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Abstract—Neuromorphic processors are highly suitable for 

edge intelligence due to their ultra-low power consumption 

and event-driven computation. However, deploying 

lightweight neural networks on such hardware often results 

in accuracy degradation caused by model compression, 

quantization, and ANN-to-SNN conversion. Improving 

accuracy while maintaining low energy and computational 

cost therefore remains a key challenge. In this paper, we 

investigate the impact of knowledge distillation for 

improving lightweight model performance on the Brainchip 

Akida. To the best of our knowledge, this is the first 

neuromorphic hardware-based study that systematically 

evaluates knowledge distillation. Two distillation strategies 

are explored: (1) knowledge distillation before quantization 

and (2) knowledge distillation applied after quantization. 

Experimental results show that knowledge distillation 

significantly mitigates quantization-induced accuracy loss, 

with post-quantization distillation consistently outper-

forming pre-quantization distillation.  Even with extreme 

model compression (95% parameter reduction compared to 

the teacher models), the student networks achieved up to 

11.45% accuracy improvement over the baseline, while 

preserving performance after ANN-to-SNN conversion. 

The results show that knowledge distillation is effective for 

both complex and lightweight models, enabling compact 

networks to achieve higher accuracy with minimal energy 

overhead. Thus, the proposed method is a key enabler for 

accurate and energy-efficient deployment of neuromorphic 

processing at the edge. 

  
Keywords—Lightweight, Neuromorphic, Knowledge Distillation, 

Quantization, Low power, SWaP, Akida. 

I. INTRODUCTION  

In recent years, deep learning has rapidly evolved and 
become an essential component of many real-world 
applications, including computer vision [1], healthcare [2], 
fraud detection [3], virtual assistants [4], natural language 
processing [5], and autonomous vehicles [6]. These 
applications continuously generate large volumes of data, and 

deep learning models rely heavily on such data to learn complex 
representations and achieve high accuracy. As model 
performance typically improves with increasing data size and 
network complexity, modern deep learning systems demand 
substantial computational resources for both training and 
deployment. 

To meet these computational requirements, deep learning 
workloads are commonly accelerated (through GPUs and 
TPUs). However, these platforms are inherently power 
intensive, which limits their applicability in resource-
constrained environments. For instance, an NVIDIA Tesla K80 
GPU consumes an average of 60–70 W, while an Intel® Xeon® 
processor consumes approximately 22 W across different deep 
learning tasks [7]. Such power-hungry characteristics are 
unsuitable for battery-operated and edge devices, where strict 
constraints on energy consumption, memory capacity, and real-
time latency must be satisfied. As data volume and model 
complexity continue to grow, reducing power consumption 
while maintaining high accuracy will become an even more 
critical research challenge. Alternatively, lightweight deep 
neural network models with fewer parameters have gained 
significant attention, as they are easier to deploy on edge and 
embedded devices. However, reducing model size typically 
leads to degraded performance, creating a trade-off between 
efficiency and accuracy.  

Neuromorphic hardware offers a promising solution by 
drawing inspiration from the structure and functioning of the 
human brain. These systems employ biologically inspired 
spiking neural networks (SNNs) that operate in an event-driven 
and massively parallel manner. By integrating memory and 
computation and exploiting sparse spike-based activity, 
neuromorphic processors can achieve significantly improved 
energy efficiency compared to conventional artificial neural 
networks. However, neuromorphic platforms impose strict 
constraints on neuron counts, synaptic resources, and numerical 
precision, making the direct deployment of large, high-capacity 
models infeasible. As a result, compact and lightweight models 
are essential for efficient mapping onto neuromorphic 
hardware. 



 

 

Knowledge distillation (KD) has emerged as an effective 
technique to mitigate this performance loss by transferring 
knowledge from a large, high-capacity teacher model to a 
compact student model. Through this process, the student 
model can achieve performance closer to that of the teacher 
while maintaining a significantly smaller parameter footprint. 
KD has been extensively studied for artificial neural networks 
and, more recently, for spiking neural networks in software-
based environments. However, to the best of our knowledge no 
one has yet implemented KD on SNN (or neuromorphic) 
hardware. 

