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Abstract

Since the emergence of Deep Learning, the field of Artificial Intelligence has experienced
remarkable progress across multiple domains, including Computer Vision and Natural
Language Processing. Neural Networks have consistently achieved state-of-the-art perfor-
mance across various tasks within these fields. The output of these neural networks is
often symbolic, and there may exist known or unknown constraints between these symbols.
These constraints may provide a natural way of representing domain knowledge related to
the underlying task. We can categorize these constraints based on various dimensions,
such as their representation (explicit vs implicit), knowledge (known vs unknown), hard
vs soft constraints etc.. We use the first two dimensions of ‘constraint representation’ and
‘knowledge of constraints’ to categorize our work into three broad buckets of “explicitly
known constraints”, “unknown constraints with implicit representation”, and “unknown
constraints with explicit representation”.

In the first part, ‘Explicitly Known Constraints’, we explore if neural models can be
better trained using known symbolic domain knowledge expressed as hard—constraints on
the input/output variables. When constraints are hard, most of the existing works focus
on constrained inference [Rush and Collins, 2012, Ning et al., 2019]. Few works do exploit
constraints during training [Hu et al., 2016a, Xu et al., 2018], however, their formulation is
capable of handling only soft constraints. In contrast, we propose a primal-dual formulation
that can potentially deal with hard constraints [Nandwani et al., 2019].

In the next two parts, we focus on automated learning of unknown constraints from
the data. In many scenarios, it is difficult to encode our intuition explicitly in the form
of a constraint, or we may miss certain constraints while enumerating them, warranting
the need for their automated learning. Here we focus on combinatorial problems, such as
sudoku, that involve satisfaction of the underlying hard constraints defining the problem.
Based on the representation of constraints, we categorize existing approaches for learning
of unknown constraints into two categories: implicit and explicit. Works in the former
category propose purely neural models [Palm et al., 2018, Dong et al., 2019] for solving
these tasks, representing the underlying constraints implicitly in their weights. In the

second part of the thesis, ‘Unknown Constraints with Implicit Representation’, we identify
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a couple of potential issues in such models and propose appropriate solutions. First, we
identify the issue of solution multiplicity (one input having many correct solutions) while
training neural models and propose appropriate loss functions and an RL based technique
to optimize it[Nandwani et al., 2021]. Next, we observe that existing architectures, such
as SATNet [Wang et al., 2019], Relational Recurrent Networks (RRN) [Palm et al., 2018],
fail to generalize across the output space of variables (can not solve 16 x 16 sudoku after
training on only 9 x 9 sudoku). In response, we design two neural architectures for output
space invariance in combinatorial problems [Nandwani et al., 2022a].

The third part of the thesis, ‘Explicit and Unknown Constraints’, focuses on the
explicit representation of constraints, e.g., linear inequalities over output variables as in
an Integer Linear Program (ILP) that can express many combinatorial problems. One
shortcoming of the existing approaches [Paulus et al., 2021, Wilder et al., 2019] is that
they need to solve the ILP in every learning iteration, thereby considerably slowing down
the training process. In the third part, we first propose a solver-free framework for scalable
learning of constraints in an ILP [Nandwani et al., 2022b]. Finally, we take a completely
different view of constraints as an explanation for the output of a black-box neural model.
Specifically, we focus on explaining the output of Tensor—Factorization based models for
the task of Knowledge Base Completion. We propose a post-hoc explanation engine that
produces constraints in the form of horn clauses as an explanation. These constraints may
not always hold for all the samples in the data, thereby making them ‘soft’, unlike all our
previous works where it is not allowed to violate the constraints, making them ‘hard’

In the end, we conclude by summarizing our contributions and proposing directions

for future work that builds on the techniques and methods introduced in this work.
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