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Abstract

In this modern era of AI revolution, there have been massive and rapid investments

in data-driven, large-scale AI systems. However, the high-performance computing

techniques that enable the computation for these rapidly growing AI systems,

consume staggering amounts of energy and resources. This proliferation of AI brings

new optimization challenges for sustainability without compromising scalability and

performance. This thesis research aims to tackle these challenges and provide a way

forward for scalable and sustainable AI. Among the energy-efficient alternatives to

the traditional Von Neumann architecture, neuromorphic computing and its Spiking

Neural Networks (SNNs) are a promising choice due to their inherent energy

efficiency. However, in real-world application scenarios, such as complex continuous

control tasks, SNNs often lack the performance optimizations of traditional artificial

neural networks. To address this issue, researchers have combined SNNs with Deep

Reinforcement Learning (DeepRL) algorithms to utilize their optimization

techniques. Although this integration enables the completion of these complex

tasks, the question of scalability still remains unexplored. Hence, this thesis

presents a novel model called SpikeRL, which is a scalable and efficient framework

for DeepRL-based SNNs for complex continuous control tasks. The SpikeRL

framework consists of three major components. First, a DeepRL-based SNN model

utilizing population encoding. Second, distributed computing across models and

environments is implemented using PyTorch’s distributed package with both

Message Passing Interface (MPI) and NVIDIA Collective Communications Library
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(NCCL) backends. Lastly, further optimization for model training is achieved by

using mixed-precision techniques for parameter updates. Comparison analyses with

the state-of-the-art SNN methods demonstrated that the SpikeRL model achieves

an overall performance increase of 40%, an energy efficiency of 39%, and a carbon

emission reduction of 28%. The SpikeRL model was also tested on a neuromorphic

hardware at TENNLab using the Reduced Instruction Spiking Processor (RISP)

simulation to run the inference of the model. Although the deployment of SpikeRL

on a neuromorphic hardware is still a work in progress, the research findings

presented in this thesis demonstrate the scalability and energy efficiency of SpikeRL

for the training of complex continuous control agents, contributing to advancements

in scalable and sustainable AI.
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Nomenclature

AI Artificial Intelligence - The simulation of human intelligence in

machines that are programmed to think and learn like humans.

AMP Automatic Mixed Precision - A technique that uses both

half-precision (FP16) and single-precision (FP32) computations

to optimize speed and energy efficiency.

ANN Artificial Neural Network - A computing system inspired by the

biological neural networks of animal brains, used in machine

learning and artificial intelligence.

DDPG Deep Deterministic Policy Gradient - An algorithm for

continuous action spaces in reinforcement learning.

DeepRL Deep Reinforcement Learning - A subset of machine learning that

combines deep learning and reinforcement learning principles.

EDP Energy-Delay Product - A metric used to evaluate the efficiency

of computing systems by considering both energy consumption

and computational delay.

FP16 Half Precision - A 16-bit floating-point format used to speed up

computation and reduce energy consumption.

FP32 Single Precision - A 32-bit floating-point format used for

standard precision in computation.
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LIF Leaky Integrate-and-Fire - A type of spiking neuron model used

to simulate neuronal activity in Spiking Neural Networks.

MPI Message Passing Interface - A standardized and portable

message-passing system designed to function on parallel

computing architectures.

PopSAN Population Spiking Neural Network - A model that uses

population coding techniques to enhance the data representation

capabilities of Spiking Neural Networks.

PPO Proximal Policy Optimization - A reinforcement learning

algorithm that aims to improve policy optimization performance

while ensuring stability.

PUE Power Usage Effectiveness - A metric that measures how

efficiently a computer data center uses energy; specifically, the

ratio of total facility energy consumption to energy used by the

IT equipment.

RISP Reduced Instruction Spiking Processor - A neuromorphic

hardware used for simulating Spiking Neural Networks.

SAC Soft Actor-Critic - A reinforcement learning algorithm that

maximizes entropy in addition to expected reward to ensure more

exploration and robustness.

SNN Spiking Neural Network - An artificial neural network using

spiking neurons that mimics the neural structure and functioning

of biological neurons.

Te Total Active Time - The total time during which a component or

system is actively consuming energy.

xii



TD3 Twin Delayed Deep Deterministic Policy Gradient - A variant of

the DDPG algorithm that addresses some of its function

approximation errors.

TDP Thermal Design Power - The maximum amount of heat a

computer chip, such as a CPU or GPU, is expected to generate

under normal computing workloads.
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Chapter 1

Introduction

The rapid advancements in Artificial Intelligence (AI) bring about significant energy

costs that pose sustainability challenges. For instance, OpenAI’s GPT-3, a language

model with 175 billion parameters, was estimated to consume approximately 1287

MWh for its training and deployment phase (4). This staggering amount of energy

underscores the growing concern as AI systems become more complex and

widespread. Future projections are even more alarming, with estimates suggesting

that the energy consumption of Nvidia’s new AI servers could surpass the annual

energy usage of countries like Argentina and Sweden (4). These figures highlight an

urgent need for innovations in energy-efficient computing to mitigate the

environmental impact of such technologies while continuing to harness their

capabilities.

1.1 Energy Efficiency with the SpikeRL Framework

Spiking Neural Networks (SNNs) are non-von Neumann architecture that is inspired

by the human brain and mimics the neural structure and functioning of the human

brain. SNNs offer a compelling energy efficient alternative to traditional high energy

consuming architectures. These networks inherently supports energy efficiency and

parallelism, making them ideal for developing energy efficient AI applications (5).
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Despite their promise, SNNs have historically struggled to perform at levels

comparable to conventional Artificial Neural Networks (ANNs) in real world

applications such as complex continuous control tasks, primarily due to their lack of

advanced optimization techniques (6).

Recognizing the untapped potential of SNNs, recent research has focused on their

integration with Deep Reinforcement Learning (DeepRL)

algorithms (7; 8; 9; 10; 11; 12; 13; 14; 15; 16; 17). This strategic amalgamation aims

to harness the biological fidelity and energy efficiency of SNNs alongside the

powerful optimization capabilities of DeepRL. Such integration enhances the

performance of SNNs in complex control scenarios, where adaptability and precision

are paramount.

Building on these concepts, this thesis introduces a novel framework named

SpikeRL. This framework is specifically designed to leverage the synergies between

SNNs and DeepRL, focusing on scalability and efficiency in both training and

deployment. It incorporates a DeepRL based SNN with population encoding (18),

utilizes the Message Passing Interface (MPI) (19), and NVIDIA Collective

Communications Library (NCCL) (20) for distributed training across multiple

GPUs. Additionally, it adopts mixed-precision training techniques (21) to further

optimize computational resource usage.

1.2 Research Contribution and Structure

The contribution of this thesis with the SpikeRL framework, in the domain of

scalable and sustainable AI, is three-fold. I) A custom DeepRL based SNN

algorithm utilizing population encoding II) Scaling up the training process using

distributed training with MPI and NCCL; III) Optimizing for energy efficiency using

mixed-precision training. One of the key future work entails running inference on

specialized simulated neuromorphic hardware such as the RISP from TennLab UTK.
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The following chapters of this thesis include: Chapter 2 with related work,

Chapter 3 with the implementation of SpikeRL, Chapter 4 with experimental results

and analyses, and finally Chapter 5 with discussion, future work, and conclusion.
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Chapter 2

Related Work

This chapter reviews the body of literature on SNNs and their integration with

DeepRL, emphasizing the enhancements in energy efficiency and performance in

robotic applications. It lays the groundwork for understanding the novel

contributions of the SpikeRL framework utilizing neuromorphic computing in

addressing the challenges of scalability and computational efficiency in AI systems.

