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Abstract. Against the backdrop of ongoing green AI research to reduce the environmental 

footprint of artificial intelligence technology, a new supervised machine learning approach is 

presented with potential to contribute to the development of artificial systems capable of learning 

incrementally from new data. This article reports results from a feasibility study on image 

classification using the Modified National Institute of Standards and Technology data set. 

Training consists of producing class-level image prototypes, referred to as engrams, using a 

single-pass method. At inference stage, previously unseen images are warped to match the 

engrams individually, using a continuous transformation including a tuneable rigidity parameter. 

The images are classified by maximising similarity to the engrams across classes following 

warping. Unlike alternative approaches recording binary feature coincidences in high-

dimensional spaces, this method operates on low-dimensional data representations. In addition 

to enhancing interpretability, this has the advantage of circumventing memory scaling 

bottlenecks. A test accuracy above 90% was observed in this study, which is a promising result 

considering that the engrams exclusively encoded average data patterns. Future work will focus 

on reducing inference time, enhancing classification accuracy and estimating the performance 

of the method on additional datasets. 

Keywords: Green AI. Single-pass supervised learning. Image classification. Image warping. 

Image registration. 

1. Introduction 

The concept of green AI has received significant attention in recent years in an effort to reduce the 

environmental footprint of artificial intelligence (AI) technology [1]. As far as supervised training 

algorithms are concerned, single-pass methods are noteworthy, as they circumvent the need for iterative 

refinement of artificial neural network parameters during training and can therefore significantly reduce 

training time. Examples include data stream learning algorithms such as incremental trees, online 

classification algorithms, Online Support Vector Machines, Sparse Binary Coincidence (SBC), one-pass 

online learning, Budgeted Stochastic Gradient Descent (BSGD) and Fourier Online Gradient Descent 

[2-8]. 

Supervised training of traditional neural networks normally occurs via iterative modification 

of parameters at the level of individual neurons, in such a way that previously unseen input data, when 



 
 
 
 
 
 

processed through the network at inference stage, result in the activation of target output neurons. The 

backpropagation algorithm [9] is the mainstream option for supervised neural network training; its 

adoption typically results in global changes to the network, usually in the form of modifications to 

artificial neuron weights and biases, when new data are processed or when the network is trained on a 

new task. Catastrophic forgetting, i.e. degradation in classification accuracy at inference stage due to 

parameter overwriting during subsequent training phases, is a key challenge when engineering artificial 

systems capable of incremental learning [10]. 

Different methods of mitigating catastrophic forgetting have been proposed including 

regularisation, rehearsal and parameter allocation [11-15]. Such methods are normally used in 

conjunction with deep learning techniques that are typically associated with significant memory 

footprints. Sparse Binary Coincidence [5], a recent algorithm relying on counting binary feature 

coincidences in a sparse high-dimensional space, has also been reported to mitigate catastrophic 

forgetting. However, its memory footprint can increase significantly outside simpler image data sets. 

This feasibility study on an image classification task is a first step towards the development of 

a new single-pass supervised learning method with a competitively low memory footprint, likely to scale 

well to more complex data sets, and designed to address catastrophic forgetting.  

2. Methods 

With a theoretical and methodological underpinning in variational approaches to image registration [16-

20], the research builds on a combination of established and more recent ideas including K-Nearest 

Neighbors (k-NN), memory-augmented neural networks [21], prototype-based models [22], and 

morphological techniques developed for medical image registration [23]. As opposed to traditional 

approaches to neural network training in which artificial neuron weights and biases are iteratively 

modified following exposure of the system to training instances, the training phase of the proposed 

method consists of recording low-dimensional data patterns in the form of class-level image prototypes, 

referred to as engrams in the following. In the computer science literature, the term ‘engram’ has often 

been used to describe a sparse structural alteration within an artificial system allowing storage and 

retrieval of information. With reference to artificial neural networks, the term has been used in relation 

to autoencoders as well as specialised architectures [24-26]. In this discussion, engrams are data 

structures encoding class-level low-dimensional data patterns, used for classifying images at inference 

stage -- e.g., envisaged as stored within a memory unit distinct from the neural network. 

