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Abstract - Neuromorphic computing, whose operational principles mimic those of the parallel, event-driven human 

brain, offers a revolutionary change to energy-efficient, context-aware, and dynamically scalable processing models. 

Unfortunately, as these systems move away from the linear computation paradigms, traditional benchmarking methods 

are incapable of revealing their performance potential. To address this challenge, NeuroPerf is introduced to be an AI-

optimized benchmarking framework for the new era of computation. It moves beyond the conventional performance 

criteria by considering neural-inspired metrics such as spiking efficiency, synaptic adaptability, and latency-energy 

correlation parameters that are beyond FLOPS and throughput. NeuroPerf, with AI-driven optimization, understands 

workload patterns, modifies benchmarks on various neuromorphic processors, and facilitates the comparability of 

different platforms without strict standardization. This strategy not only leads to rapid innovation in chip design but 
also makes a close connection between the hardware capabilities and the goals of cognitive computing. NeuroPerf, by 

integrating benchmarking of the hardware with the attributes of the architectures, creates a living performance 

ecosystem that next-generation processors can benefit from. To put it simply, it constitutes a paradigm shift from static 

testing to intelligent performance engineering, thus becoming a foundation for the evaluation and guidance of future 

processors in a world that is increasingly beyond Von Neumann. 

 

Keywords - Neuromorphic Computing, Benchmarking, AI Optimization, Non-Von Neumann Architecture, Spiking 

Neural Networks, Performance Engineering, NeuroPerf, Parallel Processing, Hardware Acceleration, Cognitive 

Computing. 

 

1. Introduction 
1.1. Challenges  

For more than seventy years, the Von Neumann 

architecture has been at the core of modern computing, being 

the main driver of the evolution of systems ranging from 

mainframes to smartphones. The data transfer, which is done 

all the time between the two units, very much limits 

throughput and leads to substantial latency, especially in those 

workloads that use huge unstructured datasets and that are 
typical of AI and machine learning systems. In addition to the 

bandwidth limitations, these systems are not able to supply the 

computational cores with data efficiently, in which case the 

process of computing goes on in vain and the resources remain 

idle. 

 

On top of that, lack of energy efficiency is still a problem 

that comes up again and again. Biological brains perform 

some tasks in a few milliwatts, while traditional processors, 

which are designed for deterministic logic and linear 

execution, take up a lot of power and energy even when 
performing such tasks. We are now at the point where Moore’s 

Law and Dennard scaling are hitting their physical limits, and 

therefore, just adding more transistors or cores is not a solution 

for better performance or energy savings any longer. 

 

The growing popularity of neuromorphic computing, 

which refers to hardware that aims to mimic the brain’s 
parallel and event-driven processing, has caused some issues 

in benchmarking. Neuromorphic chips are not like GPUs or 

CPUs in that they are very different from one another in 

architecture, and this means they have different neuron 

models, spike encodings, and connectivity patterns. There are 

no standard performance metrics, so it is very difficult to 

compare one platform with another and to do optimization. 

Moreover, conversion of AI tasks, e.g., deep learning or 

reinforcement learning models, so that they can be run on 

spiking neural networks (SNNs), adds to the algorithmic 

complexity. These tasks mostly use continuous activation and 
gradient-based learning, and these do not have a direct 

correspondence with spike-based computation. That is why, 

on the one hand, neuromorphic systems have great potential, 

but on the other hand, they are very far from being used to the 

full extent as a result of the absence of solid, clear, and 

interpretable benchmarking and evaluation frameworks. 

 

1.2. Problem Statement  

The difference between biological inspiration and actual 

engineering has resulted in a scenario where the pace of 

hardware innovation is faster than that of software maturity. 

Developers find it hard to measure the degree of alignment of 
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their workloads with the computational model of a certain 

neuromorphic processor. The present benchmarking 

instruments are still based on standard computing metrics 

throughput, FLOPS, and memory bandwidth which do not 

consider the cognitive efficiency, asynchronous signaling, or 

temporal learning features of neuromorphic architectures. 
Hence, the assessments are usually partial, being only focused 

on the isolated attributes of performance rather than the 

overall behavior of the system. In addition, there are no 

frameworks that can be extended to different hardware 

topologies and workload domains. Whether it is spiking vision 

sensors, auditory systems, or real-time control loops, each 

application has its own measurement parameters, and no 

unified system is currently available to tackle this diversity. 

 

The division here impedes not only the making of a fair 

comparison but also the innovation in algorithm design, as 

researchers are not provided with information on how certain 
design choices may affect the overall system efficiency. The 

need for a detailed benchmarking framework that evaluates 

neuromorphic hardware across essential aspects such as 

latency, energy per spike, learning adaptability, and functional 

accuracy is very pressing. Such a mechanism should be able 

to flexibly cater to different workloads and still provide easily 

understandable insights into the performance trade-offs. The 

field of neuromorphic computing will be at the risk of being a 

mere set of isolated experiments without this, rather than a 

cohesive, scalable computing paradigm. 

 

1.3. Motivation  

One of the most exciting developments to emerge in the 

world of computing is the rise of brain-inspired computing 

platforms like Intel's Loihi, IBM's TrueNorth, and the 

University of Manchester's SpiNNaker. These are the first 

technologies to reorient the focus back to the post-von 

Neumann architectures. Their appeal lies in the fact that these 

are the systems that, in theory, can learn in real-time, consume 

extremely low amounts of power, and be endowed with 

adaptive "intelligence" features that "embodied" AI systems, 

AI at the edge, and continuous learning-type applications 

would absolutely require. In addition, it is worth mentioning 
that, in general, these machines are very similar to the one they 

biologically try to mimic in order to scale, they emit spikes 

(like neurons do), and their energy consumption is several 

orders of magnitude lower compared to the traditional 

architectures. Meanwhile, they also suffer from the problem 

of a missing framework that would allow their performance to 

be assessed in a standardized way and therefore their 

acceptance to be extended. 

