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Historically, deep neural networks do not generalize well when they are trained solely on a

dataset/task’s objective, despite the plethora of data and computing available in the modern

digital era. We propose that this is due, at least partially, to the model representations being

inflexible. In this paper, we experiment with a hybrid neural network architecture that has

an unsupervised model at its head (the Knowledge Representation module) and a super-

vised model at its tail (the Task Inference module) with the idea that we can supplement

the learning of a set of related tasks with a reusable knowledge base. We analyze the two-

part model in the contexts of transfer learning, few-shot learning, and curriculum learning,

and train on the MNIST and SVHN datasets. The results of the experiment demonstrate

that our architecture on average achieves a similar test accuracy as the end-to-end base-

lines, and sometimes marginally better in certain experiments depending on the sub-network

combination.
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GLOSSARY

AE: Autoencoder.

E2E: End-to-End, describing a model whose components are all trained jointly.

MNIST: The Modified National Institute of Standards and Technology dataset, a collec-
tion of preprocessed decimal digit images with approximately 6000 samples per class.

SVHN: The Street View House Number dataset, a colored image collection of house num-
ber digits from Google Street View.

KR: Knowledge Representation, the sub-network solely responsible for learning feature
representations without the need for labels.

TI: Task Inference, the sub-network solely responsible for learning from the labels of
the dataset (i.e. learning the task).

KRTI: Knowledge Representation and Task Inference model.

BAE: Basic AutoEncoder.

BVAE: Basic Variational AutoEncoder.

BHAE: Basic Hopfield AutoEncoder.

BSNN: Basic Self-Normalizing Neural Network.

BSHN: Basic Hopfield Neural Network.
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Chapter 1

INTRODUCTION

The majority of modern deep learning is still focused on achieving superhuman perfor-

mance on benchmarks [1]. Some may misinterpret this as the models getting “smarter” when

in actuality it is primarily driven by the past decade’s surge in compute and data availabil-

ity [2] [3], and their brittleness can be exposed with corner-case samples. For example, even

though AI has shown to surpass humans in games like Go [4] [5] and Defense of the Ancients

(DotA) [6], when factoring their compute and training time requirements (millions of games,

hundreds of millions of human hours) it only shows how far near-infinite resources can take

an agent in its own improvement at a particular skill. Even OpenAI’s GPT-3 [7], despite

its enormous parameter count and seemingly impressive generalizability, has inhuman limi-

tations [8] [9] that show a gap in learning between humans and machines that we have still

yet to decipher.

We should move beyond this “narrow AI” perspective, and redefine the objectives of discov-

ering true artificial intelligence to more closely emulate the higher cognition functions found

in humans for Artificial General Intelligence (AGI) [10]. Indeed, it can be argued that the

largest strides in AI performance can be found in models that replicate biological processes,

and scale them up; some examples include neural networks [11] themselves, convolutional

layers [12] [13], and skip connections [14] [15] [16].

This paper attempts to address one of the largest critiques of modern AI in a relatively

small scope: its inability to accurately approximate even that of a human child’s exceptional

sample efficiency and generalizability. Why is it so difficult to create a model that can learn

the concept of a number after only seeing an image of it a few (∼ 10) times and that can

effectively use its previously learned features to expedite the learning process on a related
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dataset or task? In the meta-learning literature, these objectives are known as few-shot

learning [17] and transfer learning [18] respectively.

We hypothesize that this difficulty is caused by a model’s entanglement of its learned repre-

sentations of the inputs with the task-specific objectives, such as training labels in the case

of classification, because the models are structured to optimize for only a specific task and

therefore the learned features are not flexible enough to be reused in other related prob-

lems. We propose to split the regular end-to-end deep neural network into two sub-models

— namely the knowledge representation (KR) and task inference (TI) models – one can

achieve better generalizability, as the KR can be reused across different tasks, while training

for a particular task involves creating and training a new TI network jointly with same KR;

altogether, the hybrid architecture is known as the KRTI. Figure 1.1 is a diagram showcasing

the general architecture of the KRTI, where the KR is an autoencoder and the TI is a regular

classifier network. Both networks could stand alone separately and be evaluated on test loss

and test accuracy respectively, but the KRTI as a whole is dominated in the short term by

the task that the TI sub-network learns.

Unlike traditional modern neural networks, where the model is trained end-to-end directly

on the dataset labels, we instead have two different objectives influencing the weights of

certain model sections. One can imagine that in this hybrid model setup, the KR acts as

a knowledge base that learns features from the training distribution; then the TI is trained

with the labels and the inputs fed through the KR, as the TI learns the weights to “query”

the appropriate data from the KR. The key idea is that the disentanglement of the knowl-

edge representation from the task is an important distinction that opens up the opportunity

to more directly tackle the meta-learning problems of transfer and few-shot learning. We

explore a variety of scenarios – such as model choices for the KR and TI, pre-training versus

lifelong/joint training, performance on restricted training samples – and analyze the pros

and cons of these hybrid models when compared to a singular end-to-end network. In the

case where we train both components of the KRTI jointly, there are two objectives that



3

Figure 1.1: Diagram of the KRTI architecture and forward pass signal flow. There are two

parts to a single training step in the KRTI, one for each sub-network. In this particular

example, the KR is an autoencoder, with its input and output layers in blue, the hidden

layers of the encoder and decoder in red, and the latent space in green. The KR portion of

this network is trained on the reconstruction error of the input data. The TI takes the latent

block from the KR as input; the TI has its own set of hidden layers in red, while the output

layer is a softmax over the dataset classes. Since the TI is connected to the latent block of

the KR, the error propagation from the label prediction also affects the encoder portion of

the KR.
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alternate between updating the trainable parameters θ of the KRTI:

∇θKE
+θT =

1

m

m∑
i=1

NLL(ˆ⃗y(i), y⃗(i)) (1.1)

∇θK = ∇θKE
+θKD

=
1

m

m∑
i=1

MSE(ˆ⃗x(i), x⃗(i)) (1.2)

In equations 1.1 and 1.2, m is the mini-batch size, i is the index of the datapoint in the

mini-batch, {(x⃗(i), y⃗(i))}mi=1 are samples and labels from the training data, and {ˆ⃗x(i), ˆ⃗y(i)}mi=1

are the outputs from the KR and TI respectively. θT is the parameter set for the TI, and θK

is the parameter set for the KR with θKE
and θKD

being the parameters for the encoder and

decoder of the AE used as the KR. NLL is the negative-log likelihood for the classification

loss, and MSE is the mean squared error loss for the reconstruction loss.