In the context of this study, engrams were obtained by averaging pixel intensities across 

training images following a signal integration step described below. During inference, images were 

warped to match the engrams individually and then classified by maximising a similarity score across 

classes. The process can be formulated as the minimisation of an energy functional consisting of a 

dissimilarity and a regularisation term, with a tuneable rigidity parameter to accommodate image 

transformations along a spectrum from elastic to rigid. 

2.1. Preprocessing 

The steps listed below were executed on all images in the Modified National Institute of Standards and 

Technology (MNIST) training set. 

1. Artefact removal. The largest connected component was extracted from each image. 

Connected components were defined based on 8-connectivity, i.e. two pixels were 

considered belonging to the same component if and only if they shared an edge or a diagonal 

corner. 

2. Signal integration. Pixel intensities were summed using 2x2 filters with stride 2, resulting 

in 14x14 images (formula 1). This step contributed to reducing the memory footprint by 

reducing image size. 

3. Normalisation. Pixel intensities were normalised to [0, 1]. 



 
 
 
 
 
 

Denoting the 𝛼-th training image of class c by 𝑋𝛼
𝑐 , pixel intensity following signal integration is given 

by: 

 

𝑆𝛼
𝑐(𝑥, 𝑦) =  ∑ ∑ 𝑋𝛼

𝑐 (2𝑥 + 𝑢, 2𝑦 + 𝑣)

1

𝑣=−1

1

𝑢=−1 

(1)   

 

The quantities 𝑥  and 𝑦 are integers labelling a 𝑁𝑥  x 𝑁𝑦  2D grid with 𝑁𝑥 = 𝑁𝑦 = 28, 0 ≤ 𝑥 ≤ 𝑁𝑥 −

1 and 0 ≤ 𝑦 ≤ 𝑁𝑦 − 1.  

The 2x2 filter size was selected to reflect the spatial characteristic scale of MNIST digits along 

the horizontal and vertical axis (𝜎𝑥 = 𝜎𝑦 ≃ 2 pixels). When applying this method to higher-resolution 

images, the filter size will be selected based on the relevant scale as opposed to a predetermined number 

of pixels.  

2.2. Training 

For each class c, engram ℰ𝑐 was calculated as: 

 

ℰ𝑐(𝑥, 𝑦) =  ⟨𝑆𝛼
𝑐(𝑥, 𝑦)⟩𝛼∈𝒯  (2) 

 

where 𝒯denotes the training set.  

2.3. Inference 

Let Ω denote the domain over which the images (𝑋) are defined, which in this case is a 𝑁𝑥  x 𝑁𝑦 grid, 

and let 𝜑: Ω → Ω be a continuous function. An energy functional can be defined as follows:  

 

𝐸(𝜑) = 𝐷(𝑋 ∘ 𝜑, ℰ) + 𝜆 ⋅ 𝑅(𝜑) (3) 

 

where 𝑋 and ℰ denote a generic image and a generic engram, respectively, D is a dissimilarity function 

and  𝑅  is a regularisation term. The rigidity parameter 𝜆 > 0  controls a trade-off between image 

alignment to achieve a smaller dissimilarity score and the smoothness of the transformation 𝜑. Values 

of 𝜆 ≈ 0 correspond to elastic deformations that can more easily warp images to match any template, 

whereas higher 𝜆 results in transformations closer to rigid. 

 Image warping, i.e. the derivation of geometric mappings between distinct image coordinate 

spaces with a view to maximising a similarity score, has been a subject of intense research well 

documented in the computer vision and medical image registration literature [23;27-28]. 

Transformations include rigid, affine and elastic mappings. With reference to medical image 

registration, local variations in morphology are often detected using elastic models, diffeomorphic 

frameworks relying on invertible, topology-preserving vector fields, machine learning-augmented 

methods and others.  

