing AutoAI configuration UI. In
this step, a user can upload a data set, specify the target col-
umn for training a model, and specify the optimization ob-
jective and business constraints by checking the toggle. As
shown in this figure, the Data Disparity fairness constraint
is enabled with a threshold of less than 10% and the Predic-
tion Time constraint is disabled.

The entire user interaction with IBM AutoAI are simplified into
two steps: a configuration step Figure 1 and a result step Figure 2.
The users upload their dataset, define a problem type (i.e., binary
classification, multi-class, or regression), then AutoAI can finish the
rest of the work. Typically, during the process pipelines are being
optimized towards a performance metric, in our case ROC AUC
score is the default metric. In addition, users can also bound the
AutoAI search space by setting constraints, such as group disparity
against model bias, or prediction runtime for inference speed [4].
This extra capability is essential for non-technical users to leverage
on AutoAI to solve their data science problems.

Figure 2: Screenshot showing AutoAI results UI, with Au-
toAIViz (top) and the leaderboard (bottom, partially shown).
Each colored line running from left to right represents a
machine learning pipeline, and corresponds to a row in the
leaderboard. In this example, all pipelines consist of three
steps: transformation step 1, transformation step 2, and es-
timator. Generated models are evaluated on four metrics:
group disparity, prediction time, and ROC AUC scores on
the training data, and on the holdout data.

Behind the scene, AutoAI first needs to decide on the sequence
of the model pipeline generation process. AutoAI can choose a
sequence of transformation steps before training an estimator, or
it can simply decide not to use any transformation to generate
new features. After the sequence is decided, AutoAI can search and
decide on which particular transformer to be used inside each of
the transformation step, and which estimator to be used inside the
modeling step. Once that is done, AutoAI starts to fine-tune the
hyperparameters of those chosen estimators and transformers.

Once AutoAI starts to generate results, the result page will in-
stantly populate resulting model pipelines in progress(e.g., Figure 2).
In AutoAIViz, each column represents one of the following at-
tributes: Pipeline ID, Transformer 1, Transformer 2, Estimator, Group
Disparity, Prediction Runtime, and ROCAUC on training and holdout
split respectively. The next level of detail, for categorical choices,
contains conditional axis per hyperparameter. The figure shows the
visualization after the user expanded the Sparse Random Projection
Transformer in the Transformer 2 step. Here, the visualization fur-
ther allows to differentiate pipelines across the 5 hyperparameters
dense_output, density, eps, n_components and random_state. This
work is also accepted as an IUI’20 paper [10].

Towards the bottom of the result page Figure 2 we feature a
pipeline leaderboard, showing pipeline configuration data sorted
according to ROC AUC descendingly. Color indicates the choice of
the estimator. For each pipeline row, from left to right, we display
the rank, ROC AUC, Group Disparity, Prediction Time, ID and
information on the steps.
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