Chapter 2 covers the background knowledge on the inspiration, relevant meta-learning ob-

jectives that our hybrid model experiments cover, and related hybrid models that also do not

directly optimize for the task. Chapter 3 describes the setup of the experiments and model

choices. In Chapter 4 we depict the results of the experiments, followed by a discussion of

the outcomes in Chapter 5. Finally, Chapter 6 wraps up with the proposed implications of

the work and possibly future directions.
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Chapter 2

RELATED WORK

This work aims to settle itself within a minuscule corner of Artificial General Intelligence

(AGI); the papers that initially primed this investigation were Francois Chollet’s works [19] [1]

that discussed the current narrow limitations of modern deep learning and proposed more

human-based benchmarks of intelligence in AI models. The notion of moving towards bi-

ologically plausible AI (a “bottom-up” approach) to achieve AGI is an ideology shared by

others in the community [20] [21], and is the central dogma of our work as well. On the

other hand, the second main viewpoint studies the higher-level cognitive functions expressed

in terms of mathematical formulae (the “top-down” approach) [22] [20]. Our work does not

count this outlook as invalid; they are two sides of the same coin. However, we believe that

the former path is more feasibly attainable than the latter one due to past studies in the

related fields of psychology, psychometrics, and neuroscience [23] that provide insight on the

foundations of intelligence as an effect of physical anatomy of the brain.

2.1 Deep Neural Networks

We presume that the reader has a basic understanding of deep neural networks (DNN) as a

computational graph with nonlinear activations and that weight updates occur as an effect

of minimizing some loss criteria. Hence, this section provides background on some specifics

of neural networks that are pertinent to the main topic of our study.

2.1.1 Networks with Multiple Objectives

Simple DNNs typically have only one objective to minimize, and usually all of the trainable

weights are updated relative to this error signal. For example, in the case of image classifica-
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tion, a regular DNN outputs a softmax over a vector of class probabilities, and the result is

compared with the input’s corresponding label (which is also vectorized in the same manner).

However there are other DNN models that employ more than one objective function that

can affect different subsets of the entire network.

An example of this is the Generative Adversarial Network (GAN) [24], which trains two

networks (a Generator G and a Discriminator D) with different objectives (G’s goal is to fool

D by generating realistic samples, and D aims to recognize the fake and real samples), and

the antagonistic nature of their alternating training steps lead to empirically good synthetic

samples. While there is still only one global loss function in GANs that propagate the error

signal backwards to both the D and G, the weight updates between D and G are different:

∇θD =
1

m

m∑
i=1

[logD(x⃗(i)) + log (1−D(G(z⃗(i))))] (2.1)

∇θG =
1

m

m∑
i=1

log (1−D(G(z⃗(i)))) (2.2)

In equations 2.1 and 2.2, m, i, and x⃗ represent the same values from the weight updates of

the KRTI and z⃗ is the latent input space that drives G. Comparing equations 1.1 and 1.2

with equations 2.1 and 2.2, the main differences between the KRTI and the GAN are:

1. The KRTI has two loss objectives (classification and reconstruction) while GANs are

trained on only one loss objective (binary classification).

2. The weights of the component networks in GANs are not necessarily shared (i.e. D

and G can exist as separate networks), but the TI depends on the latent space of the

KR as input.

Figure 2.1 visualizes the regular DNN with one objective, the KRTI, and the GAN as a guide

for the reader to understand the architectural differences between them.

Although the idea of the KRTI was originally conceived independently, our literature

review revealed that a previous study by Weston et al. [25] from 2012 that also proposed a
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(a) A regular classifier DNN. (b) A simplified diagram of

the KRTI network.

(c) A simplified architecture

of a GAN.

Figure 2.1: A set of figures of DNN variants. Each type of layer is color coded as follows:

blue for input, red for hidden layers, purple for the supervised output layer, orange for the

AE reconstruction output, and green for the latent space. (a) a simple classifier DNN with

one hidden layer and a single objective. (b) A diagram of the KRTI, with an AE as the KR

and a regular DNN as the TI. There are two objectives in this network, and the encoder

weights are shared between both sub-networks. The latent space z⃗ is fed as input to the

TI, which is driven by the encoder. (c) A diagram of a GAN with its discriminator D and

generator G. There is only one objective from D that will guide the weight updates of both

D and G.
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similar design for deep learning architectures to learn in a semi-supervised manner. Specif-

ically, they discussed using an embedding algorithm (such as kernel methods) to be jointly

trained with a DNN, acting as a regularizer on the supervised signal.

One of the distinctions between our work and theirs is that their family of embedding algo-

rithms are only encoders, whereas the KRs in this study are autoencoders which have both

encoder and decoder sections. They argued that the decoders are an unnecessary hindrance,

as the additional layers and objective add to the cost of training time, but we counter that

their concern is not a limitation with modern technology and with the shallow models we

focus on in our study. Second, in their algorithm they first update the weights of the network

w.r.t. the classification objective first before the embedding function, while in a training step

of the KRTI this order is reversed (i.e. reconstruction loss before label loss). Third, Weston

et al. did not analyze their model’s performance within the context of other meta-learning

tasks as we do; they touch on the topic of few-shot learning (see Chapter 2.3.3) with their

experiments on restricted subsets of MNIST, but they do not acknowledge this explicitly.

2.1.2 Hybrid Models

There are other hybrid models in the literature that demonstrate a better approximation of

human cognitive features that are based on using traditional neural networks as supplements

to a larger system. For example, OpenAI’s CLIP model [26] jointly trains a vision model

(ResNet [15]) with a language model (Transformer [27]) without directly optimizing for a

particular benchmark, which resulted in better generalization performance on other datasets

with similar classes. Interestingly, they also documented the discovery of multi-modal neu-

rons they found in the higher-level layers of their networks that strongly responded to con-

cepts of objects [28].

DreamCoder [29] is a neural program synthesis [30] [31] system that viewed learning as a

form of program induction; DreamCoder is trained on input-output pairs and not only gen-

erated programs in a domain-specific language (DSL) that satisfied the problems but also

bootstrapped its own knowledge base with reusable common concepts from previously seen
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solutions using a variation on the wake-sleep algorithm [32]. To search for these common

motifs in the programs that the system proposed, DreamCoder used a neural network for

efficiency. While we do not touch program induction in this paper, DreamCoder is signifi-

cant because it inspired us to search for techniques and models (such as Hopfield nets) that

have only recently found a resurgence in popularity due to modern computing capabilities

unlocking their feasibility.

The main ideas of the Transformer [27] also served as a loose conceptual inspiration for our

architecture (the original Transformer architecture itself is an autoencoder with specialized

self-attention blocks), in particular the purpose of the query/key/value learnable vectors.

However we do not provide as much of a rigorous mathematical foundation of our architec-

ture as they do. Another key difference is that transformers typically work on an input being

broken up into a sequence, such as the Vision Transformer (ViT) [33] which breaks up an

image into patches; however, in our paper we do not pre-process the images into sequences. A

variant of the ViT called the Token-to-Token Vision Transformer (T2T-ViT) [34] also aimed

to create an efficient ViT architecture that could outperform convolution-based networks

with training on the dataset from scratch; this is similar to how we also compare baseline

E2E models with our hybrid models on different training variations (i.e. pre-training versus

full joint training).

2.1.3 Autoencoders

Autoencoders (AE) are unsupervised DNNs comprised of an encoder network, a decoder

network, and a latent space (where most often the dimensionality of the latent space is

smaller than either of the encoder or decoder layers). The encoder learns features from the

raw input and compresses it into the latent space, while the decoder’s goal is to reconstruct

the original image by processing the latent space as input. AEs are critical to our work

because they are the primary implementation of the KR we have chosen specifically for this

paper. There are two main hyperparameters that AE variants tweak: the latent space and

the loss function. In this paper, we focus only on varying the former, while keeping the latter
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fixed with MSE.