Each image 𝑋 in the MNIST test set was warped to match the engrams individually following 

preprocessing. For each (𝑋, ℰ ) pair and for each value of 𝜆 , a transformation 𝜑̂  was obtained by 

minimising the above energy functional: 
 

𝜑̂ =  𝑎𝑟𝑔𝑚𝑖𝑛𝜑𝐸(𝜑) (4) 

 

In this study, 𝐷 was defined as the pixel-by-pixel absolute intensity difference between the warped 

image and the engram, integrated over the image domain: 

 

𝐷(𝑋 ∘ 𝜑̂, ℰ) =  ∫ |(𝑋 ∘ 𝜑̂)(𝐱) − ℰ(𝐱)|𝑑𝐱
Ω

(5) 



 
 
 
 
 
 

 

Given all engrams {ℰ𝑐}𝑐, the inferred class label is given by: 

 

𝑐̂ = 𝑎𝑟𝑔𝑚𝑖𝑛𝑐  𝐷(𝑋 ∘ 𝜑̂, ℰ𝑐) (6) 

 

It is worth noting that the algorithm is stable with respect to small image deformations thanks 

to the signal integration and image warping steps. 

For each (𝑋, ℰ𝑐) pair, 𝜑̂ was obtained using the Stationary Velocity Field (SVF) method [29] 

minimising the following energy functional: 
 

𝐸𝜆
𝑆𝑉𝐹 =

1

2
⋅ ∫ [𝑋(𝐱 + exp(𝐯(𝐱))) − ℰ𝑐 (𝐱)]

2
𝑑𝐱 +

𝜆

2
⋅ ∫ ‖∇2𝐯‖2

ΩΩ

𝑑𝐱 (7) 

 

The regularisation term in equation (7) is proportional to the integral of the L2 norm of the 

Laplacian of a 2D velocity field defined on the domain of the image. A gradient descent optimisation 

loop was implemented warping 𝑋 to match ℰ𝑐 while minimising ℰ 𝜆
𝑆𝑉𝐹. Values of 𝜆 ≲ 0.2 were selected 

with a view to avoiding the functional being dominated by the penalty term and the gradient descent 

step size becoming too small. The pseudocode is reported in figure 1.  
 



 
 
 
 
 
 

 
Figure 1. Pseudocode for SVF image warping. 

3. Results and discussion 

The MNIST engrams are displayed in figure 2. Defining the engrams as averages over the training set 

reduces training time. However, it can also affect classification performance considering the limited 

information about intra-class variability encoded in such engrams.  

The algorithm was calibrated by maximising test accuracy over 𝜆 on the MNIST training set 

using 10-fold cross-validation. The dependence of cross-validation test accuracy on 𝜆 is shown in figure 

3. Classification accuracy degrades rapidly as 𝜆 approaches 0, as expected considering that the algorithm 

can more easily warp digits to match any template. A value of 𝜆 = 0.1 was selected for the rest of the 

analysis. Slowly varying test accuracy was observed for values of 𝜆 between 0.05 and 0.15, suggesting 

stability with respect to small changes to 𝜆 around the optimal value.  

Figure 4 shows MNIST digits warped to match the engram of a wrong class for different values 

of 𝜆: a ‘5’ digit was warped to match the ‘1’ engram corresponding to 𝜆 = 0, 0.05, 0.1, 0.15, 0.2 (left to 

right). As expected, the warped image becomes morphologically more similar to the target as 𝜆 

approaches 0 and tends to retain its initial morphology at higher 𝜆. 
   

 



 
 
 
 
 
 

 

 

 
Figure 2. MNIST engrams. 

 

 
Figure 3. Calibration plot: test accuracy as a function of 𝜆 using 10-fold cross-validation on the 

MNIST training set. 
 

 

 

 
Figure 4. Results from warping a ‘5’ digit to match a ‘1’ engram at 𝜆 = 0, 0.05, 0.1, 0.15, 0.2 (left to 

right). 
 

Figure 5 shows the confusion matrix on the MNIST test set (𝜆 = 0.1), corresponding to an observed 

total accuracy of 90.4%. An ablation experiment was performed by replacing SVF with the identity 

operator: figure 6 shows the resulting confusion matrix, corresponding to a total accuracy of 75%. This 

confirms the importance of the role played by image warping in the context of this method. 