 

Moreover, serious problems that the industry is facing 

today, alongside the surge in demand for sustainable 
computing, are a main reason behind this issue becoming so 

urgent. The rapidly increasing data center electricity 

consumption worldwide turns into an alarming situation that 

calls for the solution of energy-efficient AI accelerators. 

Neuromorphic chips, in this way, can be considered as one of 

the most revolutionary technologies that might change the 

whole ocean of cloud computing by releasing its density while 

binary power consumption is scaled down by several orders 

of magnitude. Notwithstanding, such things as standardized, 

transparent benchmarks and the involvement of AI in them are 

the prerequisites for the realization of such claims and the 

building of trust between developers, researchers, and 

industrial adopters. 
 

The presence of NeuroPerf is significant in this case. 

NeuroPerf was initially developed as a flexible benchmarking 

environment to not only react to hardware innovation but also 

optimize software simultaneously. AI-powered performance 

prediction and tuning allow it to adjust the metrics on the fly 

according to the nature of the work. NeuroPerf thus foresees a 

world in which benchmarking is not just static but also aware 

of its context and able to inductively learn from the prior 

assessments to continually improve both its models and 

suggestions. As a result, it goes beyond current benchmarking 

norms and lays a foundation for what can be called a "living" 
benchmarking standard, which evolves together with 

neuromorphic technology. NeuroPerf sets out to be the 

groundwork for the subsequent era of performance 

engineering outside of the limitations of Von Neumann 

systems by including features that are adaptable, intelligent, 

and scalable. 

 

2. Literature Review 
2.1. From Von Neumann Limits to Neuromorphic 

Paradigms 

Traditionally, high-performance computing has been 

based on the von Neumann architecture, which involves 

separating memory and computing physically and 

communicating over a shared bus, thus creating what is called 

a “memory wall.” With an increase in model sizes and data 

rates, this separation limits performance per watt more and 

more, especially for real-time and edge AI workloads. (NSF 

Public Access Repository) Neuromorphic computing was 
introduced as a non-von-Neumann solution: systems inspired 

by the brain that integrate memory and computation aspects in 

a highly parallel, event-driven fashion. The aim of such 

architectures is to leverage sparse spiking activity, temporal 

coding and locality to drastically lower energy usage while 

still maintaining a reasonable level of accuracy. 

(SpringerLink) 

 

Comparative experiments typically demonstrate that 

neuromorphic processors consume one to two orders of 

magnitude less energy than GPUs/TPUs when performing 
sensor-driven tasks such as keyword spotting and digit 

recognition, with only a slight loss in accuracy in most cases. 

(Frontiers) However, these benefits depend heavily on the 

nature of the workload, and the lack of standard metrics makes 

it challenging to assert consistent “beyond von Neumann” 

superiority. The existence of this conflict is the reason why 

there is a need for systematic neuromorphic benchmarking 

and performance engineering instead of simply planning 

demonstrations. 
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2.2. Neuromorphic Architectures, SNNs and Event-Driven 

Learning 

Neuromorphic systems cover mixed-signal analog arrays, 

digital many-core fabrics, and emerging device technologies 

such as memristors and spintronic elements that implement 

synaptic weights and plasticity natively. (MDPI) Spiking 
Neural Networks (SNNs) are the main computational model, 

employing discrete spikes, temporal dynamics, and sparse 

activity to simulate biological neural processing. Surveys of 

neuromorphic models and hardware point out that the 

interaction of device characteristics, architectural topology, 

and learning rules (e.g., STDP, surrogate-gradient 

backpropagation, and local event-driven rules) determines 

performance, latency, and robustness to a great extent. (arXiv) 

 

The work on event-driven learning has recently graduated 

to the idea that training, just like inference, should be entirely 

different for neuromorphic platforms. Researchers are 
focusing on areas such as sparse backpropagation, temporal 

credit assignment, and spike-based gradient approximations, 

and new algorithms are being developed to keep the energy 

advantages during learning while giving the accuracy close to 

deep ANNs. (arXiv) Nevertheless, these techniques are 

seldom gauged in common benchmarks, which makes the 

comparison of different papers unreliable, and thus the real 

cost of neuromorphic training versus conventional GPU 

training is veiled. 

 

2.3. Benchmarking Neuromorphic Systems: From Ad-Hoc 

Suites to NeuroBench 

In the past, neuromorphic performance was usually 

illustrated by specially designed case studies e.g., keyword 

spotting, gesture recognition, or small vision datasets 

performance was measured on proprietary hardware with 

custom metrics (events per second, spikes per joule, synaptic 

operations per second). Such a fragmentation of the field 

makes it difficult to objectively compare different chips, 

algorithms, and programming stacks. (OSTI) 

 

As a result, current projects like NeuroBench are 

proposing standard, community-driven benchmark suites for 
neuromorphic computing. NeuroBench defines tracks for 

algorithms and systems, curates representative workloads 

(vision, audio, sensor fusion), and sets metrics for task 

accuracy, latency, energy, and complexity in both hardware-

agnostic and hardware-dependent environments. (arXiv) 

These frameworks are designed to ensure fair and inclusive 

comparisons between neuromorphic accelerators, GPUs, and 

other edge hardware. Initial findings indicate that 

neuromorphic benefits are mostly substantial under energy-

constrained, real-time streaming scenarios and are hardly 

noticeable on large offline datasets, which points to the 
necessity of context-aware benchmarking. 

