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Abstract

The coming decade will be the era of smart, intelligent systems; many of these will have com-
puter vision algorithms at their core. Such systems include self-driving cars, UAVs, robots,
mobile nodes with edge computing support, and AR/VR systems. Hence, accelerating com-
puter vision workloads is a very important problem as of today and has begun to attract a
considerable amount of attention in both academia and industry. For building such systems we

need to focus on both the hardware and software aspects.

As of 2021, the community appears to have significantly migrated towards CNN (convolutional
neural network) based algorithms that run on GPUs and custom accelerators including FPGAs.
A significant proportion of state-of-the-art systems comprises highly optimized CNN-based
algorithms running on bespoke accelerators and GPUs. This trend is justified because such
design choices have proven their mettle against traditional algorithms that primarily relied on

multicore processors for parallelization.

However, we argue that this trend is showing signs of saturation, does not hold all the time, and
may not prevail in the future. We systematically analyze, deconstruct, and in some cases debunk
such unipolar notions in this thesis. We, instead, offer a more nuanced argument and envision
a system that is an amalgam of all kinds of hardware platforms and software algorithms that
together provide the best performance or power efficiency — as evinced in our experiments. We
first start with showing that for traditional vision algorithms, GPUs are not the best choice. We
show that as the number of concurrent applications (conventional vision algorithms) running
on GPUs increases, the performance drops due to increased contention at the shared resources.
In contrast, the performance of a bag of these concurrent applications on multicore processors
scales well with an increase in the number of concurrent applications due to well-developed
contention management policies in multicores and the inherent nature of conventional vision
algorithms. This work is extended to create an accurate predictor that predicts the performance
(91% accuracy) and power (96% accuracy) of a set of concurrently running vision applications

on a GPU given their CPU execution characteristics and the execution time/power of individual

vil



workloads on a GPU.

This work establishes multicore CPUs as legitimate systems for executing conventional vision
applications. Next, we generalize this idea and consider a system with diverse computing ele-
ments that include small cores, large cores, possibly GPUs and accelerators, and then propose
a scheduling algorithm. Given the large number of choices and attendant trade-offs, existing
approaches find it very hard to compute optimal thread execution schedules for such systems.
We developed a fast game theory-based technique that gives us near-optimal schedules very
quickly without sacrificing fairness. The approach yields a performance benefit of 17% over

the nearest competing algorithm.

Subsequently, we survey and characterize the CNN-based accelerators for vision systems. We
found that the energy efficiency of the accelerators designed for CNNs relies on the amount of
data reuse, the sparsity in the data, and the ineffectuality in the bits used for representing the
data. Then, we choose the best CNN-based stereo algorithm and the best traditional computa-
tional geometry-based algorithm and compare their depth estimation accuracies head-to-head
for a self-driving task. The results are similar, there is no clear winner. However, if we start
considering inclement weather such as rain or fog, then the results are mixed. In roughly a
third of the cases, the CNN-based solution is much better and the reverse holds true for roughly
another third of the cases. For the rest, the accuracies are similar. We thus design an ensemble
predictor that predicts the best algorithm for a given scene. This helps us maximize the over-
all accuracy and reduce the error in depth estimation substantially. We achieve up to an 18%
(6.25% average) improvement in accuracy over the best state-of-the-art algorithm with a negli-
gible area overhead (0.003 mm?) while respecting all real-time constraints. Our algorithm also
yields a confidence of prediction that can be utilized by higher decision-making layers. Such
experiments prove that CNNs are not always the best; they have robustness issues and don’t

generalize very well as compared to their counterparts that use computational geometry too.

By this point we establish that in a real system we need both CPUs as well as GPUs and accel-
erators; we also need CNN-based and conventional computational geometry-based algorithms
to create an accurate and robust vision system. Next, we consider other knobs that characterize
cyber-physical systems such as UAVs, which use vision algorithms for their navigation or as
standalone applications. Here, apart from the right choice of the computer vision algorithm,
there are many more parameters that are important such as collision-free path planning, power
efficiency, and flight duration. We show that when we include all these parameters with the vi-
sion system, optimizing the full set of parameters for the entire system becomes a very complex
problem. It is large, multi-dimensional, non-convex, and not amenable to solution in real-time.

We use game theory again and replace this intractable optimization problem with a simpler



yet approximate game theory equivalent: a set of players with different payoffs and strategies.
Now, a game theory solver (Gambit [1]) can very quickly (10 — 100x faster than solving the
optimization problem) obtain approximate yet good-quality solutions to our optimization prob-

lem.
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