In this paper, we investigate the impact of knowledge 
distillation on neuromorphic hardware. Specifically, we 
explore two KD strategies: conventional response-based 
knowledge distillation before quantization and knowledge 
distillation applied after quantization. The resulting lightweight 
models are deployed on a neuromorphic platform, BrainChip’s 
Akida processor. Performance is evaluated under the different 
distillation configurations. Experimental results demonstrate 
that response-based knowledge distillation improves model 
accuracy when successfully deployed on neuromorphic 
hardware. Applying KD after quantization yields superior 
performance compared to pre-quantization distillation. To the 
best of our knowledge, this work represents the first 
comprehensive study of knowledge distillation deployed 
neuromorphic hardware. 

The remainder of this paper is organized as follows. Section 
II reviews related work on knowledge distillation and Section 
III presents a description of the hardware and algorithm used in 
our work. Section IV describes the experimental setup, while 
Section V discusses the experimental results. Finally, Section 
VI concludes the paper. 

II. RELATED WORK 

In recent years, deep learning models have demonstrated 
strong performance across a wide range of applications. 
However, their increasing depth and large number of 
parameters make them computationally expensive and often 
impractical for deployment on resource-constrained hardware 
platforms. Knowledge distillation (KD), particularly response-
based distillation, has emerged as an effective solution to 
address this challenge by transferring knowledge from a large 
teacher model to a compact student model. Beyond model 
compression, KD can also improve the generalization 
performance of student networks, enabling efficient and 
accurate deployment on hardware-limited systems.  

An et al. [8] proposed Dynamic Weighted Knowledge 
Distillation (DWKD) for 3D brain tumor segmentation. The 
method dynamically adjusts distillation weights based on the 
student model’s prediction uncertainty rather than using static 
weights. By combining a dynamic weighted KL-divergence 
loss with a regularized cross entropy loss the approach achieves 
higher Dice scores on the BraTS 2019-2021MRI datasets while 
maintaining the lightweight student model. Ho et al. [9] 
explored the use of knowledge distillation for efficient 
classification of chest X-ray abnormalities. The authors 
evaluated multiple knowledge distillation-based strategies. In 
addition, they used self-training and further improved their 
performance by reducing computational complexities. Cho et 

al. [10] investigated how the performance of student models can 
be improved through KD. They showed that the success of KD 
strongly depends on factors such as teacher accuracy, capacity 
gap between teacher and student and dataset complexity. 
Through experiments on image classification benchmarks, the 
study demonstrated that distillation is most effective when the 
teacher provides complementary information beyond hard 
labels. Sun et al. [11] proposed a Z-score based logit 
standardization that normalizes logits to zero mean and unit 
variance, allowing the student to focus on relative logit 
relationships rather than magnitudes. The method improves 
performance on CIFAR-100 and ImageNet, and is compatible 
with existing logits-based KD approaches, especially when 
distilling from a large teacher model. 

Xu et al. [12] proposed a knowledge distillation-based 
framework to construct deep spiking neural networks (SNNs) 
from pretrain artificial neural networks (ANNs). They used an 
ANN-SNN joint training strategy where a high-capacity ANN 
teacher transfers knowledge to a SNN student through both 
response-based and feature-based distillation. Experiments on 
MNIST and CIFAR-10 including noisy variants demonstrate 
improved accuracy with faster convergence. Kushawaha et al. 
[13] transfer knowledge by distilling temporal spike activation 
patterns rather than conventional softmax probabilities. They 
proposed novel spike-based distillation loss functions, 
including full and sliding window L1, L2 and KL divergence 
losses and further enhance their performance using a multistage 
distillation strategy.   

KD has demonstrated impressive performance 
improvements for both artificial neural networks and spiking 
neural networks across a wide range of tasks. However, due to 
constraints of current neuromorphic hardware, not all training 
strategies developed in simulation environments can be directly 
implemented in hardware. In particular, approaches that rely on 
direct SNN training, such as joint ANN–SNN training methods, 
are not supported on platforms like the BrainChip Akida, where 
SNNs are obtained through ANN-to-SNN conversion. To the 
best of our knowledge, no prior work has investigated KD-
based deployment on neuromorphic processors or SNN 
hardware. This work addresses this gap by presenting the first 
study of knowledge distillation on neuromorphic hardware 
using the Brainchip Akida. 