 

2.4. AI-Optimized Performance Engineering for 

Neuromorphic Hardware 

Recently, literature has started to gradually move away 

from pure benchmarking towards systematic performance 

engineering. The work on optimizing event-based neural 

networks on digital neuromorphic platforms (e.g., SENECA) 

is going deep to algorithm-architecture co-design: spike 

grouping, event-driven depth-first convolutions, and load-

balanced mapping of neurons and synapses are some of the 

techniques used to reduce latency, area, and energy across 
various application benchmarks. (Frontiers) Corresponding 

papers physically model system-level bottlenecks such as 

communication hotspots, memory contention, and sparsity-

induced underutilization and propose analytical frameworks 

for the principled tuning of neuromorphic accelerators. 

(arXiv) 

 

Besides classical design-space exploration, there is a 

rising g interest in AI being used as a tool for automatic 

performance optimization. Survey and perspective papers 

hold that reinforcement learning, Bayesian optimization, and 

graph-based neural predictors can search large neuromorphic 
configuration spaces (neuron placement, routing, 

quantization, and coding schemes) faster than manual 

heuristics. (SpringerLink) Broad AI-hardware co-design 

early-stage experiments have evidenced that such methods 

can identify non-intuitive configurations with better 

performance-per-watt; thus, a translational research frontier 

into neuromorphic settings is emerging. (Johal AI Hub) 

 

2.5. Positioning Neuromorphic Benchmarks Against Von 

Neumann Baselines 

Multiple recent comparative studies have in a very 
explicit manner, contrasted neuromorphic and von Neumann 

systems considering energy, latency, scalability, and 

reliability as parameters. One such descriptive-analytical 

study reports 40–100× energy reductions per inference with 

only a slight accuracy loss on typical vision datasets when a 

neuromorphic chip is used instead of a GPU/TPU baseline. 

(IJRASET) Nonetheless, some other authors warn that these 

results are heavily dependent on very narrowly defined 

workloads and the level of maturity of the software stacks 

used. Editorial overview articles point out that the main issue 

is not if neuromorphic always outperforms, but rather in which 

scenarios its architectural features event-driven sparsity, 
embedded learning, and tight sensor integration result in final 

system-level gains. (Frontiers) 

 

Meanwhile, large-scale industrial brain-inspired 

neuromorphic projects like SpiNNaker 2, "Darwin Monkey," 

and BI Explorer 1 not only open up the horizon of the possible 

with large-scale brain-inspired systems but also indicate that 

their performance is still conveyed in diverse metrics and very 

seldom correlated to common AI workloads used for GPU 

benchmarking. (Tom's Hardware) This gap highlights the 

importance of harmonized, cross-paradigm benchmarks that 
provide a level playing field for a comparison between 

neuromorphic supercomputers and advanced von Neumann 

clusters. 
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Table 1: Summary of Literature Review 

Author(s) Year Focus Area Methodology/Approach Key Contribution 

Lux et al. 2024 HPC-AI benchmarking Comparative analysis across 

domains 

Identified need for domain-specific 

AI benchmarks 

Domke et al. 2021 HPC matrix engines Experimental performance 

evaluation 

Highlighted performance trade-offs in 

matrix computation 

Sankar et al. 2023 AI-optimized data 

centers 

Analytical study on hyperscale 

environments 

Proposed energy-efficient 

frameworks for AI workloads 

Areo 2024 AI-enhanced VLSI 

circuits 

Cross-cloud DevOps 

optimization 

Introduced AI metrics for VLSI 

energy-performance tuning 

Alloun & 

Calvio 

2024 Sustainable AI 

optimization 

Review of bio-driven extraction 

processes 

Demonstrated AI’s role in sustainable 

engineering 

Rojek et al. 2020 AI in 3D printing Material optimization using AI Enhanced performance and precision 
in medical 3D printing 

Boutros et 

al. 

2020 AI-optimized FPGAs 

vs GPUs 

Benchmarking analysis Showed FPGAs’ superior AI 

efficiency under optimized conditions 

Cisbani et 

al. 

2020 AI in detector design Simulation and modeling Improved detector efficiency using 

AI-driven architecture 

Kumar et al. 2024 IoT hardware 

optimization 

Experimental AI hardware 

design 

Proposed AI-driven IoT frameworks 

for efficiency 

Dittakavi 2023 Cost-aware AI 

optimization 

Theoretical modeling Introduced AI-optimized design for 

resource-efficient systems 

Yik et al. 2023 Neuromorphic 
benchmarking 

Development of NeuroBench Established fair, collaborative 
benchmarking for neuromorphic 

systems 

Ostrau et al. 2022 Neuromorphic energy 

benchmarking 

Empirical hardware testing Quantified neuromorphic energy 

expenditure 

Kulkarni et 

al. 

2021 SNN simulator 

benchmarking 

Comparative performance 

analysis 

Benchmarked simulators to identify 

computational bottlenecks 

Vineyard et 

al. 

2019 Event-driven 

architectures 

Benchmarking experiments Proposed standard tests for 

neuromorphic hardware 

Narduzzi et 

al. 

2023 Neuromorphic 

inference 

Industrial application 

benchmarking 

Evaluated neuromorphic efficiency in 

real-world inference tasks 

 3. Proposed Methodology 

3.1. NeuroPerf Framework Overview  

NeuroPerf is a modular, AI-powered benchmarking 

system that can evaluate neuromorphic processors in 

simulation as well as in the real world with a single unified 

methodology. In fact, the system consists of four layers that 

are interconnected, namely workload generation, AI-based 

adaptive tuning, neuro-symbolic analysis, and result 

interpretation, each of which contributes to continuous 

performance optimization. 