One of the modified AEs we experiment with is the variational autoencoder (VAE) [35],

which deviates from a vanilla AE in that the latent space becomes two fully connected

layers µ⃗ and σ⃗ that we pass as parameters into a multi-dimensional normal distribution to

sample from; the result from this sample then becomes the latent vector z⃗ that the decoder

uses to drive a reconstruction. Additionally, in a VAE the MSE loss is regularized with

the addition of measure the Kullback-Leibler Divergence between the encoder distribution

qϕ(z⃗|x⃗) parameterized by ϕ = (µ⃗, σ⃗) and the prior distribution p(z):

∇θV =
1

m

m∑
i=1

MSE(ˆ⃗x(i), x⃗(i)) +KL(qϕ(z⃗|x⃗(i))||p(z⃗)) (2.3)

2.1.4 Hopfield Networks

A Hopfield network is one of the earliest examples of a neural network, and a special type of

recurrent neural network [36]. In its original formulation from 1984, it had binary activations

and only consisted of fully connected visible units with symmetric weights; for modern Hop-

field networks [37] the activations are continuous and the network supports hidden neurons

as well. In either case, the main goal of a Hopfield network is to store and retrieve “mem-

ories”, and is the primary reason why we chose to include them in our experiments. There

are several other important properties to modern Hopfield networks, but we refrain from

going into more detail because that knowledge is not required to understand the usage of

Hopfield networks in the context of this study. We use Hopfield networks in both the latent

space of the AE (BHAE) and the layer before the output in the classifier network (BSHN),

as visualized in Figure 2.2.

2.1.5 Self-Normalizing Neural Networks & SELU

As DNNs grow deeper, the risk of vanishing or exploding gradients grows unless it is mitigated

by some normalization scheme to control the values. Self-Normalizing Neural Networks
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(a) The Hopfield Network inserted as the latent

space within an autoencoder.

(b) The Hopfield Network inserted at the layer

immediately before the output in a classifier net-

work.

Figure 2.2: Visualizations of the role Hopfield Networks play in the KR and TI variants.
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(SNN) [38] proposed that a network can achieve this with only the scaled exponential linear

unit (SELU) activation function and proper weight initialization, and has been shown to

converge faster and lower on the test error for MNIST with deeper (32 layers) SNNs. We

use SNNs in this paper as the basis for our KR and TI candidate models.

2.2 MNIST & SVHN

The MNIST and SVHN datasets are the main sources we train our models on and generate

results for. We chose to only focus on these two datasets in particular for a few reasons:

1. For the clarity of the study’s main objective. While more datasets would certainly

give us more information about the effectiveness of our hypothesis, this paper is only

considered to be a “first step” and did not aim to be comprehensive in the wide variety

of datasets and tasks in the field of AI (see Chapter 6.2).

2. Conceptual similarity, as both datasets contain the same types of input data (which

are just the ten digits of the decimal system).

3. A notion of increasing difficulty (from MNIST to SVHN); MNIST is a simpler bench-

mark where smaller models can still achieve near perfect test accuracy, while models

trained and evaluated on SVHN have a harder time with naively reaching higher test

scores without considerably more effort.

MNIST [39] is a dataset of 70000 (60000 training, 10000 testing, equal class distributions)

grayscale images and labels of handwritten digits that have been heavily pre-processed. Due

to the image transformations, achieving high test accuracy scores on this dataset is not

difficult; simple neural networks (e.g. two layers, 300 hidden units) have easily achieved

at least 0.95 test accuracy [39], and fine-tuned variations of DNNs such as an ensemble of

convolutional neural networks [40] can reach upwards of 0.99 test accuracy.

SVHN [41] is a dataset of around 99000 (∼ 73000 training, ∼ 26000 testing, unequal class

distributions) images and labels of digits collected from Google Street View. The SVHN



13

(a) A sample from MNIST of the number seven. (b) A sample from SVHN of the number five.

Figure 2.3: Samples from the test sets of MNIST and SVHN.

images are MNIST-like in the way that they are cropped and centered around a single digit,

but the data is colored and may contain distracting elements (e.g. other digits) surrounding

the main digit. Although the dataset is within the same conceptual domain as MNIST,

it is much more difficult to do image classification on because of the complexity of the

input samples. A simple convolutional neural network reaches around 0.71 test accuracy,

and using a deep convolutional generative adversarial network (DCGAN) to learn on the

features before training an SVM classifier on top only improves this by around 0.06 [42]. More

complex (deeper and wider) models (such as some variations of the WideResNet [43] [44])

have reported test set error percentages within 1%.

2.3 Meta-Learning

In its most literal definition, meta-learning is about learning to learn. Rather than solely

focusing on the literal task objective (e.g. reconstructing an image, predicting the correct

class, or making a move that maximizes a score), meta-learning is about how the learn-

ing algorithm can improve itself over the course of training [45]. We describe the relevant

subtopics within meta-learning that the models in our paper have attempted to address.
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2.3.1 Representation Learning

Representation learning is the study of building abstractions of real-world data in order to

effectively optimize the amount of relevant information processed by a model. It can be

thought of as a byproduct objective of unsupervised learning in classical ML, or as an au-

tomated version of feature engineering; the key distinction of representation learning as its

own subfield though is acknowledging the importance of a “good” representation being one

of the salient factors in a performant model. One of the ideal benefits of learning appropriate

representations is to gain a reusable knowledge base in a single model across multiple related

tasks.

There is no exact definition of what constitutes an adequate representation, but [46] rec-

ommended a family of general-purpose priors that the authors proposed as crucial factors.

For example, a model’s architecture (e.g. support vector machines and convolutional neural

networks) is a prior over its own representation learning capabilities (how information is

interpreted and extracted by the model matters) and therefore has a significant impact on

its performance, such as accuracy and sample efficiency. The core part of our paper is using

the idea of representation learning as an explicit meta-learning objective and module in the

hybrid model, rather than being implicit; furthermore, as a consequence of optimizing for

representation learning, we explored how it affects the related meta-learning fields discussed

below.

2.3.2 Transfer Learning

Transfer Learning is about using previous experience to aid in the learning of a new related

task. The most common method of transferring the “knowledge” learned from a model

on one task to another is to create a new model where the former model’s parameters are

used in tandem with the newer learned parameters of the latter. The main problem is

that, to our knowledge, there is no general-purpose architecture nor learning algorithm that

can truly generalize to a wide variety of tasks without additional structural modifications
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(e.g. adding nodes per subsequent problems). [18] is a comprehensive review of the various

modern techniques used to address transfer learning partially, but their experiment results

only conclude their model/algorithm performance still depended on the particular problem.

Our paper experimented with transferring a hybrid model’s learned features between the

MNIST and SVHN datasets.