III. HARDWARE AND ALGORITHM DESCRIPTION 

A. Spiking Neural Network (SNN) 

Biological neurons communicate by transmitting electrical 
signals known as spikes or action potentials along. Inspired by 
this biological mechanism, Spiking Neural Networks (SNNs) 
have emerged as a neural computing paradigm that more 
closely models the temporal dynamics and event-driven 
behavior of the human brain compared to conventional artificial 
neural networks (ANNs). Unlike ANNs, which operate on 
continuous-valued activations, SNNs process information 
using discrete spikes over time, providing increased biological 
plausibility and potential benefits in terms of energy efficiency 
and real-time processing [14]. 

Supervised training of SNNs can be broadly categorized 
into two main approaches: (1) direct training and (2) indirect 



 

 

training through ANN-to-SNN conversion. In direct training, 
input data are first encoded into spike trains using encoding 
schemes (such as rate or temporal coding). The network is then 
trained using Backpropagation Through Time (BPTT), where 
surrogate gradient methods are employed to address the non-
differentiable nature of the spiking function. During training, 
the error is computed by comparing the network output such as 
spike counts, firing rates, or membrane potentials with the 
target labels. This error is subsequently backpropagated 
through time to update the synaptic weights. Although direct 
training enables precise temporal learning, it is computationally 
intensive and challenging due to the complex dynamics of 
spiking neurons. 

In contrast, indirect training first trains a conventional ANN 

using standard gradient-based optimization techniques. After 

training, the ANN is converted into an SNN by replacing analog 

neurons, such as ReLU units, with spiking neuron models while 

appropriately mapping and scaling the learned weights and 

neuron thresholds. This approach benefits from the stable and 

efficient training of ANNs and enables easier deployment of 

SNNs, particularly on neuromorphic hardware platforms. 

Figure 1 illustrates the structural components and functional 

behavior of a spiking neuron [15]. 

 

Fig. 1. Iillustration of spiking neural network inference as performed on the 
Akida SNN processor. 

B. Neuromorphic Processors 

Neuromorphic processors are specialized computing chips 
inspired by the structure and functioning of the human brain and 
are designed to execute spiking neural networks using hardware 
implementations of neurons and synapses. Unlike traditional 
von Neumann architecture, neuromorphic processors tightly 
integrate memory and computation within artificial synapses, 
thereby reducing data movement and significantly lowering 
power consumption compared to conventional CPUs and GPUs 
[16]. These processors operate in an event-driven manner and 
support massive parallelism, allowing multiple neural 
operations to be performed simultaneously. Due to their low 
power consumption and fast, real-time processing capabilities, 
neuromorphic processors have attracted considerable interest in 
applications such as pattern recognition, robotics, object 
detection, and sensory signal processing. In recent years, several 
companies and research laboratories have actively developed 
neuromorphic hardware; however, only a limited number of 
platforms have reached maturity. Notable examples include 
IBM’s TrueNorth, Intel’s Loihi, and BrainChip’s Akida. We 
utilize the Akida in this work.  

C. Knowledge Distillation Procedure 

Although deep learning has achieved remarkable success 
across a wide range of applications, large-scale models are 

often impractical for deployment on edge devices due to 
hardware constraints, computational complexity, and energy 
consumption. Lightweight models often suffer from accuracy 
degradation. However, knowledge distillation (KD) addresses 
this challenge by enabling compact models to achieve 
competitive performance while significantly reducing model 
size and energy requirements.  

Knowledge distillation is a machine learning technique in 
which knowledge is transferred from a large, high-capacity 
model, referred to as the teacher, to a smaller and lightweight 
model, known as the student. The teacher model is first trained 
to capture rich and informative representations from data. The 
soft output probabilities produced by the teacher contain 
additional information about class relationships beyond hard 
labels [17]. During student training, this knowledge is 
transferred by encouraging the student to mimic the teacher’s 
softened output distribution, thereby reducing the performance 
gap caused by model compression. Figure 2 shows the 
illustration of knowledge distillation training.  

 
Fig. 2. The illustration of knowledge distillation training   

 
During training, the total loss function is defined as a 

weighted combination of the student loss and distillation loss, 
given by 

LT = (1-α) LStudent + α LDistillation  (1) 

where LT denotes the total loss, LStudent is the standard 
supervised loss of student model, LDistillation represents the 
distillation loss, and α (0 < α < 1) is hyperparameter that 
balances the contribution of the two loss terms. 