2.1 Neuromorphic Computing

Neuromorphic computing is emerging as a promising energy-efficient alternative to

traditional Von-Neumann architecture (6). This new paradigm seeks to achieve

continued performance improvements in computing by drawing inspiration from the

structure and functioning of biological brains. Initially coined by Carver Mead in

the late 1980s (22; 23), the term neuromorphic originally referred to mixed

analogue–digital systems designed for brain-inspired computation. Over time, and

with the advent of substantial research initiatives like DARPA’s Synapse project

and the European Union’s Human Brain Project, the definition of neuromorphic

computing has broadened to encompass a wide array of hardware implementations

that mimic various aspects of neural systems (6).
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2.1.1 Characteristics of Neuromorphic Computing

Neuromorphic computers are non-von Neumann systems composed of artificial

neurons and synapses, where the architecture and operational principles are inspired

by biological neural networks. Unlike traditional von Neumann computers, which

separate processing units (CPUs) from memory units, neuromorphic systems

integrate computation and memory. In these systems, neurons process information

and synapses store and transmit data, blurring the line between processing and

memory elements. The computation in neuromorphic systems is defined by the

structure of the neural network and the parameters of these neurons and synapses,

rather than explicit instruction sets. Additionally, while conventional computers

represent information in binary form, neuromorphic computers use spikes (discrete

events) over time to encode information (6).

2.1.2 Key Features of Neuromorphic Computers

Neuromorphic systems differ fundamentally from traditional computing

architectures in several ways as detailed in (6). These systems leverage massive

parallelism as each neuron and synapse can operate concurrently. Although each

neuron and synapse performs relatively simple computations, the parallel nature

leads to significant computational capabilities. By mimicking the brain’s structure,

neuromorphic systems collocate processing and memory within the network of

neurons and synapses. This integration helps mitigate the von Neumann bottleneck,

reduces energy consumption, and improves data throughput by eliminating the need

for extensive data movement (24). Neuromorphic architectures can scale naturally

by adding more neurons and synapses, often through integrating multiple

neuromorphic chips to create larger, more complex neural networks. Projects such

as SpiNNaker (25; 26) and Intel’s Loihi (27) have demonstrated scalability by

successfully combining numerous neuromorphic cores to model large-scale neural

systems. Computations in neuromorphic systems are triggered by events (spikes)
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rather than being performed continuously. This event-driven nature leads to

efficient processing, as neurons and synapses consume energy only when they are

active, aligning with temporally sparse activity patterns observed in biological

neural systems (28; 29). Neuromorphic systems can incorporate randomness in their

computations, such as in the firing behavior of neurons, which can help them be

more robust and able to handle a range of computational tasks in the presence of

noise.

Among these features, the extremely low power consumption of neuromorphic

computers stands out as particularly attractive. SNNs in neuromorphic

architectures can operate at orders of magnitude lower power than conventional

computing systems, making them suitable for energy-constrained applications like

edge computing. The energy efficiency of SNNs is a direct consequence of their

event-driven and massively parallel architectures, where only a fraction of the

system is active at any moment (6).

2.2 Advancements in Spiking Neural Networks for

Robotics

Research in the field of robotics has demonstrated the utility of SNNs in various

complex tasks. (30) and (31) successfully employed SNN-based Central Pattern

Generators (sCPG) on the SpiNNaker platform (26) to manage locomotion tasks

such as walking, trotting, or running in hexapod robots. These implementations

showcase the potential of SNNs in generating rhythmic patterns without continuous

sensory feedback, highlighting their efficiency and autonomy in control systems.

Further extending the capabilities of SNNs, (32) and (33) demonstrated their

application in biomimetic robots, such as a lamprey-like model, to dynamically

control movements. For spatial awareness and navigation, projects such as Spiking
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RatSLAM (34) and Gridbot (35) utilized SNNs for effective environment mapping,

proving their efficiency in real-world and simulated environments (36).

2.3 Integration of SNNs with Deep Reinforcement

Learning

The integration of SNNs with DeepRL has been a pivotal advancement, addressing

the limitations of SNNs in terms of optimization, data representation, and learning

efficiency. The following studies comprise of the state-of-the-art methods in this

research area:

One of the studies (7) explore integrating SNNs into DeepRL to address challenges

such as sensitivity to noisy, incomplete, or misleading input data. While DeepRL,

leveraging multi-layer neural networks, achieves remarkable success in tasks

requiring trained policies, its robustness remains a limitation. Inspired by biological

neural systems, the approach builds on prior work in supervised learning, where

standard neural networks with the Rectified Linear Unit (ReLU) activation

functions were effectively converted to SNNs with minimal performance loss.

Extending this concept, the method adapts Q-learning networks trained with RL to

SNNs, demonstrating improved resilience to input disturbances like image occlusion.

This study also successfully applies the conversion to full-scale Deep Q-networks,

setting the stage for future advancements in robust DeepRL systems.

Population-coded spiking actor network (PopSAN) (8) addresses the growing need

for energy-efficient control mechanisms in mobile robots, particularly as real-world

tasks demand handling high-dimensional observation and action spaces within the

constraints of limited on-board resources. It focuses on SNNs executed on

neuromorphic processors, which offer a promising alternative to traditional

controllers for low-dimensional control tasks due to their energy efficiency and

robustness. However, scaling SNNs for real-world applications is challenging due to
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limitations in their information representation and training algorithms. To

overcome these barriers, the proposed method introduces PopSAN trained alongside

a deep critic network using DeepRL. Inspired by neural population coding in the

brain, this approach enhances the network’s representation capacity while

combining the training benefits of deep networks with the energy-efficient inference

of SNNs. The method integrates seamlessly with various policy-gradient DeepRL

algorithms, supporting both on-policy and off-policy methods. Benchmarked on

OpenAI Gym tasks, the PopSAN was deployed on Intel’s Loihi neuromorphic chip,

achieving performance comparable to standard deep actor networks while

consuming 140 times less energy per inference.

Another study (9) focuses on improving energy-efficient motion in robotics using

DeepRL, addressing limitations in standard methods that penalize energy

expenditure through action penalties in the reward function. While effective for its

simplicity, this approach faces challenges such as excessive penalties leading to local

minima with non-moving solutions, while insufficient penalties failing to ensure

energy-efficient behavior. Tuning these hyperparameters is computationally

expensive, necessitating a more robust learning method. To address this, the study

leverages SNNs, known for their computational efficiency and suitability for

neuromorphic architectures. Gait experiments with a hexapod agent were

conducted in a simulated environment, varying energy penalty settings to evaluate

the impact on energy-efficient motion, measured through Cost of Transport (CoT),

a standard gait efficiency metric. Integrating SNNs with state-of-the-art DeepRL

algorithms, the study demonstrated improved energy efficiency. Their findings

indicated that combining SNNs with DeepRL enables the learning of energy-efficient

gaits while maintaining robustness across a wider range of penalty settings.

Multiscale dynamic coding spiking actor network (MDC-SAN) (10) similarly to

PopSAN integrates population coding at the network level. However, this new

approach utilizes dynamic neuron coding, featuring second-order neuronal dynamics

at the individual neuron level. The work demonstrates that this design provides a
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rich spatial-temporal state representation for decision-making. Their experimental

results demonstrate that MDC-SAN outperforms conventional deep actor networks

(DNN-based) on four continuous control tasks from OpenAI Gym.