2.3.3 Few-Shot Learning

Few-Shot Learning (FSL) is the meta-learning task of optimizing model performance when

the training data amount is significantly small. To put it formally, FSL is the machine

learning problem where a model M must learn a task T by achieving a high score on

performance measure P with limited experience E [17]. At its core, the main approaches in

FSL are rooted in the idea that we can use priors (such as data augmentation, model choice,

and parameter optimization algorithm) to aid the search for the optimal hypothesis, despite

sparse training data. There are three intuitive benefits to prioritizing FSL as a model’s

objective [17]:

1. Biological plausibility, approximating how humans learn.

2. Learning for rare cases, when real-world data is scarce.

3. Reducing data-gathering effort.

Several SOTA techniques and models in FSL are organized and described in [17]; among

them, our paper’s hybrid model most closely aligns with the category of models that learn

with external memory, such as the Memory Augmented Neural Network [47]. The autoen-

coder architectures used as the KR in our experiments are essentially a key-value learned

database; one key difference however is that one autoencoder variant we used utilized a

modern Hopfield net that is formulaically equivalent to a generalized Transformer [27]. Fur-

thermore, those models added a temporal component to be learned in their data, whereas in

our hybrid model there is no such extra factor to be explicitly learned.
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2.3.4 Curriculum Learning

Heavily inspired by how humans learn, curriculum learning posits that organizing training

examples in a meaningful order has an impact on the convergence speed and value of the ML

model [48] [49]. In our work, the transfer learning experiments can also be viewed partially

as a form of curriculum learning examples; the MNIST dataset can be classified as “easier”

samples of digit images while the SVHN dataset is considerably more difficult.
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Chapter 3

METHODS

3.1 General KR-TI Parameters

The primary theme across the experiment setups is a series of ablation studies to understand

the contributions of the hybrid architecture in a specific meta-learning environment when

trained on the same labeled dataset and classification task; this involved a variety of neural

networks being mixed and matched based on model depth and type. Figure 3.1 depicts the

variations of the KR and TI we used in this study.

Conceptually, the goal of the KR is to learn information from only raw data. For the KR

subnetwork, we assumed that unsupervised DNNs were an appropriate type of model to

fulfill this role because their learned weights are not influenced by dataset-specific labels.

Specifically, three different variations of autoencoders are candidates for the KR in this pa-

per: vanilla autoencoders (BAE), variational autoencoders (BVAE), and autoencoders with

a Hopfield network as their latent block (BHAE).The reconstruction loss function used to

train these KR networks is the Mean Squared Error (MSE) loss. This is not to say that the

AE is the only possible model that the KR can be, but the simplicity and interpretability of

the AE makes it a good starting point of investigation.

The TI sub-network needed to be a model that supported supervised learning, specifically in

image classification. Rather than the input layer taking in the raw input data, the TI instead

expects the latent dimension of the KR as input to its network. The TI network’s output

layer outputs a softmax, which is fed into a negative log likelihood loss function. Depending

on the training mode, this loss will only reach a portion of the entire KRTI network (see

Chapter 3.3). We also implemented a version of the classification Hopfield network from

[37], which just has a modern Hopfield network inserted before the output softmax layer.
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We were inspired by the classification experiment setup of [37] to generate our KR and TI

sub-networks, where they created a grid search for a feed-forward network based on varying

the number of hidden layers and the number of neurons per hidden layer. We extended this

by also doing a grid search on the latent dimension length specifically for the AEs. A table

with all of the hyperparameters shown (and the actual values selected in bold) is depicted in

Table 3.1; please refer to Appendix A for the full details on the initial grid search results, as

well as some sub-network variant specific hyperparameters. Based on the test accuracy from

E2E models, we decided to use three hidden layers and 256 neurons per hidden layer. When

fixing these hyperparameters for the AE and evaluating on test loss, we found that a latent

dimension length of 128 provided the lowest loss. For the AEs, the number of hidden layers

and hidden units per layer were equally applied to both the encoder and decoder (i.e. three

hidden layers in the encoder, and three hidden layers in the decoder). Figure 3.2 is a diagram

of the general KRTI architecture used in these experiments, with slight variations of the TI

and the latent space of the KR to be anticipated depending on the KRTI combination. Al-

though this grid search is greedy, it significantly decreased the training time of the E2E and

KRTI models on the main experiments, since we ended up with a pool of only eight models

for testing, as opposed to performing the entire architecture grid search for every experiment.

3.2 Data Transformations

As mentioned in Chapter 2.2, the MNIST and SVHN datasets are the only datasets we run

our experiments on in this study. Three main data transformations were needed to be ap-

plied to the MNIST dataset so that the tensor dimensionality would match, and so the same

KR could be used without any architecture modification.

First, the image dimensions needed to match; MNIST images are 28x28, but the SVHN

images are 32x32. We implemented a nearest-pixel resize transformation for both datasets,

but chose to only resize the MNIST images to match the SVHN image dimensions for the
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Figure 3.1: A tree of the KR and TI model variations we experiment with in this study.

There are three different AEs for the KR: the vanilla autoencoder (BAE), the variational

autoencoder (BVAE), and the Hopfield autoencoder (BHAE). For the TI, both networks are

regular feedforward DNNs that use the SELU activation function, but the difference with

the Hopfield classifier (BSHN) is that a Hopfield net is inserted in the layer right before the

output. This means that there are six different KRTI model combinations in this particular

set of components we’ve defined in this study.
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Figure 3.2: The KRTI archetype with chosen hyperparameters labelled per layer type. The

input layer (blue, “I”) has a length of 1024, which is the size of the 32x32 image dimensions

flattened. The hidden layers (red, “H”) each have a length of 256 neurons. In the KR, the

number of hidden layers applies to both the encoder and decoder separately. The latent

space (green, “L”) is 128 neurons wide. The KR’s output layer (orange, “R”) matches the

length of the input layer. The length of the TI’s output layer (purple, “C”) depends on the

number of classes for the tasks (which is just 10).
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Parameter Value

Learning Rates {1× 10−3}

Hidden Layers {1,3, 5, 7}

Hidden Units {64,256, 512, 1024}

Input Resize {32}

Image Channels {3}

Latent Dim {32, 64,128, 256}

Optimizer {Adagrad [50]}

Activation {SELU [38]}

Table 3.1: Table of the hyperparameters used in our KRTI models.

experiments such that all of the images across both datasets being fed into the KR were the

same 32x32 sizes.

Second, SVHN images are in color (three color channels), but the MNIST images are

grayscale (one color channel). Therefore an image transformation that repeated every value

in the tensor two more times was applied to MNIST, effectively transforming each of the

MNIST samples into a colored image that matched the color channel count of the SVHN

images.

Lastly, for the FSL experiment we needed to create smaller training subsets, so we imple-

mented it with a restriction that enforces an equal class distribution in the new dataset (i.e.

the same number of samples per class). The full MNIST dataset has an equal class distribu-

tion (∼ 6000 samples per class), but since SVHN does not have an equal class distribution,

this creates a discrepancy between the maximum subset size between MNIST and SVHN

(please refer to Chapter 2.3.3 for more info).
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3.3 Training Variations

The nature of the subnetworks in the KRTI mean that there are nonstandard variations

on the ways we could have trained the entire network; the KR’s AE has its own separate

objective optimizer, while the entire KRTI’s optimizer can affect both the TI and the AE’s

weights. There are three different scenarios we assessed (visualized in Figure 3.3):

1. Pre-training the KR, and then training the TI with the KR’s weights frozen. When

training the entire KRTI, the TI’s weights are allowed to be updated, but the KR’s

weights remain unchanged.