The student loss is computed using the cross-entropy loss 
between the ground truth label vector y and the student 
predictions 

LStudent = CE (y, softmax(zs))  (2) 

where CE denotes cross entropy and zs denotes the student 

logits. The distillation loss is defined using the Kullback-

Leibler (KL) divergence between the softened output 

distributions of the teacher and student 

LDistillation = T2 KL (Pt, Ps)    (3) 

where, T(0, +) is a temperature parameter that controls the 

smoothness of the output distributions. The soft targets for the 

teacher and student are given by 

 Pt = softmax (zt/T), Ps = softmax (zs/T) (4) 

with, zt denoting the teacher logits. By incorporating both hard 
labels and soft targets during training, KD enables the student 



 

 

model to learn more informative decision boundaries. This 
property makes knowledge distillation particularly effective for 
training lightweight models intended for deployment on edge 
and neuromorphic hardware, where strict constraints on 
memory usage and energy consumption must be satisfied.   

IV. EXPERIMENTAL SETUP 

A. Dataset 

The experiments are conducted using the MNIST [18] and 
EMNIST [19] datasets. MNIST is a widely used handwritten 
digit classification dataset consisting of 10 classes (digits 0–9), 
with 60,000 samples for training and 10,000 samples for 
testing. For the proposed experiments, the MNIST images are 
encoded into spike trains using a rate-coding scheme. Extended 
MNIST (EMNIST) includes handwritten digits and letters and 
shares the same image resolution and preprocessing parameters 
as MNIST. In this work, the EMNIST Balanced subset 
containing 47 classes is used, with 90,239 samples for training 
and 22,560 samples for testing. Both datasets consist of 
grayscale images with a resolution of 28 × 28 pixels, resulting 
in 784 input features per sample.  

B. Network Architecture 

Two different neural network architectures are employed 
for the MNIST and EMNIST datasets. For the MNIST dataset, 
a multilayer perceptron (MLP) architecture is used, while a 
convolutional neural network (CNN) is used for the EMNIST 
dataset due to its higher complexity. In both cases, a teacher–
student framework is employed, where the teacher model 
contains significantly more parameters than the corresponding 
student model. For the MNIST dataset, the teacher MLP 
consists of two hidden layers with 512 and 256 neurons, 
respectively. The student MLP contains a single hidden layer 
with 32 neurons. 

For the EMNIST dataset, the teacher network is a 
convolutional neural network (CNN) architecture consisting of 
three convolutional layers with increasing filter sizes (32, 64, 
and 128 filters, respectively), all using 3×3 kernels. The first 
two convolutional layers are followed by ReLU activation and 
max-pooling operations, while the third convolutional layer is 
followed by ReLU activation only. Feature extraction is 
followed by a flattening operation and a fully connected 
classifier composed of two hidden dense layers and a final 
output layer producing class logits.  

The student network is designed as a compact CNN tailored 
for neuromorphic deployment. It consists of two convolutional 
blocks with 16 and 32 filters, respectively, using 3×3 kernels, 
each followed by ReLU activation and max-pooling. A final 
1×1 convolutional layer maps the extracted features directly to 
class scores, followed by a global average pooling layer instead 
of fully connected layers. This design significantly reduces the 
parameter count and memory footprint while maintaining 
accuracy.  

Figure 3 illustrates the detailed CNN architectures of the 
teacher and student models for EMNIST dataset. A quantitative 
comparison of the number of parameters and corresponding 
memory requirements between the teacher and student 
networks is provided in Table I. 

C. Training and Deployment 

In this experiment, the MetaTF framework is used to deploy 
the trained models on the Akida neuromorphic processor. 
MetaTF is a Python-based framework built on top of 
TensorFlow [20] and supports the deployment of neural 
networks on BrainChip’s Akida hardware through ANN–SNN 
conversion. After training the artificial neural network (ANN), 
model quantization is required prior to conversion into a 
spiking neural network (SNN). 

To study the impact of knowledge distillation on 

neuromorphic deployment, two different training strategies are 

considered: KD is applied before quantization and after 

quantization. In the first approach, the teacher model is initially 

trained using the TensorFlow framework. The student model is 

trained under the guidance of the teacher using the total loss 

defined in equation (1), which combines the standard student 

loss and the distillation loss. After ANN training, the student 

model is quantized. This quantization process typically 

introduces a slight drop in accuracy; therefore, Quantization 

Aware Training (QAT) is performed before converting the 

model into an Akida-compatible format for hardware 

deployment. In the second approach, the student model is 

quantized, and KD is applied during the QAT process. In this 

case, the teacher’s logits are used during the QAT to guide the 

student model and improve performance under quantization 

constraints.  