The results are encouraging although below state-of-the-art performance. The algorithm was 

benchmarked against LeNet-5 and alternative single-pass methods (LOL, i-LOL, BSGD, FOGD and 



 
 
 
 
 
 

SBC). The results are shown in table 1 in terms of classification accuracy on the MNIST test set. It 

should be noted that the test accuracy reported for some of the algorithms is lower than what documented 

in the original publication; this is likely due to the parameter configurations used in this study and will 

be investigated in more detail as part of future work. 

 

 

 

 

Figure 5. Confusion matrix on the MNIST 

test set (𝜆 = 0.1). 

 Figure 6. Confusion matrix on the 

MNIST test set following SVF ablation, 

showing degraded classification 

performance. 

 
 

Table 1. MNIST test accuracy obtained using this method 

(𝜆 = 0.1) compared to alternative algorithms. 

  

Model/Algorithm Test Accuracy 

(Mean ± 

Standard 

Deviation) 

LeNet-5 (98.1 ± 0.2) % 

i-LOL (97.2 ± 0.2) % 

LOL (93.3 ± 0.2) % 

BSGD (93.1 ± 0.3) % 

FOGD (92.6 ± 0.0)% 

SBC (90.9 ± 0.3) % 

This study (90.4 ± 0.0) % 
 

The estimated memory footprint of this method is of approximately 4.3 kB per MNIST image1, 

notably smaller than several MB or higher as reported for SBC and other algorithms. This is ultimately 

due to the use of a simple pooling-like signal integration step taking advantage of the continuity of the 

input signal as opposed to relying on thousands of Address Decoder Elements [5]. Moreover, since there 

is no need for high-dimensional binary feature coincidences to be recorded, this method is anticipated 

to scale more favourably than SBC outside simpler image data sets. The execution time of the algorithm 

at inference stage was (19 ± 4) ms per MNIST image (CPU only; AMD Ryzen 7 @ 2 GHz; 16 GB 

RAM), the primary bottleneck being image warping. If this method is to be considered for real-time 

applications, ways of speeding up inference will therefore have to be identified. 

 
1 Total memory footprint (bytes) = 28⋅28 (input image) + 14⋅14⋅10 (engrams) + 14⋅14⋅4⋅2 (image 

warping, assuming 32-bit floats are used for the 2D velocity field). 



 
 
 
 
 
 

4. Conclusions  

This study has shown the feasibility of a new single-pass supervised learning method with reference to 

an image classification task, with potential to help address catastrophic forgetting in continual learning 

systems. At inference stage, images were warped to match class-level prototypes, referred to as engrams, 

encoding low-dimensional data patterns. For each test image, class membership was inferred by 

maximising a similarity score across classes following warping. The potential of this method to address 

catastrophic forgetting is highlighted by the possibility of using separate memory locations for storing 

different engrams. The scope of this study has been restricted to showing the feasibility of the core 

technique with reference to an image classification task. Further research will rely on sequential training 

experiments to validate this approach in a continual learning setting. The estimated memory footprint 

of 4.3 kB per MNIST image is remarkably smaller than the footprint of alternative algorithms. Memory 

requirements are expected to scale favourably with increasing image complexity, considering that 

recording of high-dimensional binary feature coincidences is not required. A test accuracy over 90% 

was observed on MNIST. This is a promising result, considering that a simple version of the algorithm 

was used with engrams exclusively encoding average data patterns. The replacement of the current 

implementation of the engrams with more advanced data structures such as wider sets of categorical 

metadata features will be a subject of follow-on studies. Whereas target variance encoding is an 

interesting option, the selection of an encoding not relying on deep learning techniques and capable of 

preserving morphological and structural image properties – and therefore of capturing the intraclass 

variability patterns observed in the data – requires additional research. Future research will focus on 

reducing inference time with a view to targeting real-time use cases, on increasing classification 

accuracy using more advanced implementations, and on estimating the performance of the method under 

noise. The scaling properties of this method in terms of memory footprint across data sets will also be a 

subject of further investigation, as will the potential of the engrams to enhance interpretability. Finally, 

it should be noted that the selection of SVF in this study was driven by computational convenience, and 

alternative methods will be investigated.  
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