2. Pre-training the KR, and then training the TI with the KR’s weights unfrozen. When

training the entire KRTI, both the TI’s and KR’s weights are allowed to be updated.

3. The KR and TI are trained jointly with two objectives. Since there are two objectives,

the KRTI’s training step alternates between first calculating the KR’s reconstruction

loss, and then the KRTI’s classification error afterwards.

3.3.1 Training the KR on the Test Set

We also explored the feasibility of continuously learning features with the KR on the test

set while the TI’s weights are frozen since the KR does not rely on labels. It is important to

note that this test variation is still valid for two reasons:

1. When the KRTI is evaluated on its test set accuracy, this ultimately relies on the TI,

while the KR can be interpreted as a learnable pre-processing step. Updating the KR

on the test set surely affects the entire KRTI’s class prediction on a sample, but since

the TI is still frozen during this phase, the test labels do not affect any part of the

KRTI.
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(a) Pre-trained frozen KR. (b) Pre-trained unfrozen KR. (c) End-to-End training with

two objectives.

Figure 3.3: The three main training scheme variations of the KRTI. The light-red circle is the

KR module, while the inner pink circle is the latent block. The blue square is the TI module.

The arrows below the modules represent the path of the signal during a forward pass, and

the arrows above the modules represent the backward pass. (a) The KR is pre-trained, and

then attached to the head of an untrained TI. In the backward pass of the full KRTI, the

KR module’s weights do not change. (b) similar to (a), but the weights of the KR are now

allowed to be influenced by the loss of the classification task. (c) Both the KR and the TI

are trained jointly, with the reconstruction loss objective changing only the KR’s weights

and the classification loss objective affecting TI and the encoder section of the KR.



24

2. The test accuracy is calculated by one pass over the test set, so the KR never sees

a test sample more than once – this could not possibly affect the weights of the KR

drastically enough to overwrite the learned parameters from the training samples that

were repeatedly shown over several epochs.

Empirically the additional training seemingly provides only an insignificant benefit to test

accuracy for the KRTI (see Chapter 4), but it is still an interesting testing variation to

explore within the context of the KRTI being a pseudo-continuous/online learner.

3.4 Experiment Breakdown

Across all experiments, we use the validation loss as a signal for an early stopping mechanism

and the test accuracy as the final performance metric for a model. The four main experiments

are as follow:

1. In the first experiment we observed how the E2E models compared with the KRTI

hybrids trained on a single dataset.

2. We moved on to testing the few-short learning capabilities of the hybrid models by

retraining them on increasingly restrictive subsets of the original training data (e.g.

1000, 100, and 10 samples per class)1. The main idea here is to observe if the KRTI as

an architecture with an explicit representation learning module provides any advantage

in capturing generalizable features from fewer samples when compared to the E2E

models.

3. The transfer learning experiment involved first training a KRTI on MNIST, and then

reusing the same KR for a new KRTI on SVHN. We theorize that the KRTIs should

benefit more from this additive training than the E2E models because the KR would

be learning features that are unbiased by either task.

1We could not use the same subsets across both datasets, since the class distributions were not the same.
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4. The final experiment, closely related to the transfer learning experiment, is when we

reversed the training order and first train on SVHN before training on MNIST. Further-

more, we also examine reconstructions and KRTI performances after transfer learning

when they are evaluated on the datasets they were originally trained on. The jux-

taposition of this experiment with the aforementioned transfer learning experiment is

meant to highlight any salience in the order of the training datasets when training the

KRTIs.

3.5 Implementation Details

The experiments were run on a machine with Windows 11, and an Nvidia RTX 3090 (Am-

pere) GPU for compute acceleration. We chose PyTorch Lightning [51] as the Deep Learning

research framework for our model and experiment implementations, as it provided a conve-

nient API of typical ML callbacks for us to use; the code was written in Jupyter Notebook for

flexible exploratory computing2. To prevent overfitting, we used an EarlyStopping callback

that monitored the validation loss and had the criteria of a 0.01 minimum delta, 0.001 stop-

ping threshold, and a patience of 10 epochs. Due to these parameters, each model required

at least 20 epochs and an average 40 − 50 epochs for training per experiment. Even with

the drastically reduced model count to experiment with, a full suite of experiments needed

about two to three days to complete and record the results. The PyTorch implementation

of the continuous Modern Hopfield Network was provided as a PyTorch layer by Ramsauer

et al. [37]. The code from this paper can be found on GitHub.

2The caveat was that spawning more worker threads for any of the multithread-able PyTorch function-
alities was unavailable on Windows, which lead to considerably longer training times.

https://github.com/valenotary/masters-thesis
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Chapter 4

RESULTS

4.1 Autoencoder Reconstructions

We validated the reconstructions of the standalone autoencoders and the first half of the

KRTIs after training against a baseline test sample from both datasets to be certain that

our implementations were learning appropriate features, as visualized in Figure 4.1. The

MNIST reconstructions appeared to suffer from a higher frequency of nonuniform noise

presumably because of us not imposing an equality restriction for the color components of

a pixel. Although the quality of the SVHN reconstructions varied more than the MNIST

reconstructions, the results were still acceptable enough to move onto the other experiments

without the need for any other hyperparameter tweaking. Furthermore, recall that the KRTI

has two objectives, which both update the encoder weights of our KRs; the image outputs

of the trained KRs and the test accuracy performance of the entire KRTI (discussed in the

sections below) suggests that the alternating updates can still produce shared weights that

benefit both objectives simultaneously.

Figure 4.1: Autoencoder reconstructions of the input data from the MNIST and SVHN

datasets. The leftmost images are the reference images taken from the test sets.
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4.2 Unrestricted Training

After the hyperparameter grid search and reconstruction validation, our first core experiment

involved training the E2Es and KRTIs on MNIST and SVHN separately (i.e. individual

instances per dataset), plotted as a bar graph in Figure 4.3. Originally, with the training

variations and allowing KR weight updates on the test set (Chapter 3.3), there were 32

different models per dataset (64 bars total); this not only made it difficult to see due to the

close proximity of the data, but also the number of models was too large to complete the

next experiments within a reasonable amount of time (see Figure 4.2). We decided to move

forward with only the KRTI hybrids that were trained fully joint and that were allowed to

update the KR on the test set for three reasons main reasons:

1. Pre-training networks is a practice that is already well-known in literature, whereas

the joint training of multiple sub-networks in the KRTI is unique.

2. Similarly, the training of the KR on the test set is also a special feature that is a

consequence of the KRTI – and according to the plot, this does not seem to skew the

data with significant benefits.

3. Although the plot shows that pre-training the KR and training the KRTI does perform

better on average than the full joint training method, it only does so by a relatively

small margin.

Therefore, to ease the understanding of the plots and for the sake of time, we decided to

conduct the following experiments with a smaller subset of KRTIs (bringing our total down

to just eight models per dataset).