 
Fig. 3. CNN architecture of teacher and student models for EMNIST dataset. 
Conv denotes a convolution layer, P indicates max-pooling, FC represents a 
fully connected layer, and GAP denotes global average pooling.  

TABLE I. COMPARISON OF MODEL COMPLEXITY BETWEEN TEACHER AND 

STUDENT 

Dataset Model Parameters 
Model 

Size (MB) 

Parameter 

Reduction 

MNIST MLP teacher 535,818 2.040 - 

MNIST MLP student 25,450 0.099 95.25% 

EMNIST CNN teacher 906,927 3.460 - 

EMNIST CNN student 6,351 0.024 99.30% 

 

In the second approach, the student model is first quantized, 
followed by the application of knowledge distillation using the 
same loss formulation given in (1). The quantized and distilled 
model is then converted into an Akida model and deployed on 
the neuromorphic hardware. The ANN-to-SNN conversion is 
performed using the convert function from the cnn2snn module, 



 

 

which outputs a quantized Akida model suitable for execution 
on the Akida accelerator. 

The Akida processor supports low-bit quantization, and in 

this work, the classifier student models are quantized from 32-

bit floating-point precision to an 8/4/4 fixed point configuration 

[21]. All models are trained on a desktop PC equipped with an 

Intel Core™ i7-9700F processor (3 GHz) and 16 GB DDR4 

RAM. During training, the Adam optimizer is used with a 

learning rate of 0.001 and sparse categorical cross-entropy loss 

for both teacher and student models across both architectures 

(MLP and CNN). 

For the MNIST dataset, both teacher and student models are 

trained for 5 epochs, whereas for the EMNIST dataset, 10 

training epochs are used. The same training procedure is 

applied consistently across both network architectures to ensure 

a fair comparison. Fig. 4 shows the training accuracy of the 

student model with KD before quantization for both datasets. 

 
                                                  (a) 

 
                                                  (b) 
Fig. 4. Training accuracy of the student model trained using KD before 

quantization for (a) MNIST and (b) EMNIST datasets. 

V. RESULTS AND DISCUSSION  

A. Performance Analysis 

In this section, the impact of knowledge distillation on 
image classification performance when deployed on the Akida 
neuromorphic processor is analyzed. Tables II and III present 
the experimental results for the MNIST and EMNIST datasets, 
respectively. The BrainChip AKD1000 PCIe board was used 
for hardware deployment, where the trained and quantized 
models were converted to spiking neural networks and 
evaluated on the Akida accelerator. The results compare ANN 
and SNN accuracies for the teacher model, baseline student 
model, and student models trained using knowledge distillation 
before and after quantization. Additionally, the absolute 
improvement in SNN accuracy, measured in percentage points 
relative to the baseline student model is reported. 

For both datasets, the teacher models achieve the highest 
accuracy in both ANN and SNN domains, serving as an upper 
performance bound. The baseline student models exhibit a 
noticeable accuracy degradation due to significant parameter 
reduction amounting to 95.25% for MNIST and 99.30% for 
EMNIST compared to the teacher model (Table I). However, 

applying knowledge distillation consistently improves the 
student model performance over the baseline in both ANN and 
SNN implementations. 

For the MNIST dataset, knowledge distillation applied 
before quantization yields the highest improvement in SNN 
accuracy, achieving a gain of 1.69% over the baseline student 
model. Knowledge distillation after quantization also improves 
performance but with a smaller gain of 0.55%. This behavior 
can be attributed to both the relatively simple nature of the 
MNIST dataset and the use of a lightweight MLP architecture, 
which together result in minimal degradation during 
quantization and ANN-to-SNN conversion. 

For the EMNIST dataset, although knowledge distillation 
improves ANN accuracy, a substantial accuracy drop is 
observed after quantization when distillation is applied before 
quantization. Knowledge distillation applied after quantization 
significantly mitigates this degradation, resulting in an 11.45% 
improvement in SNN accuracy over the baseline and 
outperforming pre-quantization distillation. This highlights the 
importance of quantization-aware knowledge distillation for 
more complex scenarios, where both the dataset complexity and 
the use of deeper CNN architectures introduce greater 
sensitivity to quantization and conversion effects. 