The Deep Spiking Reinforcement Learning (DSRL) (15) method demonstrates how

SNNs can be integrated into DeepRL algorithms such as Deep Q-Network (DQN)

for discrete action spaces and Twin-Delayed Deep Deterministic Policy Gradient

(TD3) for continuous control tasks. The study highlights the sensitivity of SNNs to

hyperparameters like current and voltage decay factors and firing thresholds,

requiring extensive tuning. However, techniques like increasing simulation time,

applying two-neuron encoding for input observations, and randomizing membrane

parameters significantly improve training stability and robustness. The findings

show that SNNs can effectively handle complex continuous control problems with

state-of-the-art DeepRL algorithms, and while training complexity may increase,

the trained SNNs can leverage the energy efficiency of neuromorphic hardware for

deployment.

Deep spiking Q-network (DSQN) (11) focuses on advancing the DSRL (15) method.

DSRL development faces challenges due to the binary and nondifferentiable nature

of spiking functions. To overcome these limitations, the study proposes DSQN built

on leaky integrate-and-fire (LIF) neurons and DQN architecture. A direct spiking

learning algorithm is adapted for DSQN, and the theoretical benefits of LIF neurons

within this framework are analyzed. Extensive evaluations across 17 top-performing

Atari games demonstrate the method’s superior performance, stability,

generalization, and energy efficiency compared to state-of-the-art conversion

techniques. Notably, this is the first directly trained SNN approach to achieve

state-of-the-art results on multiple Atari games.

Another work (12) addresses the growing interest in integrating SNNs with DeepRL

architectures to develop effective training methods. To maintain the asynchronous

nature of SNNs, the study builds on recent advancements in temporal coding,

adapting it for RL tasks. To overcome challenges such as the high sparsity of spikes,
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the method introduces a self-incremental variable that encourages spiking neurons

to fire, ensuring the network remains fully differentiable. Additionally, a novel

encoding strategy is proposed to mitigate information loss in temporally coded

inputs, preserving the fidelity of the data. Experimental evaluations demonstrate

that SNNs trained using this approach achieve performance on par with

state-of-the-art artificial neural networks in RL benchmark tasks, showcasing the

potential of temporal coding for advancing SNN-based DeepRL.

One of the studies (13) explore the potential of memristor-based SNNs for efficient

in-memory computation, addressing challenges associated with traditional learning

methods like backpropagation, which are infeasible for such hardware. SNNs are

particularly suited for this application, as their weights can be updated locally and

self-organized without requiring high-precision global calculations. The study

focuses on DeepRL tasks, where stochasticity in model initialization, training, or

decision-making poses significant challenges. It proposes an online RL algorithm

that updates connection weights incrementally after processing each environmental

state during interaction-driven data generation. The algorithm is tailored for SNNs

utilizing memristor-based synaptic plasticity rules inspired by

spike-timing-dependent plasticity (STDP). These plasticity functions were derived

from experimentally developed memristors made of poly-p-xylylene and

CoFeB-LiNbO nanocomposite. The SNN, composed of leaky integrate-and-fire

neurons, encodes environmental states as spike timings and decodes control actions

through the timing of output spikes. Successfully solving the Cart-Pole benchmark

task, the approach demonstrates a step toward real-time agent learning in

continuous-time environments, paving the way for neuromorphic systems powered

by memristive synapses.

In another study (14) SNNs are leveraged to achieve energy-efficient DeepRL for

real-time obstacle avoidance in Unmanned Aerial Vehicles (UAVs) using event-based

input from a Dynamic Vision Sensor (DVS). Unlike hybrid SNN implementations

that rely on indirect training, this study directly trains SNNs, improving
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performance and efficiency through an adapted Spatio-Temporal Backpropagation

(STBP) algorithm tailored for RL tasks. Using a photorealistic simulation pipeline

in AirSim, the SNN is benchmarked against a state-of-the-art Convolutional Neural

Network (CNN) designed for the same obstacle avoidance task. The trained

networks are also optimized for deployment on advanced neuromorphic hardware,

with three embedded SNN versions evaluated for latency and throughput.

Experimental results demonstrate that the SNN achieves superior obstacle avoidance

performance while consuming six times less energy than the CNN. Additionally, the

study provides a detailed analysis of SNN hardware implementations, highlighting

their energy efficiency and spiking activity, positioning SNNs as a robust and

power-efficient alternative for embedded AI applications in robotics.

The fully spiking actor network with intralayer connections (ILC-SAN) (16)

advances the integration of SNNs with DeepRL to enable energy-efficient AI for

real-world control tasks requiring multidimensional deterministic policies. While

recent surrogate gradient methods have enabled SNNs to achieve performance on

par with deep networks, most existing spike-based DeepRL methods use firing rates

to represent actions, converting them into continuous action spaces through fully

connected (FC) layers. However, this approach relies on floating-point matrix

operations, hindering deployment on neuromorphic hardware. To address this, the

study proposes a fully spiking actor network (SAN) that eliminates floating-point

operations by using the membrane voltage of nonspiking neurons to represent

actions. Inspired by biological systems, multiple population neurons are introduced

to decode different action dimensions, with intralayer connections enhancing spatial

and temporal representation capacities. This design, termed ILC-SAN, mimics

mechanisms observed in animal neural networks and significantly boosts

representation efficiency. Experimental evaluations on OpenAI Gym tasks show

that ILC-SAN outperforms state-of-the-art methods in continuous control tasks.

The brain Q-network (BrainQN) (17) introduces , a spiking neural network

(SNN)-based approach designed to address the limitations of low robustness and
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high power consumption in DeepRL. By replacing traditional neurons in the classic

DQN algorithm with biologically inspired SNN neurons, BrainQN leverages the

energy efficiency and robustness inherent to third-generation neural networks. It

utilizes both surrogate gradient learning (SGL) and ANN-to-SNN conversion

methods for training. Robustness evaluations reveal BrainQN’s superiority under

noisy conditions, achieving 82.14% higher rewards in low-noise scenarios and 71.74%

in high-noise scenarios compared to DQN. Notably, SGL-trained BrainQN exhibits

greater robustness than ANN-to-SNN conversion, attributed to differences in

network output correlations and training methodologies. BrainQN’s effectiveness is

further demonstrated by its successful transition from a simulated Pong environment

to a real-world ball-catching robot equipped with dynamic vision sensors (DVS). On

the neuromorphic chip PAICORE, BrainQN showcases significant improvements in

latency and power efficiency compared to Jetson Xavier NX.

2.4 Contribution of SpikeRL to Energy-Efficient AI

Systems

The reviewed works demonstrate various strategies employed to reduce the energy

demands of AI systems, which is crucial for sustainable development and

deployment, especially in resource-limited environments like mobile robotics.

Building on these foundations, the SpikeRL framework incorporates the

energy-efficient features of SNNs with the robust learning capabilities of DeepRL.

By integrating MPI and NCCL for scalable distributed training and employing

mixed precision techniques, SpikeRL aims to set new benchmarks for energy

efficiency without sacrificing performance.
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2.4.1 Distributed Training with MPI and NCCL

MPI (19) is a standardized library interface specification designed to support

message-passing parallel programming models. In MPI, data is transferred from the

address space of one process to another through cooperative operations, facilitating

efficient communication in distributed memory systems. MPI extends the classical

message-passing model by including features like collective operations,

remote-memory access, dynamic process creation, and parallel I/O. Importantly,

MPI is a specification rather than an implementation, meaning multiple

implementations exist that adhere to this standard. It is not a programming

language; instead, MPI operations are expressed as functions, subroutines, or

methods, with standard language bindings provided for C and Fortran. Developed

through a collaborative effort among parallel computing vendors, computer

scientists, and application developers, MPI aims to establish a practical, portable,

efficient, and flexible standard for writing message-passing programs. Key goals of

MPI include designing an application programming interface that allows for efficient

communication—minimizing memory copying and enabling overlap of computation

and communication as well as supporting heterogeneous computing environments.

