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Abstract

Many contemporary artificial intelligence algorithms fail to scale to large problems, because
the problem sizes typically increase exponentially with the number of features. Even though
a problems size may be too large, there often exist repeated sub-structures, resulting in sym-
metries or other kinds of invariances within the problem. These symmetries and invariances,
when identified accurately, can substantially save on downstream computation time. This thesis
proposes the idea of symmetry aware Al, in which Al and ML algorithms compute these sym-
metries, and then use them for improving their efficiency and performance. Specifically, this
thesis studies symmetry aware Al in the context of three different Al problems: (i) probabilistic
inference in probabilistic graphical models, (ii) sequential decision making under uncertainty
and (iii) structured output prediction in computer vision.

First, in probabilistic inference, we study different types of state symmetries to help speedup
marginal inference. Specifically, we define novel notions of contextual symmetries [Anand et.
al., IJCAI 16], variable-value and non-equicardinal symmetries [Anand et. al., AISTATS 18]
and block-value symmetries [Madan et. al. UAI 2018], and propose algorithms to compute
these. Further, we incorporate these symmetries for improving the mixing time of Markov
Chain Monte Carlo (MCMC) methods.

Second, we define the ASAP (Abstraction of State-Action Pairs) framework, which extends
and unifies past work on domain abstractions in sequential decision making under uncertainty.
It holistically aggregates both states and state-action pairs, thereby, identifying significantly
more symmetries than previous work. We also propose two novel algorithms: ASAP-UCT
[Anand et. al., IJCAI 15] and OGA-UCT [Anand et. al., ICAPS 16], which use ASAP sym-
metries within a UCT framework, thus, combining strengths of online planning with domain
abstractions.

Last but not the least, we explore the use of symmetries in state-of-the-art algorithms for
real-world computer vision problems. We propose a novel coarse-to-fine symmetry aware tem-
plate [Habeeb et. al., IICAI 17] to exploit symmetries in structured output prediction tasks of
stereo-vision and image segmentation. Our approximate notion of top-k label heuristic is robust
across problems and provide significant time gains in near state-of-the-art algorithms for these

tasks.
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