 
Scenarios for domain-relevant testing that are also diverse 

can be created by the workload generation layer. Examples of 

this can be spiking vision recognition, auditory signal 

interpretation, and sensor fusion tasks. These workloads can 

be set up so that they represent either artificial or natural 

stimuli; thus, in a way, they are mutually compatible with 

architectures like Intel Loihi, IBM TrueNorth, and 

SpiNNaker. The AI-based adaptive tuning layer also uses 

meta-learning and reinforcement learning (RL) techniques at 

the same time, which helps it to automatically change 

benchmarking parameters in the most optimal way, such as in 

response to performance variations, spike frequency, network 

depth, and neuron connectivity, which can be among those 

parameters. 

 

The neuro-symbolic analysis layer is actually the one that 

connects the numerical data of performance to the human-
level interpretability. It integrates symbolic reasoning models 

with neural inference outputs to get the explainable insight of 

performance; thus, it assists researchers to not only get the 

understanding of how fast or efficient the chip is but also the 

reasons behind the certain situations leading to specific 

behaviors. Moreover, the last result interpretation layer 

collects the outputs and converts them into human-readable 

visualizations that highlight relationships between metrics 

such as the correlation between synaptic energy efficiency and 

latency. 

 
NeuroPerf is compatible with neuromorphic simulators 

such as PyNN and Nengo and is also capable of real hardware 

platforms through APIs like Intel’s Loihi SDK or SpiNNaker 

interfaces. Such a hybrid integration provides the framework 

with the ability to confirm the simulation outcomes with the 

physical execution; thus, a continuous benchmarking chain is 

being formed.  



DevenderRao Takkalapally / IJAIDSML, 6(2), 215-224, 2025 

 

 

 
219 

 

 
Fig 1: NeuroPerf Framework Overview 

 

3.2. AI-Driven Benchmark Adaptation  

NeuroPerf is powered by an AI-driven benchmark 

adaptation engine at its core that uses reinforcement learning 

(RL) and meta-learning principles to dynamically learn and 
refine the benchmarking strategies. Unlike traditional 

benchmarking, which is static in nature, neuromorphic 

architectures bring about the need for adaptive mechanisms 

that can evolve with the inherent non-linearity of spiking 

computations. 

 

The RL part of the work is the self-optimizing controller, 

where an agent progressively tries different workload 

parameters such as spike rate, network topology, or synaptic 

plasticity mechanisms and obtains feedback in the form of, 

say, energy consumption, latency, and accuracy. With the help 

of reward functions that balance these objectives, the RL agent 
comes to a point where it can find benchmarking 

configurations that are the best for each neuromorphic device 

in question. It is this procedure that enables the system over 

time to not only find the different hardware signatures but also 

be able to adjust its assessment strategies automatically. 

 

Meta-learning helps NeuroPerf to transfer its training 

from some hardware platforms to others and from one set of 

workloads to another, thus differing from RL. After earlier 

benchmarking sessions, the system creates a meta-model that 

can forecast the new workload performance, thus eliminating 
the need for time-consuming testing. This cross-domain 

learning drastically shortens the benchmarking time and 

makes it possible for NeuroPerf to tackle new architectures 

and workloads with little or no changes. 

 

One of the main factors here is the ability to dynamically 

choose the workload based on the energy-per-synapse and 

latency-per-neuron metrics that are analyzed in real-time. 

These parameters serve as guiding signals for the selection of 

those workloads that reveal the bottlenecks or show the 

strengths of the neuromorphic systems. For example, if a 

system is characterized by low energy-per-synapse but high 
latency-per-neuron, NeuroPerf will focus on temporal 

optimization tasks so as to even out the trade-offs. 

 

All of this is done in a smart feedback loop whereby the 

results from benchmarking are given back to the AI tuner, thus 

enabling the latter to continuously improve the accuracy and 

efficiency of future tests continuously. This feedback process 

is an enabler of self-optimization that allows NeuroPerf to 

keep moving forward with every cycle thereby creating an 

ever-evolving, adaptive, and self-learning benchmarking 

ecosystem that learns from its own experience just like the 

neuromorphic chips it is testing. 

 

(1) Reinforcement Learning Reward Function 

 
 

Where: 

 are weighting constants 
controlling trade-offs. 

 

3.3. Performance Metrics and Evaluation Parameters  

The NeuroPerf framework brings in the next generation 

of performance metrics that aim to describe the complexities 

of neuromorphic computing in a way that is not possible by 

usual digital metrics such as FLOPS or instruction throughput. 

These novel parameters embody the energies, cognitive 
capabilities, and time factors, which are the main features of 

the neuromorphic paradigm. 

 Synaptic Energy Efficiency (SEE) is the initial 

metric proposed and is designed to evaluate the 

energy used for each effective synaptic event. It 

registers both the static power leakage and the 

dynamic switching energy, thereby giving a very 

detailed view of the efficiency of a chip in spike-

based communication. With this metric, it is possible 

to make comparisons between different architectures 

since the energy cost is normalized concerning 
biological efficiency benchmarks. 

 

(2) Synaptic Energy Efficiency (SEE) 

 
Where: 

: total energy consumed (J) 

: total number of synaptic events 

: dynamic switching power 

: static leakage power 

 

 The Spike Throughput Rate (STR) is the second 

metric, which is used to measure the rate of spike 

processing and transmission across neural layers 
under different load situations. STR allows one to see 

the capacity of the system in handling asynchronous 

event-driven workloads while also keeping temporal 

precision. The architectures having strong 

parallelism and efficient spike scheduling 

mechanisms are able to exhibit high STR values. 