Across both datasets, we observed that the E2Es and KRTIs achieved similar test accu-

racy, with a score of about 0.95 − 0.97 on MNIST and 0.72 − 0.77 on SVHN. Despite the

seemingly close results, a majority of the KRTIs still appeared to beat the E2Es (with the gap
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Figure 4.2: Evaluating the different training variations averaged across all KRTI com-

binations test accuracy scores. The first part of each legend item (KR FROZEN,

KR UNFROZEN, FULL JOINT) corresponding to a certain training variation discussed

in Chapter 3.3. The second part (T, F) is a boolean flag to mark if the KR was allowed to

train on the test set during evaluation.

Figure 4.3: A comparison between the E2E and KRTI models’ test accuracy, trained sepa-

rately and fully on the MNIST and SVHN datasets.
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more noticeable on SVHN than on MNIST); in particular, the BHAE+BSHN combination

performed the best among all of the models and on both datasets.

4.3 Restricted Samples (FSL)

We compared the E2Es and KRTIs when trained on varying subsets of the training data with

an equal amount of samples per class. Figure 4.4 shows the results of the models trained

on MNIST, while Figure 4.5 visualizes the results from the models trained on SVHN. We

could not generate the results for the same training samples ranges across both datasets since

SVHN did not have equal class distributions; even though SVHN had more training samples

(∼ 73000) than MNIST (∼ 60000), the largest possible subset of equal class samples created

for SVHN was empirically found to only be around 10000 (1000 per class).

In Figure 4.4, the graph shows that both the E2Es and KRTIs achieved similar scores

Figure 4.4: The effects of varying the number of equal class training samples on the E2E

and KRTI models when trained on the MNIST dataset.
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across all tested subset sample sizes, managed 0.70 − 0.80 trained on only 10 samples per

class, and reached above 0.90 with only 1000 samples per class. Figure 4.5 showed a slightly

different story — the models appeared to perform the same on 10 samples per class, however

the test accuracy variance increased as we expanded the training sample size. At 1000

training samples per class, the BSHN E2E reached the highest test accuracy among the rest

of the models (just under 0.60) and the BAE+BSHN KRTI reached the highest test accuracy

among the hybrid models, around 0.04 below the BSHN.

Figure 4.5: The effects of varying the number of equal class training samples on the E2E

and KRTI models when trained on the SVHN dataset.

4.4 Training on MNIST, then SVHN (TL)

To analyze the transfer learning capabilities of the KRTIs, we first trained a version of the

KRTI on MNIST, and then trained another KRTI (reusing the same KR, but initializing a
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new TI) on SVHN. This was compared against the E2E models that were reused fully across

both datasets (i.e. unlike the KRTIs, no sections of the original network were modified or

replaced). When compared to the results from the first experiment, we observed that the

E2E models actually performed worse (∼ .05− .07) in this transfer learning experiment than

when they were trained on the target dataset solely; conversely, the KRTIs all reportedly

performed better than their counterparts from the first experiment results. Furthermore,

almost all of the KRTIs achieved higher test accuracy than the E2Es with scores of at least

∼ 0.70 (compared to the ∼ .63− .65 test accuracy reported from the E2E), but the exception

to this was the BVAE+BSNN KRTI which reported a score closer to the E2E results.

Figure 4.6: A plot of the models’ accuracy on the SVHN test set after being trained on

MNIST first.

4.5 Training on SVHN, then MNIST (CL)

This is similar to the previous experiment, except the training and evaluation datasets were

switched (i.e. first trained on SVHN, then trained and tested on MNIST afterwards). The
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results of Figure 4.7 were almost identical to Figure 4.3, which were both in the range of

0.95 − 0.97; this suggests that there is little to no benefit of learning from a more complex

task/dataset before moving onto a simpler one.

We investigated this further by observing the KRTI reconstructions of the test samples

Figure 4.7: A plot of the models’ accuracy on the MNIST test set after being trained on

SVHN first.

after being trained on an additional dataset, depicted in Figure 4.8. The reference test

samples used to generate these reconstructions are the same ones from Chapter 4.1; the

image sequence in the top row was the set of reconstructions after performing the experiments

from Chapter 4.4, and the bottom image sequence was from a model trained in this section’s

experiment. The similarity in both rows was that the KRTI was able to reconstruct images

from the most recent dataset they were trained on, however there was a discrepancy in

the quality of the rightmost column of reconstructions: there appeared to be difficulty in

reconstructing the SVHN sample after training on MNIST, while the MNIST reconstruction

after training on SVHN remained interpretable. This further supports the idea that some
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aspect(s) of the datasets affect the KRTIs in such a way that prevent them from naively

improving their performance with the addition of more training samples.

Figure 4.8: A sample of the reconstructions before and after transfer learning. In either row,

the left and middle images are reconstructions from the KR after the KRTI is trained on the

respective dataset. The images from the right column are reconstructions of the test sample

from the dataset the model was originally trained on.



34

Figure 4.9: A plot of the test set accuracy of the models after transfer learning. Compared to

Figure 4.3, the reevaluated test accuracy has fallen well below half of the original percentage

scores for both datasets.



35

Chapter 5

DISCUSSION

One of the takeaways from the results reported in the previous chapter was that the

model performance was not dominated by the architecture only, but by the complexity of

the datasets as well. Firstly, MNIST is clearly too easy of a dataset, because every E2E and

KRTI model achieved similarly high test accuracy scores across each experiment, and the

effects of these variations, if any, are not as clearly distinguished as they are in SVHN. In

the first two experiments, we observed that the KRTIs achieved similar test accuracy scores

relative to the E2Es, which indicated that the features learned by the KR do not provide any

benefit to the training or performance on a single dataset. In the FSL experiment, the KRTI

combinations achieved varying results as we increased the amount of training samples per

class in SVHN, suggesting that some of the models have may have certain properties that

allow them to learn generalized features with fewer samples better than others. Ultimately

none of the KRTIs achieved a significantly higher accuracy than the E2Es on any sample

subset size.

In the third and fourth experiments that dealt with transfer learning and curriculum learning

respectively, the KRTIs did appear to have a more noticeable benefit to the test accuracy

scores over the E2Es when transferring to the SVHN dataset, however the same could not be

said for MNIST. This suggests that there are features learned in the KR from MNIST that

aid in the additional training on SVHN, and the variance in the scores among the models also

indicate that the components used in the KR and TI have an impact on this effectiveness as

well.

Lastly, the results of Figure 4.8 are interesting because the training order on the datasets

appear to matter in the KRTI’s ability to reconstruct data previously trained on. The KRTIs
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appeared to “forget” how to reconstruct samples from SVHN after being updated on MNIST,

but not the other way around. Additionally, Figure 4.9 shows that the entire KRTI performs

poorly when reevaluated on the original dataset they were trained on after transfer learning.

On both test datasets, they report accuracy scores below half of what they originally scored

(compared to Figure 4.6 and Figure 4.7), again supporting the idea of the KRTI seemingly

“forgetting” about older data. There were some plausible explanations to this behavior that

we considered. One possible explanation is the difference in complexity between the datasets,

since the MNIST data are cleaner, simpler, and more uniform than the data from SVHN.

