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Abstract

Data has been the fuel that drives modern artificial intelligence. With more and more emerging
concerns on data, e.g., data privacy, learning paradigms demand evolving accordingly. In
this thesis, I focus on discriminative learning on restricted data from the role of learning
executors who are in charge of the learning process. That means, my research interest lies in
how to design proper learning algorithms while data is considered restricted. Specifically,
the following three types of scenarios will be explored.

e Private data is accessible to learning executors, but the learning process should not
expose any data information. In such a scenario, the learning executors are trusted
while any others are restricted from accessing data. Differential Privacy (DP) is a
golden principle for this problem which preserves the participation of every data point
and thus can defend against strong adversaries. I intend to take a step forward and
explore how to ensure a safe learning when data is pairwise labelled, to which DP
cannot be directly applied due to the explicit pairwise correlations.

e Only incomplete data is accessible to learning executors. Learning on incomplete
data is a challenging topic when some data information is restricted from learning
executors. For example, not all people would like to answer their demographics in a
survey. Suppose a common case where the missing values are from a discrete attribute
or the label domain. Inferring them comes to the Semi-Supervised Learning (SSL)
problem. I will study how to improve the prediction module for unlabeled data from

the aspect of prediction uncertainty.

e None of data is accessible to learning executors, but some feedbacks are available.
This scenario considers that learning executors cannot access data, which hinders
feeding data to the model for the end-to-end back-propagation. However, learning is
stilled feasible if some feedbacks from data are provided, e.g., model evaluations. In
practice, model tuning tasks are studied in this context, and the tuning efficiency for
deep neural networks is particularly investigated.
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From top to bottom, one can sense that the restriction on data becomes stricter, which also
implies some bigger change should be applied to learning paradigms. Despite the specific
requirement in each scenario, I am interested how to deal with them via a general principle.
It is known that gradient-based optimization has been popular in machine learning. Given
a fixed model structure, the eventually attained model can be attributed to the elaborately
designed model gradients (Note that it is not always because of losses). With this insight,
I propose to deal with different restricted data by using different meaningful gradient
manipulation techniques. Concretely, I apply gradient perturbation to compensate for the
missing or addition of any interested pairwise data, employ gradient masking to reduce
the impact of over-confident unlabeled predictions, adopt gradient estimation to learn from
model evaluations. I conclude that although the meaning of restricted data varies across
different tasks (which also brings out various challenges), the insight of gradient manipulation
constantly offers a good perspective to tackle these problems.
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