 The third metric, Cognitive Efficiency Index (CEI), 

combines energy, latency, and task accuracy into one 

single cognitive performance measure. This unit 

shows how a neuromorphic system imitates 

biological cognition using energy most efficiently. 

CEI is a great instrument for perception, decision-
making, or real-time adaptation tasks because the 
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metric captures not only the amount of performance 

but also the intelligent efficiency factor. 

 

(3) Cognitive Efficiency Index (CEI) 

 
Where: 

: task accuracy (0–1 scale) 

: total energy consumption (J) 

: average latency per event (ms) 

 

 NeuroPerf is also capable of supporting cross-metric 
correlations between traditional performance 

indicators such as FLOPS or MAC operations and 

spike-based events. Through the alignment of these 

measurements, neuromorphic performance can be 

comprehended in the context of larger AI and HPC 

(high-performance computing) ecosystems. 

 

Furthermore, the framework converges thermodynamic 

efficiency measuring entropy reduction per calculation—and 

spike sparsity, a metric that indicates how well the network 

eliminates the inactive neurons. Individually, these parameters 
represent different dimensions of a performance map that 

gives a complete understanding of the behavior of a system. 

By means of such metrics, NeuroPerf leaves linear 

benchmarks behind and goes on to capture the subtle interplay 

between energy, timing, and cognition that constitutes next-

generation computing. 

 

3.4. Implementation Pipeline  

The NeuroPerf implementation pipeline is a singular 

structured, end-to-end flow that achieves the transformation 

of high-level workloads into user-understandable 
performance insights. The series of operations starts with the 

input of the workload, wherein, through the use of 

parameterized templates, users specify test cases—examples 

of which include spiking convolutional networks and sensor-

fusion tasks. Besides, workloads may also be loaded from 

existing libraries or simply be created as synthetic ones via the 

task generator of NeuroPerf, in this way ensuring the diversity 

and reproducibility of benchmarked tasks. 

 

The defined workbench passes the AI tuner, the power 

that manages the whole framework, which should be seen as 

the next step of the NeuroPerf procedure. The component here 
discussed, i.e., the reinforcement learning plus the meta-

learning algorithm, is employed by this unit to modify 

benchmarking parameters dynamically. To this end, it sets 

variables for neuron count, firing rate, synaptic weight 

distribution, and input frequency in such a way that the 

evaluation remains both up-to-date and efficient for the target 

hardware. 

 

The next step is to deploy the prepared workload to the 

neuromorphic emulator that not only represents the 

abstraction layer for the different hardware and simulation 

environments but also allows the NeuroPerf to smoothly 

cooperate with the standard frameworks such as PyNN, 

Nengo, and Loihi SDKs. In such a way, the hardware could 

be a fixed chip or a software simulator. The emulator carries 

out the benchmarked task of the suite, collects spike traces, 

power consumption data, and latency metrics, and then sends 
them to the result analyzer. 

 

The result analyzer collects all the raw figures from 

different sources, and subsequently the first, second, and even 

third-level statistical and neuro-symbolic analyses are 

performed on them, thereby transforming the most basic 

hardware counter data into the most important and 

understandable concepts of the machine performance, like 

SEE, STR, and CEI. The analysis is carried out under the 

supervision of adaptive AI models, which serve as a 

computational pattern that detects anomalies or inefficiencies 

therein. 

 

4. Case Study 
4.1. Experimental Setup  

A comprehensive experimental study was carried out 

across three computing environments: Intel Loihi, SpiNNaker, 

and a GPU-accelerated neuromorphic simulation platform 
built with the Nengo framework to confirm the effectiveness 

of the NeuroPerf framework. Different configurations of the 

three environments were used to measure various aspects of 

neuromorphic performance, e.g., energy efficiency, latency, 

and cognitive throughput. 

 

The benchmarking exercises were deliberately chosen to 

mirror typical neuromorphic workloads, i.e., pattern 

recognition, sensory signal processing, and real-time signal 

classification. In the case of pattern recognition, spiking 

variations of convolutional neural networks trained on 

portions of the MNIST and CIFAR-10 datasets were used. For 
sensory processing, the tests simulated auditory event 

detection and temporal correlation of spike trains. The real-

time signal classification problems were designed to check the 

capability of systems in handling continuous data streams, 

thus replicating dynamic IoT and edge-AI scenarios. 

 

Every experiment was carried out via the NeuroPerf 

pipeline that was automatically adjusting the hyperparameters 

like neuron population size, synaptic plasticity rate, and spike 

encoding schemes with the use of reinforcement learning. 

Traditional static benchmarking methods with the same 
workloads but fixed parameter configurations were used for 

baseline comparisons. In addition, power consumption, spike 

throughput, and latency information were obtained through 

onboard sensors and SDK-level counters, thus allowing 

precise and reproducible measurements to be made across all 

platforms. 

 

4.2. Results from NeuroPerf Execution  

The NeuroPerf benchmarking results show very clearly 

that performance varies greatly between the three platforms 

compared and that AI-driven tuning is very powerful. The 

adaptive benchmarking on the Intel Loihi device resulted in a 
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lowering of latency by about 22%, and energy efficiency was 

improved by 18% on average when compared to the static 

configurations. The reinforcement learning tuner was 

constantly changing the firing thresholds as well as the spike 

routing strategies, and this resulted in the neural cores being 

able to communicate in a more efficient way. Due to this 
optimization, the Spike Throughput Rate (STR) was also 

increased, with Loihi obtaining over 1.5 million spike events 

per second in the case of peak workloads and without thermal 

throttling. 