The interface assumes a reliable communication subsystem, freeing the user from

handling communication failures, and is designed to be thread-safe and

language-independent. By providing a clear set of routines that can be efficiently

implemented and potentially supported by hardware, MPI enhances scalability and

portability across various vendor platforms without necessitating significant changes

to underlying communication and system software.

NCCL (pronounced "Nickel") (20) is a library developed to accelerate inter-GPU

communication by providing topology-aware collective communication and

point-to-point send/receive primitives. It focuses on efficient communication by

implementing operations like AllReduce, Broadcast, Reduce, AllGather, and

ReduceScatter within single kernels that handle both computation and
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communication tasks. This approach enables fast synchronization and optimal

bandwidth utilization across multiple GPUs, both within and across nodes. NCCL

supports various interconnect technologies such as PCIe, NVLINK, InfiniBand

Verbs, and IP sockets, and is compatible with different multi-GPU parallelization

models, including single-threaded, multi-threaded, and multi-process configurations.

By offering a simple C API that aligns closely with the MPI collectives API and

integrating seamlessly with the CUDA programming model through a "stream"

argument, NCCL simplifies development and eliminates the need for

machine-specific optimizations. It is particularly beneficial in deep learning

frameworks for tasks like neural network training, where efficient AllReduce

operations are crucial.

2.4.2 Mixed Precision

The approach of mixed precision training, elaborated by (21; 2; 3), represents a

crucial strategy in reducing computational demands and enhancing the speed of

operations. By employing a half-precision floating-point format (FP16) alongside a

single-precision floating-point format (FP32), this technique significantly reduces

memory bandwidth requirements and accelerates computations, particularly on

platforms equipped with NVIDIA Tensor Cores (3). This approach not only

conserves energy but also maintains model accuracy through strategic loss-scaling

and precision management (3).

SpikeRL directly addresses the dual challenges of scalability and efficiency

highlighted in previous studies by utilizing distributed training and mixed-precision

training, making it a valuable contribution towards the advancement of sustainable

AI.
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Chapter 3

Methodology

This chapter outlines the detailed methodology employed in the development of the

SpikeRL framework, which integrates SNNs with DeepRL to create an

energy-efficient approach to AI computing. The framework, first introduced in (1),

consists of three main components: DeepRL based SNN with population encoding,

distributed training with MPI and NCCL, and optimization through

mixed-precision training. Each component is designed to enhance the efficiency and

scalability of the model, crucial for sustainable AI development.

3.1 SpikeRL Framework Architecure

The SpikeRL system architecture is illustrated in Figure 3.1. The SpikeRL

framework consists of three major components. First, a DeepRL-based SNN model

utilizing population encoding and decoding. Second, distributed training with both

MPI and NCCL backends is implemented through the PyTorch Distributed package.

Lastly, further optimization for model training is achieved by using mixed-precision

training with BFLOAT16 data type for parameter updates.
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Figure 3.1: System architecture of the SpikeRL framework.
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3.1.1 Population Encoding and Decoding

The SpikeRL framework employs population encoding and decoding strategies to

transform continuous observations into spike trains suitable for the SNN and to map

spiking network outputs back to continuous actions, respectively. This approach

captures the temporal dynamics of spiking neurons and leverages their ability to

process information in a manner akin to biological neural systems. Population

encoding in SpikeRL converts continuous observations from the environment into

spike trains that can be processed by the SNN actor network. This encoding

involves several steps:

Gaussian Receptive Field Encoding

Each dimension of the observation vector o ∈ Rnobs is represented by a population of

neurons, each with a Gaussian receptive field. The activation ai of the i-th neuron

for a given observation o is computed using a Gaussian function:

pop_acti(o) = exp

(
−1

2
× (o− µi)

2

σ2
i

)
(3.1)

Where, µi is the preferred stimulus (mean) of the i-th neuron. σi is the standard

deviation (width) of the Gaussian receptive field for the i-th neuron. pop_acti(o)

gives the continuous activation level of the i-th neuron, representing how strongly

this neuron responds to the observation vector o. The resulting activation values

pop_act lie within the range [0, 1] and form a population code representing the

observation space.

Spike Generation

Based on these activation values, each neuron’s output spike behavior is determined.

SpikeRL provides two types of encoders for generating spikes from activation levels:

I) Regular Encoder and II) Poisson Encoder.
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I) Regular Encoder: Uses a deterministic approach where membrane potential Vt

accumulates activation over timesteps. At each timestep t, the membrane potential

Vt is updated, and a spike St is generated if the membrane potential exceeds a

threshold Vth as show in the following equations.

Vt = Vt−1 + pop_act (3.2)

St =

1 if Vt ≥ Vth

0 otherwise
(3.3)

Vt = Vt − St × Vth (3.4)

Here, the membrane potential integrates the input activation, and a spike is emitted

whenever Vt crosses the threshold, after which the voltage is reset.

II) Poisson Encoder: Generates spikes probabilistically at each timestep based on

the neuron’s activation value p = pop_act. Spike generation follows a Bernoulli

process shown in the following equation.

St ∼ Bernoulli(p) (3.5)

The probability of spiking at each timestep t is equal to the neuron’s activation

value p. This introduces stochasticity in the spike generation, aligning with the

probabilistic nature of neuronal firing observed in biological systems.

Population Code Output

Both encoders output spike trains Senc ∈ {0, 1}nbatch×nenc×Ts , where, nbatch is the

batch size, nenc is the total number of encoder neurons (observation dimensions

multiplied by population dimensions), Ts is the number of spike timesteps. These

spike trains provide a temporal, distributed representation of the observations to the

SNN actor network.
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Population Decoding

After the SNN actor network processes the encoded spike trains, it produces spike

activities corresponding to action values. The population decoding phase converts

these spike activities into continuous actions that can be executed in the

environment. The SNN’s output layer consists of neurons representing each action

dimension. Over multiple timesteps, these neurons generate spike trains. The

output spike activities Sout for each action dimension are integrated or averaged

over the simulation period as denoted by the following equation.

out_pop_act =
1

Ts

Ts∑
t=1

Sout,t (3.6)

Where, Sout,t is the spike output of the SNN’s output layer at timestep t, Ts is the

number of timesteps.

The decoded output out_pop_act represents the firing rates or accumulated spike

activities of each neuron in the output population. The decoder layer maps these

activities to continuous action values with the following steps.

I) Convolutional or Linear Transformation: The decoder layer (e.g., a 1D

convolutional layer for group-wise operation) transforms spike activities into raw

action values.

raw_act = Wdec × out_pop_act + bdec (3.7)

where Wdec and bdec are the decoder’s weights and biases.

II) Non-Linear Activation: An activation function (e.g., the hyperbolic tangent,

tanh) is applied to ensure that actions remain within valid ranges.

Actions = act_limit · tanh(raw_act) (3.8)

Here, act_limit scales the output to match the environment’s action bounds and

tanh(·) ensures the action values lie between −1 and 1 if act_limit = 1. This results
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in a continuous action vector a ∈ Rnact , where nact is the dimension of the action

space. The final decoded continuous actions, computed from the SNN output spikes,

are used to interact with the environment as shown in the following equation.

a = act_limit · tanh

(
Decoder

(
1

Ts

Ts∑
t=1

Sout,t

))
(3.9)

Significance of Population coding in the SpikeRL Framework

The encoding and decoding processes allow the SNN to capture and exploit the

temporal aspects of information, essential for tasks with temporal dependencies (8).

Exploration vs. Exploitation: The Poisson encoder’s stochastic spiking can

enhance exploration in certain environments, while the regular encoder’s

deterministic approach can provide more stable inputs in others.