Perhaps because of this, training on MNIST initializes the weights in such a way that does

not drastically affect the the KR when trained on SVHN afterwards, and that conversely the

weights of the KR are essentially overridden when training from SVHN to MNIST. Another

feasible reason might be that the class distribution discrepancy between MNIST and SVHN

may affect how the KR memorizes certain class patterns. Further investigation in the training

variations of the KRTI will be required to shed a better light on the cause and solution.
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Chapter 6

CONCLUSION

We implemented our proposed KRTI neural network, comprised of a two-part objective

optimizer that utilized an AE at the head of the network for representation learning and a

supervised network at its tail for task-specific classification. We evaluated its performance

across four main experiments on the MNIST and SVHN datasets, with a variety of combina-

tions of its sub-module types and training schemes. The following points are the definitive

takeaways from this work:

• When compared to the E2E classification networks, the KRTI variants performed com-

paratively the same in terms of test accuracy percentages. For one, this shows that

although they are relatively deeper than the E2Es, they are not prone to overfitting.

However, more critically this shows that this hybrid architecture does not simply give

us performance out of the box in the typical training setting where we only optimize

for the dataset/task.

• In the few-shot learning scenario, we observed that the KRTI networks have a greater

variance in performance across restricted training sample sizes on the SVHN dataset,

but none of them outperform the E2Es.

• In the transfer-learning experiment where the models are first trained on MNIST before

training on SVHN, we saw that the KRTIs clearly had an advantage on the SVHN

target dataset over the E2E models. In fact, when compared to the first experiment

where the models are trained solely on one dataset, the E2E models perform worse

when they are transferred from MNIST, but the KRTIs perform better than when

they are trained just on MNIST. We attribute this behavior to the idea that the
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E2E model’s learned representations are inflexible to adapting to the target dataset,

whereas the KRTI is more flexible with its KR module reused across both datasets and

the creation of a new TI per dataset.

• In the curriculum learning experiment, the results show that across both datasets, the

order in which we train the KRTI models on matter; the hybrid architecture achieved

a higher test accuracy when they are first trained on MNIST before being introduced

to SVHN. Not only this, but also that the KRTIs show signs of “forgetting” about the

datasets they were originally trained on after transfer learning.

While our work was not able to successfully show any significant benefit to the KRTI ar-

chitecture, we still find the results important as first-steps towards understanding how this

hybrid model performs within the contexts of different meta-learning objectives. Each of

of the meta-learning subfields we focused on have a plethora of models that tackle their

problems separately, but our study is unique because we analyzed how our proposed ar-

chitecture performed in multiple meta-learning objectives altogether. We have shown that

naively constructing this hybrid model with a small variety of candidate sub-models still

performs comparatively the same as their E2E counterparts, and in certain settings (e.g. the

transfer learning experiment) can even perform marginally better; now we can move forward

with finding the optimal model parameters that can increase the average KRTI performance

even further (see Chapter 6.2 for more suggestions on this front).

Furthermore, as a consequence of how the KRTI was constructed, we showed that by just

naively alternating the weight updates from the KR and TI’s loss objectives, we still were

able to create shared weights (e.g. the encoder portion of the AE was shared by both the

KR and TI) that empirically balanced the KR’s reconstruction quality and the TI’s test

accuracy. The KRTI also inadvertently contributes to the idea of model interpretability,

as we have been able to indirectly validate the learned representations of the KR from the

reconstruction outputs.
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6.1 Limitations

Although the results from this paper demonstrate the feasibility of this hybrid architecture

for more generalizable models, our scope was extremely limited with the model choices and

dataset complexities. MNIST and SVHN are essentially toy datasets that already have fine-

tuned solutions recorded in the literature – the current KR and TI choices do not provide

any significant benefit over E2E models trained on the datasets solely, and we were unable to

explore other problem domains that would have given us a broader view of the architecture’s

impact on model performance in meta-learning tasks. This supports the idea that there is a

two-way dependency on the data complexity and the robustness of the sub-network model

choices; the set of KRTI combinations in this paper were clearly lacking critical functional

pieces that would have captured the intricacies of the SVHN dataset.

A possible shortcoming might have been the grid search of hyperparameters, since we gener-

ated them from sub-networks that were trained separately instead of altogether. For example,

perhaps the AEs of the KR could have benefited from a different hidden layer count than the

TI. This combined grid search however would blow up combinatorially, so a heuristic would

most likely be needed to control the trade-off between the grid search time and being able

to actually conduct the experiments.

6.2 Future Work

The first main direction of future work could come from diving deeper into the literature to

find other candidate models for the KR and TI sub-networks, such as Spiking Neural Net-

works [52] or Vision Transformers [33]. Additionally, we should investigate how reweighing

the two objective losses with some scalar coefficients might affect the model performances, as

currently we do not implement hyperparameters to control how much both losses influence

their respective network sections.

When we find a KRTI combination that does perform better in all four of these originally
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proposed experiments, we can move onto exploring how the KRTIs perform on other datasets;

not only on other popular image datasets such as CIFAR [53] and ImageNet [54], but also

datasets from other domains such as NLP.

Furthermore, we were unable to give any concrete mathematical proofs to the behavior of

the KRTI in the experiments, only empirical plausibilities; the models we ended up exper-

imenting with were chosen for their simplicity or readiness in implementation (such as the

Hopfield Network [37]). Delving into the math underneath these implementations would

provide key insights to empirical behavior of the KRTI as a whole.

Now that there is a baseline for the simple addition of an explicit representation learning

module in a neural network, we can also experiment with adding other sub-networks, or

specifically tackle another meta-learning objective for a more modular neural network and

a better understanding of how these meta-learning objectives contribute to higher levels of

intelligence in AI.
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HYPERPARAMETER GRID SEARCH

Model Name Dataset Name # of Layers # of Trainable Parameters Estimated Model Size (MB) Test Loss Test Accuracy