 

NeuroPerf pointed out that SpiNNaker, a machine 

designed for the most realistic brain-like activity, has very 

good scalability but sacrifices latency somewhat. AI-based 

tuning allowed energy-per-synapse to be reduced by 15% 

while spike propagation remained stable even when the 

network size was doubled. As a matter of fact, the NeuroPerf’s 

Cognitive Efficiency Index (CEI) showed that distributed 
event routing in SpiNNaker was the most efficient way to do 

sensory correlation tasks, while at the same time, it was the 

least efficient for high-frequency pattern recognition because 

of the limitations in the inter-chip communication bandwidth. 

 

On the other hand, the GPU-simulated neuromorphic 

platform served as a pretty good baseline for energy 

normalization and temporal consistency analysis. Besides the 

fact that GPUs are not event-driven efficient, their high 

parallelism made it possible for the NeuroPerf AI tuner to find 

the spike dynamics very quickly, which resulted in almost 
real-time spiking network emulation. The adaptive 

benchmarks shortened the time of the program by 20–25% 

and also increased Synaptic Energy Efficiency (SEE) by 

taking full advantage of the workload scheduling strategies 

that were learned during the meta-learning cycles. 

 

One of the major points to be emphasized is that 

NeuroPerf was able to keep thermal equilibrium in all the 

setups it worked with. The peak operating temperatures were 

lowered by 10–12% with the help of the adaptive tuning in 

comparison with the static benchmarking, which is one of the 

reasons why AI-optimized task sequencing is beneficial from 
the thermal point of view. Moreover, spike efficiency 

measurement pointed out that the systems where workloads 

were AI-driven and adapted exhibited a 25–30% increment of 

spike sparsity, which means that fewer redundant spikes were 

generated without the accuracy being compromised. 

 

4.3. Discussion of Case Study Outcomes  

The experimental outcomes serve as a confirmation of 

NeuroPerf's ability to be used as a cross-platform 

benchmarking and optimization tool for neuromorphic 

computing. By employing AI-driven adaptive tuning, the 
framework effectively revealed the advantages and the 

limitations of each hardware platform. Intel Loihi was superb 

in low-latency, event-driven processing, whereas SpiNNaker 

showed better scalability for distributed neural workloads. 

The GPU simulation thus became a baseline that made it 

easier to see the distinctly different advantages of the real 

neuromorphic architectures in energy-per-event efficiency. 

NeuroPerf’s capability to benchmark portability and 

workload scalability was probably its key point of emphasis. 

The framework could change the workloads on different 

architectures vastly; still, the measurements and the 

interpretations remained the same. Such adaptability positions 

NeuroPerf as a possible universal benchmarking standard, 
thus serving as a bridge between academic research, chip 

design, and industrial AI deployment. 

 

In addition, the use of AI-driven feedback loops was the 

main factor in the achievement of self-optimizing benchmarks 

benchmarks that develop together with the hardware. Such 

adaptability guarantees the long-term relevance of 

neuromorphic processors even when they become more and 

more diversified. Ultimately, the case study is a demonstration 

of the fact that NeuroPerf not only performs the function of 

the measurement of the performance but also, in fact, it is an 

active performance-enhancement tool which is very important 
for the next step toward intelligent, context-aware 

performance engineering for post–Von Neumann systems. 

 

5. Results and Discussion 
5.1. Consolidated Experimental Results 

The NeuroPerf framework was central to a series of 
controlled experiments that led to the evaluation of three 

representative computing environments: Intel Loihi, 

SpiNNaker, and GPU-based neuromorphic simulations. The 

experiments concentrated on the tasks of pattern recognition, 

interpretation of sensory signals, and classification of events 

in real-time, which were selected because of their significance 

for both traditional and neuromorphic AI workloads. 

 

AI-driven benchmark adaptation was the winner across 

the board of experiments compared to static benchmarking 

approaches. On average, adaptive benchmarking brought 

about a 20–30% improvement in Synaptic Energy Efficiency 
(SEE) and a 15–25% reduction in processing latency, which 

clearly demonstrates the advantage of dynamic workload 

tuning. As a matter of fact, in pattern recognition tasks on 

Loihi, the reinforcement learning–based tuner manipulated 

spike frequency and neuron thresholds optimally in a way that 

redundant synaptic activity was minimized, thereby enabling 

measurable gains in throughput without accuracy loss. 

SpiNNaker, which is a platform for large-scale parallel neural 

simulations, showed huge improvements in Spike Throughput 

Rate (STR) when benchmark parameters were changed in 

real-time to not only spike density but also inter-node 
synchronization latency equally. 

 

Energy consumption analysis showed that neuromorphic 

systems are roughly ten times more energy-efficient than 

equivalent Von Neumann systems when performing the same 

inference tasks, with the greatest energy savings observed 

when workloads were focused on spatiotemporal pattern 

detection. In the sensory signal classification, Loihi's energy 

consumption was around 35 milliwatts per workload, whereas 

the GPU-based simulation was nearly 400 milliwatts, thereby 

confirming the enormous potential for energy saving of event-

driven architectures. Besides, NeuroPerf’s Cognitive 
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Efficiency Index (CEI) a composite metric that balances 

accuracy, latency, and energy indicated an average 25% 

higher score in neuromorphic systems post AI-driven 

optimization, which highlights their capability of intelligent 

computation at low energy cost. 

 
Thermal profiling also revealed that thermal spikes were 

lessened through the implementation of adaptive benchmarks 

that achieved this by regulating workload intensity in an 

intelligent manner. Systems that were executing NeuroPerf’s 

tuned benchmarks were able to keep 10–12% lower peak 

temperatures, thus not only enhancing their stability but also 

increasing the lifespan of their hardware. 