Biological Plausibility: Using population encoding and decoding draws

inspiration from how sensory and motor information is represented and processed in

biological neural systems, potentially leveraging these biological properties for

improved learning performance (8).

Integration with Twin Delayed Deep Deterministic Policy Gradient

(TD3) (37): By providing a spike-based representation of states and actions,

population encoding and decoding smoothly integrates with the TD3 algorithm’s

actor and critic networks, enabling an SNN-based policy representation and

evaluation.

In summary, the population encoding and decoding steps in the SpikeRL framework

transform continuous data between the environment and the spiking domain of the

SNN actor network. These transformations, illustrated through Equations 3.1 to

3.9, enable the SNN to receive meaningful spike-based inputs and produce

spike-based outputs that can be decoded into continuous actions, thereby bridging

the gap between spiking network computations and continuous control tasks in

reinforcement learning.
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3.1.2 DeepRL-SNN Integration

The SpikeRL framework integrates the SNN with a DeepRL algorithm, specifically

the TD3 algorithm. This integration involves two main steps. First, processing

encoded spike trains through the SNN actor network to compute continuous actions.

Second, integrating the SNN actor with the TD3 framework, which uses two critic

networks to evaluate actions and update both the actor and critics.

Processing Spike Trains Through the SNN Actor Network

After the continuous observations from the environment are encoded into spike

trains by the population encoder, these spike trains are fed into the SNN actor

network. The SNN actor processes these inputs over multiple timesteps and outputs

spiking activity that is then decoded into continuous actions.

The SNN actor network is composed of an input layer receiving spike trains from

the encoder, hidden layers of spiking neurons, and an output layer that produces

spike activities to represent action values. The hidden layers utilize the Leaky

Integrate-and-Fire (LIF) (38) model. At each timestep t ∈ {1, . . . , Ts}, the spike

trains Senc,t from the encoder are fed into the input layer. For each spiking neuron

in the SNN, the synaptic current It and membrane voltage Vt are updated.

It = αI · It−1 +W · Spre,t (3.10)

Vt = αV · Vt−1 · (1− St−1) + It (3.11)

Here, αI and αV are decay factors for current and voltage, W are the synaptic

weights, Spre,t are the spikes from pre-synaptic neurons at timestep t. A spike St is

generated if the membrane voltage Vt exceeds a threshold Vth as shown in

equation 3.4. The output spiking activity is accumulated over timesteps to represent

the neuron’s firing rate.

Sout,accum =
1

Ts

Ts∑
t=1

Sout,t (3.12)
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Here, Sout,t are the spikes from the output layer at timestep t. The averaged output

activity Sout,accum is used to represent the continuous action value. The SNN’s

output spiking activity for each action dimension is decoded into a continuous

action vector as described by equation 3.9 in population coding.

Integration with the TD3 Algorithm

The output actions from the actor network (SNN) are evaluated and updated using

the TD3 algorithm. TD3 addresses function approximation errors in the deep

deterministic policy gradient (DDPG) (39) by introducing clipped double

Q-learning, delayed policy updates, and target policy smoothing (37).

The TD3 algorithm maintains an actor network πθ (in SpikeRL, this is the SNN

actor) that selects actions based on states, two critic networks Qϕ1 and Qϕ2 (regular

Multilayer Perceptrons(MLPs) in SpikeRL) that estimate Q-values, target networks

πθtarg , Qϕ1,targ , and Qϕ2,targ for stable target calculations (37).

The SNN actor outputs continuous actions a after processing spike trains and

decoding them. These actions, along with the observations s, are fed into the critic

networks Qϕ1 and Qϕ2 to compute Q-values.

Qϕi
(s, a) = MLPϕi

([s, a]) (3.13)

where [s, a] denotes the concatenation of observation and action vectors. The actor

network (SNN) is updated using surrogate gradients as shown in the following

equation.

∇θJ = E
[
∇aQϕ1(s, a)|a=πθ(s)∇θπθ(s)

]
(3.14)

Since spiking neurons are non-differentiable, surrogate gradient methods are used to

approximate gradients of the spike activation function. In SpikeRL, once every d

iterations, the actor network is updated by maximizing the Q-value Qϕ1 .
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3.2 Distributed Training with MPI and NCCL

3.2.1 Custom MPI Implementation Using mpi4py

As shown in the previous work in (1), SpikeRL initially utilized the MPI interface

through mpi4py (40) to achieve scalability in the training process across multiple

computational nodes. In this implementation as shown in Figure 3.2, MPI is first set

up using MPI.COMM_WORLD, retrieving the total number of processes (size) and the

rank of each individual process (rank). Each process is assigned a unique random

seed that depends on its rank, ensuring diversity in experience sampling across

processes. Each MPI process is assigned to a specific GPU device based on its rank.

All processes initialize identical actor-critic models, and the model parameters are

synchronized across processes at the start using a custom sync_params function,

which broadcasts parameters from the root process to all others.

During training, each process interacts with its own instance of the environment,

collecting transitions independently. These experiences are stored in a shared replay

buffer in each process. For parameter updates, every process samples a batch of

experiences from its replay buffer and computes gradients locally. To ensure

consistent model updates across all processes, SpikeRL uses the Allreduce MPI

operation in the custom avg_grads function to average the computed gradients over

all processes. Each parameter’s gradient is summed across all processes and then

divided by the total number of processes, ensuring that the learning update is the

result of the combined experiences of all parallel environments. After gradient

averaging, each process applies the update to the model parameters, keeping models

synchronized. Also, processes periodically synchronize the target networks to

maintain consistent target parameters. Although this custom setup allowed

SpikeRL to harness parallel GPU resources and distributed training, the limitations

of this setup was load imbalance causing overhead of MPI communication as

discussed in (1).
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Figure 3.2: Distributed training with MPI using mpi4py.
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3.2.2 Final Implementation with MPI and NCCL

The limitations in the initial setup (1) motivated further exploration of distributed

training implementations. The final setup as illustrated in Figure 3.3, shows a more

efficient implementation of distributed training using the distributed package from

PyTorch.

In this setup, each process is initialized in a distributed setting with either the

NCCL or MPI backend (chosen by the user) and assigned to a specific GPU device

based on its local rank, ensuring parallelization of computation across multiple

GPUs. For the MPI backend support, PyTorch is compiled from source using the

OpenMPI installation. The actor-critic model and target networks are instantiated

within each process to maintain identical versions of the model. To parallelize

training, PyTorch’s DistributedDataParallel (DDP) wrapper is applied to these

models. The DDP wrapper synchronizes gradients across all processes using the

Allreduce collective operation, ensuring that after each backward pass, gradients are

averaged, and model parameters are updated consistently across all processes. Each

process independently interacts with its own copy of the environment, collecting

distinct experiences and storing them in its local replay buffer. During training

updates, each process samples a batch of data from its local buffer, performs

forward and backward passes, and DDP automatically handles the communication

of gradients between processes. Consequently, all processes contribute their gradient

updates, which are averaged and applied across all replicated models in sync. When

updating the target networks, each process computes the updates locally, and DDP

ensures that the model parameters remain synchronized across all processes after

each update. For evaluation, Allreduce is used to aggregate the test rewards from

each process. The root process calculates the mean reward and saves the model.

This distributed setup using PyTorch’s DDP framework optimally utilizes available

GPUs to accelerate training and avoids the limitations of the previous

implementation (1).
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Figure 3.3: Distributed training with MPI/NCCL backend using PyTorch
distributed package.
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3.3 Optimization with Mixed Precision

The final component of the SpikeRL framework is the optimization of the training

process through mixed-precision techniques implemented by using PyTorch’s

Automatic Mixed Precision (AMP) that utilize NVIDIA’s AMP toolkit (41) to

accelerate computations and reduce memory usage while maintaining training

stability. Specifically, SpikeRL implements AMP using the autocast context

manager and the GradScaler class.

