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ABSTRACT

KEYWORDS: Chip Multiprocessors (CMP), Energy Efficient Computation, Dynamic Voltage and Frequency Scal-
ing (DVFS), Dynamic Cache Partitioning, Dynamic Cache Co-partitioning, Multiple Resource Management, Co-

optimization, Reinforcement Learning

Modern multi-core systems provide huge computational capabilities which can be
used to run multiple processes concurrently. The integration of multiple cores on a single
chip has resulted in very large performance gap between the processor and the off-chip
memory. This has resulted in multiple levels of on-chip caches which are often shared
among multiple applications executing simultaneously on various cores. The increasing
core count results in larger shared resources like the last level cache, interconnect network,
memory controllers, etc. To achieve the best possible performance within limited power
budget the various system resources need to be allocated effectively. Any mismatch be-

tween runtime resource requirement and allocation results in a sub-optimal performance.

Different optimization techniques exist for addressing the problem of mismatch be-
tween the dynamic requirement and runtime allocation of the system resources. Choosing
between multiple optimizations at runtime is complex due to the non-additive effects,
making the scenario suitable for the application of machine learning techniques. We have
proposed and evaluated different reinforcement learning (RL) based techniques targeting
multiple resource allocation at runtime. We study two different co-optimization problems
and show that the co-optimization techniques result in better system metrics than any of
the techniques applied individually. We study the application of reinforcement learning
(RL) techniques to the various architecture optimization problems. The RL technique is
capable of learning the utility function of the various resource allocations at runtime by
interacting with the architecture. We have explored multiple agent RL models based on

independent, cooperative and coordinated learners.

The first co-optimization problem is targeted towards optimization of the system
energy-delay-product (EDP). We present a novel method, Machine Learned Machines
(MLM), by using Online Reinforcement Learning (RL) to perform dynamic partitioning of
the last level cache (LLC), along with dynamic voltage and frequency scaling (DVFES) of
the cores and uncore (interconnection network and LLC). The DVFS+DCP co-optimization
problem is modeled using independent, cooperative and coordinated multi-agent learners

and compared on different system metrics.



The second co-optimization problem is targeted towards optimization of the system
throughput (STP). We propose a novel problem of dynamic cache co-partitioning (DCCP)
of the multiple cache levels and present a coordinated multi-agent RL technique, Machine
Learned Caches (MLC). MLC results in better system metrics compared to the independent

application of the dynamic cache partitioning (DCP) techniques at multiple cache levels.

The explored machine learning techniques are found to be effective in handling the
different co-optimization problems resulting in better system metrics compared to state-
of-the-art research work. We study the various co-optimization techniques targeting dif-
ferent system metrics and study their effect on system EDP, system throughput (STP), and
Fairness. The proposed MLM co-optimization techniques are effective in improving the
system EDP by up to 21.7% with less than 5% STP degradation on a 4-core system. The
proposed MLC co-partitioning exhibited 9.35% STP improvement with 13.5% system EDP
improvement on an 8-SMT core (4 physical core) system.

vi
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