 

5.2. Comparative Discussion: Neuromorphic vs. Von 

Neumann Performance Trends 

The comparison of a neuromorphic and a Von Neumann 

memory design moves the performance discussion to a 
completely different level. The traditional processors CPUs 

and GPUs are good at deterministic, high-precision arithmetic 

operations, but they have a hard time when the context is 

needed or the tasks are time-dependent or event-driven. Their 

performance is directly proportional to clock speed and 

transistor count, while in a neuromorphic system parallelism, 

sparsity, and energy-aware computation are the main factors 

for performance. 

 

In the cross-benchmark comparison by NeuroPerf, Von 

Neumann systems were better than neuromorphic platforms in 
raw computational throughput (FLOPS), but they were far 

behind in energy-per-operation and latency-per-event. As an 

example, GPU-based inference on a convolutional network 

reached about 250 GFLOPS, but the energy consumption was 

20 times higher than that of Loihi, which was doing a similar 

spiking equivalent. The difference here uncovers the root of 

the trade-off between deterministic precision and adaptive 

efficiency. 

 

Neuromorphic hardware had the best performance in low-

power and real-time pattern recognition tasks where the event-

driven computation is the main energy saver in the periods of 
inactivity. Nevertheless, their performance depended on the 

type of workload to a great extent for structured tasks with 

discrete temporal dependencies, neuromorphic hardware 

would be the better choice, whereas unstructured continuous 

workloads would still be executed more efficiently on Von 

Neumann–based accelerators. 

 

One of the main takeaways from the neuro-symbolic 

layer in NeuroPerf was the non-linear nature of the scaling of 

the neuromorphic systems. Contrary to conventional 

architectures, as the size of the workloads increased, their 
energy consumption scaled sublinearly. This means that when 

neuromorphic chips increase in neuron and synapse count, 

instead of energy scaling almost linearly with the volume of 

computation as it is with traditional processors, they might 

actually achieve higher efficiency gains. 

 

Together, the findings point to the fact that neuromorphic 

computing is not a replacement for Von Neumann 

architectures but rather a complement to them—the former 

being the best choice in the areas where cognitive adaptability, 

temporal correlation, and real-time inference at minimal 

power costs are required. The use of both paradigms, steered 
by clever benchmarking such as NeuroPerf, can be a way to 

hybridize systems optimized for the different computational 

contexts. 

 

5.3. Energy vs. Intelligence Trade-Offs in Hardware 

One of the most insightful features of the NeuroPerf 

experiments is the energy–intelligence trade-off analysis. 

While traditional computing architectures determine 

performance in fixed terms speed, precision, and throughput 

neuromorphic architectures account for additional parameters 

such as adaptivity, contextual awareness, and energy 

proportionality. 
 

According to NeuroPerf’s Cognitive Efficiency Index 

(CEI), neuromorphic systems are capable of maintaining 

performance at cognitive levels with energy consumption that 

is several times lower than that of traditional systems. As an 

example, Loihi reached a CEI of 0.82 (on a 0–1 scale), while 

the CEI of a GPU was only 0.55 under the same condition of 

accuracy. The case of intelligence per joule—essentially, a 

measure of how much “cognition” a system delivers per unit 

energy—turns out to be a more proper yardstick for next-

generation AI hardware. 
 

Nevertheless, the efficiency is limited by the trade-off. 

The trade-off shows the limited precision and model 

generalization. Spiking neural networks (SNNs) usually 

handle quantized spike signals and thus have less 

representational richness than floating-point arithmetic. 

NeuroPerf’s performance heatmaps showed that intensifying 

spike sparsity resulted in energy efficiency till a certain level, 

beyond which accuracy became a major factor. Hence, there 

is an optimal energy–intelligence curve—the point at which 

reducing energy consumption further will result in very slight 

cognitive returns. 
 

NeuroPerf’s AI-driven tuning helped to overcome this 

trading-off problem by changing spike thresholds and 

synaptic weights on the fly during benchmarking. The 

reinforcement learning agent found a point at which spike 

sparsity and task accuracy were at their best, thus achieving a 

CEI that was 30% higher without any recognition 

performance being compromised. This means that intelligent 

performance engineering vs. static optimization is what 

unlocks the full potential of neuromorphic architectures.  

 

5.4. Statistical Correlation Between AI-Tuned Metrics and 

Observed Performance 

NeuroPerf's meta-analytic assessment of more than 150 

benchmark runs showed that AI-tuned metrics have strong 

statistical correlations with the observed performance of the 

system. The Pearson correlation coefficient between Synaptic 

Energy Efficiency (SEE) and total energy consumption was r 



DevenderRao Takkalapally / IJAIDSML, 6(2), 215-224, 2025 

 

 

 
223 

 

= –0.86, which is a very strong negative correlation; hence, it 

is stated that energy usage dropped significantly as SEE 

improved. On the other hand, Spike Throughput Rate (STR) 

had a positive correlation (r = 0.78) with the speed of task 

completion, thus validating it as a reliable indicator of system 

performance. 
 

The Cognitive Efficiency Index (CEI) correlated r = 0.81 

with the accuracy of the system under limited power 

situations; thus, it was confirmed to be a composite metric for 

neuromorphic cognition. Also, the cross-metric correlation 

matrices showed that there are also relationships between 

traditional and neuromorphic indicators. Through the 

visualization of performance heatmaps, the researchers were 

able to distinguish clusters representing hardware behavior 

patterns. The cluster of Loihi had high SEE and CEI at low-

power workloads, while SpiNNaker’s results created a wider 

cluster that was focused on scalability and robustness 
properties. The GPU-based emulator had a strong STR but a 

weak SEE, which is pointing out the inefficiency of general-

purpose hardware in spiking simulations. 