Autocast Context Manager: During each training iteration, the forward and

backward passes for both the Q-network update and the actor network (Spiking

Actor-Critic) update, are enclosed within the autocast context. As shown in

Figure 3.4, the context manager automatically casts operations to a specified lower

precision (BFLOAT16 in this case) where it is beneficial, while keeping operations

that are more sensitive in full precision (FLOAT32). The matrix multiplication

operations of weights and inputs in the forward pass occur in BF16 for faster

computation, while loss computation occurs in FP32 to maintain stability. The

convolution operations in the backward pass again occurs in BF16, while weight

updates are done in FP32 to maintain accuracy.

GradScaler: The GradScaler function dynamically adjusts the scale of the loss to

prevent gradients from underflowing to zero when working with low precision

(BF16). As shown in Figure 3.4, after computing the forward passes and the losses,

the GradScaler is used to scale the loss values before the backward pass. This

scaling step ensures gradients remain in a good numerical range to prevent issues

like underflow that can occur with very small gradient values. Subsequently, the

GradScaler method is used to update the parameters, and the loss is descaled

before the updates. It also adjusts the scaling factor for the next iteration based on

whether gradients overflowed or not. This dynamic scaling ensures stable and

efficient training by adjusting the scale to an appropriate value in each iteration.
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Figure 3.4: Automatic mixed-precision training with BFLOAT16.
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3.4 Energy Measurements

The evaluation of energy efficiency in computational applications is multifaceted,

encompassing various methodologies that offer insights into the utilization of energy

resources by both the application and its underlying hardware.

3.4.1 Energy Measurement Tools and Their Comparison

As studied in (3), several tools are available for measuring the energy consumption

and carbon footprint of training AI models. This section provides an overview of

these tools.

• CodeCarbon (CC) (42): An embedded package that uses Intel’s Running

Average Power Limit (RAPL) (43) for CPU and NVIDIA’s Management

Library (NVML) (44) with pynvml for GPU energy measurements. It is

known for its accuracy in direct measurement scenarios but requires root

access for full functionality.

• Green-Algorithms (GA) (45): An online calculator and server-side tool

that estimates energy consumption based on the TDP values from a database

or manual input, suitable for quick assessments but may overestimate energy

use.

• Eco2AI (E2) (46): Uses CPU/GPU models to fetch TDP values and psutil

for memory usage measurements, offering flexibility with higher overhead.

• CarbonTracker (CT) (47): Supports real-time fetching of carbon intensity

data for specific regions, using RAPL and pynvml, best for applications where

regional carbon intensity data is crucial.

• Experiment-Impact-Tracker (EIT) (48): Provides detailed energy usage

factors using RAPL and nvidia-smi, suitable for detailed analysis but with

higher overhead.
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• MLCO2 (49): An online calculator that assumes maximum load for GPUs,

providing a simplified energy estimation approach.

• Cumulator (CMLTRs) (50): Measures energy for either CPU or GPU at a

time, with simple setup but limited detailed tracking.

After much testing, the tool utilized for the energy measurements of SpikeRL, is

CodeCarbon due its detailed reports on energy consumption and carbon emissions

of different hardware elements. The degrees of detail and accuracy in estimating

energy consumption and carbon emissions provided by CodeCarbon is crucial for

assessing the energy efficiency of the framework and its deployment in different

computational environments.

3.4.2 Metrics for Measuring Energy Efficiency

The quantification of energy consumption of a system typically involves measuring

the power (in watts) used by the different components of the system over time. The

most accurate method to measure energy involves recording the entire history of

power usage during the application’s runtime and computing the area under the

power-time curve (3). This approach is ideally implemented using tools like RAPL

and NVML. An alternative, more simplified calculation is given by the formula

in (3).

E = PUE ×
∑
e∈E

∑
d∈D

Pavg,d,eTe (3.15)

where PUE is the Power Usage Effectiveness, E represents different components, D

denotes different time intervals, Pavg,d,e is the average power consumed by

component e during interval d, and Te is the total active time for component e.

Additionally, to assess the environmental impact of an application, metrics such as

Power Usage Effectiveness (PUE) (51) and carbon dioxide equivalent (CO2)

emissions are considered. PUE, for instance, is a ratio that measures how efficiently
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a data center uses energy, specifically comparing total facility energy use to the

energy used by the IT equipment alone. A lower PUE indicates higher energy

efficiency “with the ideal value being 1 or 100% supplied power used by the

equipment and 0% wasted“.

Using the multiplication of total energy consumption and total execution time,

another useful energy metric is computed called the Energy Delay Product (EDP)

(EDP = Energy × Run-time). EDP provides a metric that balances both

performance (through delay) and energy consumption. Lower EDP values indicate a

more efficient system in terms of both speed and energy usage (3).

While the EDP is a widely used metric that considers both energy consumption and

run-time, it is not always adequate for evaluating software energy efficiency. This is

because EDP can yield the same value for optimizations that have significantly

different impacts on performance and energy consumption. For instance, one

optimization might drastically reduce execution time but increase power

consumption, while another might moderately improve both performance and

energy usage. Despite these differences, both could have the same EDP, making it

difficult to distinguish which optimization is more energy-efficient. This limitation

highlights the necessity for the Greenup metric (52), which assesses the ratio of

energy consumption before and after optimization (Greenup = Original Energy /

Optimized Energy). The Greenup energy efficiency metric is calculated as,

Greenup =
Speedup(Tϕ

To
)

Powerup( Po
Pϕ

)
(3.16)

where, Tϕ is optimized execution time, To is base execution time, Pϕ is optimized

powerup and Po is base powerup. This metric can be demonstrated by the

Greenup, Powerup (change in power consumption) and Speedup (performance

improvement) (GPS-UP) quadrant graph that shows four energy saving zones as

green zones with four red zones that waste energy (see the graph in (52)). When

used alongside Speedup and Powerup, Greenup provides a more nuanced
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understanding of how an optimization affects both energy efficiency and

performance. This trio of metrics allows for a comprehensive evaluation, effectively

categorizing optimizations based on whether they save energy, improve performance,

or do both, thus offering a clearer and more informative assessment than EDP

alone. The Greenup metric provides a more comprehensive insight into how the

energy efficiency is gained or how energy is being wasted by the application.
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Chapter 4

Results

This chapter presents the results for the SpikeRL framework, focusing on the impact

of the distributed training and mixed-precision training on the performance and

efficiency of reinforcement learning tasks. The results are compared with two

state-of-the-art methods, PopSAN and DSRL, which do not utilize distributed

training or mixed-precision techniques.

4.1 Experimental Setup

4.1.1 Cluster Configuration

For preliminary results presented in (1), the experiments were conducted on the

ISAAC-NG High Performance & Scientific Computing (HPSC) cluster (53), which is

equipped with Tesla V100S-PCIE-32GB (54) GPUs. Final performance and energy

efficiency benchmarks were conducted on the Guyot node of the Innovative

Computing Lab’s (ICL) cluster, equipped with 8 Nvidia A100 80GB GPUs.

4.1.2 Simulation Environment

Figure 4.1 shows the gymnasium (55) Mujoco (56) environments that were chosen

for the continuous control experiments. The environments are as follows:
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Figure 4.1: OpenAI gym environments from the MuJoCo physics simulator.
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Ant-v4: A 3D quadruped robot with 8 hinges. It can take actions in the

environment by applying torque to it’s 8 hinges. It has 105 observation space with

position, velocity, and mass values.

HalfCheetah-v4: A 2D robot with 6 hinges. It can take actions in the

environment by applying torque to it’s 6 hinges to move forward as fast as possible.