TABLE II. PERFORMANCE  COMPARISON ON MNIST DATASET WITH MLP 

DEPLOYED ON THE AKIDA SNN PROCESSOR 

Model 
Training 

Method 

ANN  

Accuracy 

(%) 

SNN 

Accuracy 

(%) 

∆ SNN 

Accuracy 

(%) 

Teacher NA 97.30 97.00 NA 

Student 
Baseline  

(No KD) 
92.80 92.65 NA 

Student 
KD before 

Quantization 
95.32 94.34 1.69 

Student 
KD after 

Quantization 
93.35 93.20 0.55 

TABLE III. PERFORMANCE  COMPARISON ON EMNIST DATASET WITH CNN 

DEPLOYED ON THE AKIDA SNN PROCESSOR 

Model 
Training 

Method 

ANN  

Accuracy 

(%) 

SNN 

Accuracy 

(%) 

∆ SNN 

Accuracy 

(%) 
Teacher NA 88.31 82.10 NA 

Student 
Baseline  

(No KD) 
78.90 65.10 NA 

Student 
KD before 

Quantization 
80.23 69.47 4.37 

Student 
KD after 

Quantization 
76.73 76.55 11.45 

B. Cost Analysis 

Table IV presents the cost analysis of teacher and student 
models for the MNIST and EMNIST datasets in terms of power 
consumption, energy per inference, static energy, and 
throughput when deployed on the Akida neuromorphic 
processor. Power measurements were obtained by mapping the 
trained models onto the Akida device and enabling on-chip 
power monitoring during inference. The Akida platform reports 
floor (static) power, average inference power, inference energy 
per frame, and throughput in frames per second. 

 



 

 

TABLE IV. COST COMPARISION BETWEEN THE MODELS 

Dataset Model Total 

Power 

(mW) 

Total 

Energy 

(mJ) 

Static 

Energy 

(mJ) 

Throughput 

(FPS) 

MNIST 
Teacher 891.00 0.260 0.254 3457.81 

Student 879.82 0.255 0.253 3471.02 

EMNIST 
Teacher 1236.69 0.810 0.578 1524.22 

Student 929.28 0.260 0.257 3508.55 

Static energy per inference is computed by dividing the 
measured floor power by the corresponding throughput. This 
metric represents the baseline energy consumption of the device 
that is independent of model activity, while the remaining 
portion of the total energy corresponds to the dynamic 
computation energy associated with neural activity. 

For the MNIST dataset, both the teacher and student MLP 
models exhibit almost similar total power consumption, as the 
static power dominates the overall energy profile of the Akida 
device. Although the student model achieves a significant 
reduction in parameters, the total energy per inference is only 
slightly lower than that of the teacher model. This behavior is 
expected in neuromorphic hardware, where idle and 
background circuitry contribute a substantial portion of the 
power consumption when the deployed network is small. The 
student model does demonstrate lower energy per inference and 
slightly higher throughput, indicating improved efficiency at 
the inference level. 

For the EMNIST dataset, a more pronounced difference is 
observed between the teacher and student models. The CNN 
teacher model exhibits substantially higher total energy per 
inference (about 3×) and static energy, accompanied by a 
significantly lower throughput (about 2×) when compared to 
the more efficient lightweight student model. This indicates 
increased computational load and sustained neural activity due 
to the higher architectural complexity of the teacher network. 
This demonstrates that model compression is particularly 
effective for complex datasets when deployed on neuromorphic 
hardware, significantly reducing energy per inference while 
maintaining high throughput. Overall, model compression 
determines the energy efficiency on neuromorphic hardware, 
while knowledge distillation improves the predictive 
performance of the compressed models without incurring 
additional power or energy overhead. 

VI. CONCLUSION 

This paper investigates the effectiveness of knowledge 
distillation for deploying lightweight neural networks on 
neuromorphic hardware. Results show that KD provides 
classification accuracy improvements by up to 11.45%  over the 
baseline models, reducing accuracy degradation typically 
observed during ANN-to-SNN conversion. Thus, we achieve 
significant improvements in accuracy for parameter 
constrained edge deployable models. By systematically 
analyzing the interaction between distillation, quantization, and 
ANN-to-SNN conversion, this study will be a valuable asset to 
those aiming to deploy edge-oriented neuromorphic systems. 
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