 

What is more, these correlations form a solid ground for 

the NeuroPerf metric system and its ability to convert the raw 

hardware telemetry data into performance insights that are 

cognitively meaningful. The results are in line with the idea 

that AI-tuned metrics do not only forecast performance, but 

they also actively bring about better performance through self-

optimization cycles. 

 

 
Fig 2: Performance Metric Correlation Plot 

 

5.5. Implications for Sustainable and Cognitive Computing 

The implications of NeuroPerf's discoveries go beyond 

just benchmarking. They are a signal of a fresh computing era 

that is sustainable and cognitive. Nakukomputing energy 

efficiency has become a priority both ecologically and 

technologically as demand for global computations keeps 

rising. Neuromorphic architectures, supervised by AI-

optimized benchmarking frameworks such as NeuroPerf, 

constitute a real way to green intelligence—machines that can 

think and learn while using only a small fraction of the power 

of a traditional computer. 
 

The findings, from the point of view of sustainability, are 

such that the use of neuromorphic systems for edge AI, sensor 

fusion, and autonomous control may lead to a 90% reduction 

in power consumption compared to GPU-based solutions. The 

implication of this, in the case of large-scale deployments, is 

considerable decreases in the carbon footprint and the 

operating costs. From a cognitive point of view, the transition 

of the brain-inspired chips to the next-generation adaptive, 

perception-driven computation is what the chips are all about, 

mimicking the biological neural processes. 

 
NeuroPerf's adaptive benchmarking technique is also the 

basis for continuous performance learning, which means that 

benchmarks change together with hardware. This self-

learning feature guarantees that the benchmarking system will 

always be up-to-date, sustainable, and aligned with the set 

goals despite the architectural advances. 

 

Among other things, future work intends to add 

thermodynamic metrics and biological fidelity models to 

NeuroPerf so that it can quantify "cognitive "sustainability"—

the most comprehensive view of intelligent computation 

achieved in an efficient and responsible manner. 

 

6. Conclusion and Future Scope 
6.1. Conclusion 

Computing evolution is shifting to a new era of 

neuromorphic architectures that are helping to achieve 

performances beyond the limitations of the traditional Von 
Neumann paradigm. This paper introduces NeuroPerf, a 

benchmark and performance engineering framework that uses 

an AI-driven adaptive methodology to evaluate, optimize, and 

interpret the behavior of neuromorphic systems. In contrast to 

fixed, single-dimensional benchmarks that use metrics such as 

FLOPS or throughput, NeuroPerf builds a multi-layer, 

intelligent evaluation ecosystem that understands workload 

behavior and dynamically adjusts benchmarking parameters 

to disclose the actual computational power of brain-inspired 

hardware. 

 

The framework's work can be summarized in three major 
points. Firstly, the architecture of NeuroPerf involves the 

integration of workload generation, AI-based adaptive tuning, 

neuro-symbolic analysis, and interpretive visualization in a 

single benchmarking pipeline. Such a modular design enables 

the framework to be scalable and compatible with the 

platforms and hardware of physical or simulated 

neuromorphic (e.g., Intel Loihi and SpiNNaker) and GPU-

based emulation environments.  

 

Secondly, the AI-driven adaptation engine, which uses 

reinforcement learning and meta-learning, allows for the 
continuous improvement of the system by linking energy 

consumption, latency, and cognitive efficiency. As a result, 

benchmarking becomes a static evaluation that can be 

continuously optimized. This transition provides performance 

measurement with a new level of intelligence. Thirdly, 

NeuroPerf offers new performance metrics—Synaptic Energy 

Efficiency (SEE), Spike Throughput Rate (STR), and the 

Cognitive Efficiency Index (CEI)—that reflect the intricate 

interaction of energy, computation, and intelligence in 

neuromorphic systems. These indicators form a basis for the 

establishment of a standard, easily understandable, and 

scalable neuromorphic benchmarking system. 
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Controlled environments are provided by emulators like 

Nengo and PyNN, but they cannot fully replicate the 

stochastic and temporal properties of physical neuromorphic 

chips. Further, although NeuroPerf’s current adaptability is 

strong, it still has room for improvement to handle the real-
time dynamic workloads affected continuously by 

environmental noise, hardware drift, or adaptive learning 

mechanisms. 

 

Besides the present limitations, the future scope of 

NeuroPerf is vast and has a significant impact. One important 

aspect is the incorporation of NeuroPerf with quantum 

neuromorphic systems, which combine quantum coherence 

with neural computation to perform ultra-efficient 

probabilistic learning. The hybridization of such systems 

would demand the advancement of current metrics to account 

for quantum entanglement and decoherence effects in addition 
to spike-based computations. Also, the next goal is the cross-

platform benchmarking, which would allow the evaluation of 

the performance of the neuromorphic–classical hybrid 

architectures. Such architectures are composed of CPUs, 

GPUs, and neuromorphic cores, which execute complex AI 

workloads collaboratively. The expansion will be vital for the 

future of cognitive edge-cloud ecosystems, where the 

orchestration of workloads across heterogeneous hardware is 

required. 

 

Last but not least, to make the access fair and the research 
faster, an open-source NeuroPerf community and benchmark 

repository will be created. The project would enable the 

researchers and developers from across the globe to become 

contributors of the workloads, performance data, and metric 

extensions while benefiting from the transparency, 

reproducibility, and innovation. 
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