It has 17 observation space with position and velocity values.

Hopper-v4: A 2D one-legged robot with 3 hinges. It can take actions in the

environment to hop forward by applying torque to it’s 3 hinges. It has 11

observation space with position and velocity values.

Walker2D-v4: A 2D two-legged robot with 6 hinges. It can take actions in the

environment by applying torque to it’s 6 hinges to move forward. It has 17

observation space with position and velocity values.

These continuous control problems serve as standard benchmarks within the

reinforcement learning community.

4.1.3 Training Details

In preliminary experiments in (1), the SpikeRL model was trained on the

Walker2D-v4 environment for over 10 epochs with 10k steps, employing various

numbers of MPI processes (2, 4, 8, 16, and 32) to assess the scalability and

efficiency of the distributed training. These tests were not repeated after the

original publication because additional tests on Ant-v4, Hopper-v4, and

HalfCheetah-v4 environments were done for comparing SpikeRL with the

state-of-the-art SNN methods such as PopSAN and DSRL. These three

environments were common for the two baseline methods.
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4.2 Experimental Results

4.2.1 Preliminary Results

The preliminary results presented in the previous work (1), are also illustrated here

in Figure 4.2 and Figure 4.3. Figure 4.2 shows that an increase in MPI ranks leads

to improvements in both the highest and mean test rewards. This trend indicates

effective shared learning and scalability of the model across MPI processes.

Figure 4.3 illustrates that the SpikeRL model outperforms PopSAN and DeepRL

methods by almost 1k average rewards after 100k training steps. However, the

limitation of this initial implementation is load imbalance and MPI communication

overhead. With the increasing number of MPI ranks, specifically at 16 and 32

ranks, the communication overhead grew despite maintaining a fixed computational

load of 100k training steps (see details in (1)).

4.2.2 Final Performance Benchmarks

The final performance benchmarks are done with the SpikeRL version utilizing

PyTorch’s distributed package for distributed training with both MPI and NCCL.

Figures 4.4, 4.5, and 4.6 present the SpikeRL performance benchmarks across 5 runs

in the Ant, Hopper, and HalfCheetah environments, compared to the PopSAN and

DSRL methods. For Ant environment, SpikeRL achieves 3.14% higher mean reward

compared to PopSAN and achieves 65.62% higher mean reward compared to DSRL.

In the Hopper environment, SpikeRL achieves 2.01% higher mean reward compared

to PopSAN and achieves 98.26% higher mean reward compared to DSRL. For

HalfCheetah, SpikeRL achieves 1.51% higher mean reward compared to PopSAN

and achieves 70.91% higher mean reward compared to DSRL. Overall, SpikeRL

outperformed both PopSAN and DSRL in all three continuous control environments.
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Figure 4.2: Distributed training performance results of SpikeRL on Walker2d-v4
environment.

37



1 2 3 4 5 6 7 8 9 10
Training Steps [x 10k]

0

10

20

30

40

Av
er

ag
e 

Re
wa

rd
s [

x 
10

0] DeepRL
PopSAN
SpikeRL

Figure 4.3: SpikeRL performance benchmark of 100k training steps against PopSAN
and DeepRL methods on Walker2d-v4.
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Figure 4.4: Ant-v4 performance benchmark of SpikeRL over PopSAN and DSRL
(mean of 5 runs with shaded area as standard deviation).
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Figure 4.5: Hopper-v4 performance benchmark of SpikeRL over PopSAN and DSRL
(mean of 5 runs with shaded area as standard deviation).
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Figure 4.6: HalfCheetah-v4 performance benchmark of SpikeRL over PopSAN and
DSRL (mean of 5 runs with shaded area as standard deviation).
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4.2.3 Final Energy Efficiency Benchmarks Summary

The results of the energy efficiency benchmarks for SpikeRL (NCCL) and SpikeRL

(MPI) over PopSAN in the OpenAI Gym environments, Ant-v4, Hopper-v4, and

HalfCheetah-v4 are summarized in Tables 4.1, 4.2, and 4.3 respectively. Each

benchmark includes metrics for execution time, energy consumption, and average

power consumption, with further GPS-UP metric calculations for speedup, powerup,

and greenup ratios to compare the methods.

For the Ant-v4 environment, SpikeRL (NCCL) demonstrates a substantial

improvement over PopSAN, achieving a speedup of 1.99×. Though the powerup also

goes up to 1.53× suggesting more power consumption, the trade-off results in a

greenup of 1.30×. SpikeRL (MPI) also shows efficiency gains over PopSAN with a

speedup of 1.84×, a powerup of 1.49×, and a greenup of 1.24×. When comparing

SpikeRL (NCCL) to SpikeRL (MPI), the NCCL backend exhibits a modest

advantage with a speedup of 1.08× and a greenup of 1.05×. So, SpikeRL (NCCL)

was slightly more energy efficient than SpikeRL (MPI).

In the Hopper-v4 environment, SpikeRL (NCCL) improves over PopSAN with a

speedup of 1.30×. In this case, it also consumes less power than PopSAN with it’s

powerup being slightly below 1 at 0.93×. This combined efficiency results in a

higher greenup than the Ant-v4 environment with it’s value reaching at 1.39×.

SpikeRL (MPI) displays a slight edge in performance with a speedup of 1.37×, a

powerup of 0.97×, and a greenup of 1.41×. Comparing the two SpikeRL methods,

the MPI backend had a marginal energy efficiency gain over the NCCL backend.

For HalfCheetah-v4, SpikeRL (NCCL) demonstrates a speedup of 1.48×, a powerup

of 0.98× and a greenup of 1.52× over PopSAN. SpikeRL (MPI) shows similar gains

over PopSAN, with a speedup of 1.41×, powerup of 0.96×, and greenup of 1.47×.

Between the two SpikeRL models, NCCL is slightly more energy efficient in this

case, with a speedup of 1.05×, powerup of 1.01×, and greenup of 1.03×.
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Table 4.1: Energy efficiency benchmark for OpenAI gym Ant-v4

Metric PopSAN SpikeRL
(NCCL)

SpikeRL
(MPI)

Time (hours) 11.92 6.00 6.46

Energy Consumed (kWh) 18.70 14.40 15.11

Avg Power Consumption (kW) 1.57 2.40 2.34

GPS-UP Metric Calculations

Comparison Speedup Powerup Greenup

SpikeRL (NCCL) over PopSAN 1.99× 1.53× 1.30×

SpikeRL (MPI) over PopSAN 1.84× 1.49× 1.24×

SpikeRL (NCCL) over SpikeRL (MPI) 1.08× 1.03× 1.05×
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Table 4.2: Energy efficiency benchmark for OpenAI gym Hopper-v4

Metric PopSAN SpikeRL
(NCCL)

SpikeRL
(MPI)

Time (hours) 8.52 6.57 6.22

Energy Consumed (kWh) 18.93 13.63 13.45

Avg Power Consumption (kW) 2.22 2.07 2.16

GPS-UP Metric Calculations

Comparison Speedup Powerup Greenup

SpikeRL (NCCL) over PopSAN 1.30× 0.93× 1.39×

SpikeRL (MPI) over PopSAN 1.37× 0.97× 1.41×

SpikeRL (NCCL) over SpikeRL (MPI) 0.95× 0.96× 0.99×
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Table 4.3: Energy efficiency benchmark for OpenAI gym HalfCheetah-v4

Metric PopSAN SpikeRL
(NCCL)

SpikeRL
(MPI)

Time (hours) 9.09 6.14 6.43

Energy Consumed (kWh) 19.73 12.99 13.44

Avg Power Consumption (kW) 2.17 2.12 2.09

GPS-UP Metric Calculations

Comparison Speedup Powerup Greenup

SpikeRL (NCCL) over PopSAN 1.48× 0.98× 1.52×

SpikeRL (MPI) over PopSAN 1.41× 0.96× 1.47×

SpikeRL (NCCL) over SpikeRL (MPI) 1.05× 1.01× 1.03×
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4.2.4 Greenup And Carbon Footprint Analysis

The GPS-UP quadrant graphs visually represent the greenup metric with powerup

versus speedup across the three environments Ant-v4, Hopper-v4, and

HalfCheetah-v4. Figure 4.7 illustrates the Ant-v4 GPS-UP quadrant graph, where

SpikeRL (NCCL) and SpikeRL (MPI) are positioned in the green zone at the top

right quadrant indicating that the energy efficiency is largely being attributed to

their speedup over PopSAN rather than their powerup. In the case of Hopper-v4

GPS-UP quadrant graph in Figure 4.8, the greenup of both MPI and NCCL are in

the all green zone of bottom right quadrant. This zone signifies that the energy

efficiency in this case is a result of both speedup gain and from less power

consumption. Figure 4.9 shows the GPS-UP quadrant graph of HalfCheetah-v4,

where similarly to the Hopper-v4 environment, both SpikeRL models are in the all

green zone with an even higher greenup value indicating more energy efficiency over

PopSAN compared to the case of Ant-v4 and Hopper-v4 environments.

These energy efficiency gains are reflected in the carbon footprint analysis which

highlights the environmental benefits of using SpikeRL over PopSAN across these

environments. Figure 4.10 demonstrates carbon footprint analysis in the Ant-v4

environment where where SpikeRL reduces carbon emission by 23.5% compared to

PopSAN which is equivalent to 23.8% less weekly household emissions, 23.8% less

miles driven of a gasoline car, and 25% less tv hours watched. Figure 4.11 illustrates

Hopper-v4 carbon footprint, where the reductions of SpikeRL are slightly more

pronounced, with decreases around 28-29% for carbon and household emissions.

Carbon footprint for HalfCheetah-v4 in Figure 4.12 showcases the most significant

reductions, with a 34.8% decrease in carbon emission, 34.2% decrease in weekly

household emissions, 36.4% less miles driven, and a similar 25% TV hours watched.

These results illustrate the substantial environmental impact of using SpikeRL over

PopSAN.
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Figure 4.7: Greenup, powerup, and speedup (GPS-UP) quadrant graph for SpikeRL
(NCCL and MPI) over PopSAN in the Ant-v4 environment.
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Figure 4.8: Greenup, powerup, and speedup (GPS-UP) quadrant graph for SpikeRL
(NCCL and MPI) over PopSAN in the Hopper-v4 environment.
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Figure 4.9: Greenup, powerup, and speedup (GPS-UP) quadrant graph for SpikeRL
(NCCL and MPI) over PopSAN in the HalfCheetah-v4 environment.
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Figure 4.10: Ant-v4 carbon footprint analysis of SpikeRL over PopSAN.

50



Figure 4.11: Hopper-v4 carbon footprint analysis of SpikeRL over PopSAN.

51



Figure 4.12: HalfCheetah-v4 carbon footprint analysis of SpikeRL over PopSAN.
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4.3 Discussion and Analyses

The preliminary experimental results of SpikeRL demonstrated a scalability and

efficiency potential of SpikeRL as shown in (1), while the final benchmarks

presented in this thesis demonstrated a clear advantage in performance and a

superior advantage in energy efficiency over the compared methods.

In terms of performance benchmarks, the results presented demonstrate a significant

amount of performance boost over the DSRL model with an average of 78.23% more

performance. Comparison with the PopSAN method showed only a moderate

amount of performance improvement with an average of 2.22% improved

performance. This similarity in performance to PopSAN can be attributed to the

population encoding and decoding mechanism which is present in both SpikeRL and

PopSAN. Moreover, the performance benchmarks were done by comparing with the

best results published in the respective papers of the compared methods.

Hyper-parameter tuning was not performed to an extensive level for SpikeRL to

achieve the best results possible and was left for future work.

Although SpikeRL performed somewhat similarly to PopSAN in accumulating

rewards, energy efficiency benchmarks demonstrated a superior energy efficiency of

SpikeRL over PopSAN. With an average of 1.39x more energy efficiency than

PopSAN, SpikeRL managed to reduce the carbon emissions by up to 34.8%. The

benchmarks presented in this thesis highlight the energy efficiency and

environmental benefits of the SpikeRL framework, positioning it as an

energy-efficient solution that maintains scalability and performance while training

continuous control agents across various OpenAI Gym environments.
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Chapter 5

Conclusion

In this thesis, the SpikeRL framework is introduced, presenting a novel approach

that integrates SNNs with DeepRL to create a scalable and energy-efficient

alternative to solving complex continuous control problems. This research

contributes to the ongoing efforts in the field of sustainable AI by addressing two

critical challenges: the high energy consumption associated with large-scale or

complex AI models and the scalability limitations of SNNs in continuous control

problems.

The SpikeRL framework achieves its objectives through three core components: a

DeepRL-based SNN utilizing population encoding, distributed training facilitated by

the MPI and NCCL backend in PyTorch distributed package, and optimization via

mixed-precision training with BFLOAT16. Each of these components plays a vital

role in enhancing the overall performance and energy efficiency of the framework.

Preliminary experimental results (1) demonstrated that the SpikeRL framework

showed scalability potential compared to traditional DeepRL models and SNNs.

This distributed training approach using MPI shows a scalability of up to 8 MPI

ranks based on the speedup measurements. Although efficiency decreases for all

MPI ranks due to load imbalance and increased communication overhead, the

SpikeRL framework still maintains a competitive edge over PopSAN and traditional
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DeepRL with improved performance in average rewards. The limitations of this

preliminary implementation was addressed in this thesis.

The final performance benchmarks, compared the performance of the SpikeRL

framework with the state-of-the-art methods PopSAN and DSRL. In these

performance benchmarks, SpikeRL performed on average 40% better than the

baseline methods. Moreover, in the final energy-efficiency benchmarks, the SpikeRL

framework with both MPI and NCCL backend were compared with the PopSAN

method. Since, the PopSAN method demonstrated energy efficiency results

compared to other methods in their publication (8), SpikeRL was only compared

with PopSAN for the energy efficiency benchmarks. In this case, SpikeRL achieved

an average energy efficiency improvement of 39% compared to the state-of-the-art

PopSAN method, resulting in a corresponding 28% reduction in carbon emissions.

These results validate the efficacy of the mixed precision training techniques and

distributed learning strategies implemented within the framework.

The deployment of the SpikeRL model on neuromorphic hardware, specifically the

RISP (Reduced Instruction Spiking Processor) at TENNLab was a work in progress.

Even though the implementation works, the inference results were not satisfactory

to be published in the thesis. Hence, the tuning of this inference implementation

along with the hyper-parameter tuning of SpikeRL for maximum performance, is a

necessary future work. Additional future work entails performance and energy

efficiency benchmarks on more complex continuous control problems such as the

Humanoid environment in OpenAI gym. Lastly, the deployment of SpikeRL on a

neuromorphic hardware would further solidify the sustainability of the framework in

the domain.

In conclusion, the SpikeRL framework sets a new standard for performance and

sustainability in AI systems, particularly in scenarios requiring complex continuous

control. Ultimately, this research marks a significant step towards achieving scalable

and sustainable AI, aligning with global efforts to reduce the environmental impact

of the technology.
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Appendix

Appendix A

SpikeRL Code

The source code and additional supplementary material can be found at this

GitHub: https://github.com/icl-utk-edu/spike-rl
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