BSNN 1 64 mnist 7 197322 1.201504 0.13283874094486237 0.9710000157356262

BSNN 1 256 mnist 7 789258 3.6184 0.10927214473485947 0.9772999882698059

BSNN 1 512 mnist 7 1578506 6.840928 0.15704329311847687 0.9749000072479248

BSNN 1 1024 mnist 7 3157002 13.285984 0.18791453540325165 0.9768000245094299

BSNN 3 64 mnist 9 201482 1.234528 0.108543261885643 0.9707000255584717

BSNN 3 256 mnist 9 855050 3.947104 0.11137384176254272 0.9761999845504761

BSNN 3 512 mnist 9 1841162 8.022624 0.2002382129430771 0.9728999733924866

BSNN 3 1024 mnist 9 4206602 17.746528 0.2574540972709656 0.9743000268936157

BSNN 5 64 mnist 13 209802 1.300576 0.09437792003154755 0.9775999784469604

BSNN 5 256 mnist 13 986634 4.604512 0.12267565727233887 0.9747999906539917

BSNN 5 512 mnist 13 2366474 10.386016 0.16003504395484924 0.9724000096321106

BSNN 5 1024 mnist 13 6305802 26.667616 0.16247911751270294 0.9772999882698059

BSNN 7 64 mnist 17 218122 1.366624 0.09978882968425751 0.9733999967575073

BSNN 7 256 mnist 17 1118218 5.26192 0.12426723539829254 0.9733999967575073

BSNN 7 512 mnist 17 2891786 12.749408 189.82421875 0.9670000076293945

BSNN 7 1024 mnist 17 8405002 35.588704 0.1729157567024231 0.9710000157356262

BSNN 1 64 svhn 7 197322 1.201504 0.9748027920722961 0.7315611839294434

BSNN 1 256 svhn 7 789258 3.6184 0.9763710498809814 0.7306007742881775

BSNN 1 512 svhn 7 1578506 6.840928 1.138135313987732 0.6806622743606567

BSNN 1 1024 svhn 7 3157002 13.285984 0.9724206328392029 0.748578667640686

BSNN 3 64 svhn 9 201482 1.234528 0.9315505623817444 0.731945276260376

BSNN 3 256 svhn 9 855050 3.947104 0.8766571879386902 0.7569913864135742

BSNN 3 512 svhn 9 1841162 8.022624 0.9407941102981567 0.7231868505477905

BSNN 3 1024 svhn 9 4206602 17.746528 1.0281543731689453 0.7115089297294617

BSNN 5 64 svhn 13 209802 1.300576 0.8721225261688232 0.7429701685905457

BSNN 5 256 svhn 13 986634 4.604512 1.030293583869934 0.6900737285614014

BSNN 5 512 svhn 13 2366474 10.386016 2.427436590194702 0.11070989817380905

BSNN 5 1024 svhn 13 6305802 26.667616 1.1425855159759521 0.6763598918914795

BSNN 7 64 svhn 17 218122 1.366624 0.9078353643417358 0.7195374965667725

BSNN 7 256 svhn 17 1118218 5.26192 2.2826740741729736 0.19587430357933044

BSNN 7 512 svhn 17 2891786 12.749408 2.2683629989624023 0.19587430357933044

BSNN 7 1024 svhn 17 8405002 35.588704 2.353313684463501 0.19587430357933044

Table A.1: The baseline hyper-parameter search, varying the number of hidden layers and

nodes per layer. The network is a simple feed-forward neural network with layers using

the SELU activation (otherwise known as Self-Normalizing Neural Networks [38]). The

combinations are evaluated on both the MNIST and SVHN datasets separately, and we used

the architecture that lead to the highest test accuracy across the datasets. We ultimately

landed on three hidden layers with 256 neurons per layer, and apply this template architecture

to all of the other model types we experiment with.
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Model Name Number of Heads Beta Dataset Name Test Accuracy

BSHN 3 256 1 10.0 1 10.0 mnist 0.9812999963760376

BSHN 3 256 1 1.0 1 1.0 mnist 0.9796000123023987

BSHN 3 256 1 0.1 1 0.1 mnist 0.9779000282287598

BSHN 3 256 1 0.01 1 0.01 mnist 0.9807999730110168

BSHN 3 256 1 0.001 1 0.001 mnist 0.9779999852180481

BSHN 3 256 4 10.0 4 10.0 mnist 0.9768999814987183

BSHN 3 256 4 1.0 4 1.0 mnist 0.9735999703407288

BSHN 3 256 4 0.1 4 0.1 mnist 0.979200005531311

BSHN 3 256 4 0.01 4 0.01 mnist 0.9775999784469604

BSHN 3 256 4 0.001 4 0.001 mnist 0.9786999821662903

BSHN 3 256 8 10.0 8 10.0 mnist 0.9804999828338623

BSHN 3 256 8 1.0 8 1.0 mnist 0.977400004863739

BSHN 3 256 8 0.1 8 0.1 mnist 0.9764999747276306

BSHN 3 256 8 0.01 8 0.01 mnist 0.9765999913215637

BSHN 3 256 8 0.001 8 0.001 mnist 0.973800003528595

BSHN 3 256 16 10.0 16 10.0 mnist 0.9740999937057495

BSHN 3 256 16 1.0 16 1.0 mnist 0.9745000004768372

BSHN 3 256 16 0.1 16 0.1 mnist 0.9779000282287598

BSHN 3 256 16 0.01 16 0.01 mnist 0.9750999808311462

BSHN 3 256 16 0.001 16 0.001 mnist 0.9769999980926514

BSHN 3 256 32 10.0 3 10.0 mnist 0.9702000021934509

BSHN 3 256 32 1.0 32 1.0 mnist 0.9732000231742859

BSHN 3 256 32 0.1 32 0.1 mnist 0.9782000184059143

BSHN 3 256 32 0.01 32 0.01 mnist 0.9743000268936157

BSHN 3 256 32 0.001 32 0.001 mnist 0.9732999801635742

BSHN 3 256 1 10.0 1 10.0 svhn 0.7851490378379822

BSHN 3 256 1 1.0 1 1.0 svhn 0.7578749060630798

BSHN 3 256 1 0.1 1 0.1 svhn 0.7617547512054443

BSHN 3 256 1 0.01 1 0.01 svhn 0.7730485796928406

BSHN 3 256 1 0.001 1 0.001 svhn 0.7743546366691589

BSHN 3 256 4 10.0 4 10.0 svhn 0.773279070854187

BSHN 3 256 4 1.0 4 1.0 svhn 0.7735095024108887

BSHN 3 256 4 0.1 4 0.1 svhn 0.783074676990509

BSHN 3 256 4 0.01 4 0.01 svhn 0.7747387886047363

BSHN 3 256 4 0.001 4 0.001 svhn 0.7573371529579163

BSHN 3 256 8 10.0 8 10.0 svhn 0.7462354302406311

BSHN 3 256 8 1.0 8 1.0 svhn 0.7614474296569824

BSHN 3 256 8 0.1 8 0.1 svhn 0.7438921332359314

BSHN 3 256 8 0.01 8 0.01 svhn 0.7453134655952454

BSHN 3 256 8 0.001 8 0.001 svhn 0.7673632502555847

BSHN 3 256 16 10.0 16 10.0 svhn 0.09691917896270752

BSHN 3 256 16 1.0 16 1.0 svhn 0.15938076376914978

BSHN 3 256 16 0.1 16 0.1 svhn 0.19587430357933044

BSHN 3 256 16 0.01 16 0.01 svhn 0.19587430357933044

BSHN 3 256 16 0.001 16 0.001 svhn 0.09691917896270752

BSHN 3 256 32 10.0 32 10.0 svhn 0.11070989817380905

BSHN 3 256 32 1.0 32 1.0 svhn 0.15938076376914978

BSHN 3 256 32 0.1 32 0.1 svhn 0.11070989817380905

BSHN 3 256 32 0.01 32 0.01 svhn 0.19587430357933044

BSHN 3 256 32 0.001 32 0.001 svhn 0.19587430357933044

Table A.2: Hopfield hyperparameter grid search results.
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Model Name Latent Dimension Length Dataset Name Test Loss

BAE 3 256 8 8 mnist 0.016873251646757126

BAE 3 256 16 16 mnist 0.011147977784276009

BAE 3 256 32 32 mnist 0.009475179016590118

BAE 3 256 64 64 mnist 0.006305108778178692

BAE 3 256 128 128 mnist 0.005166282877326012

BAE 3 256 8 8 svhn 0.00904475525021553

BAE 3 256 16 16 svhn 0.006857775151729584

BAE 3 256 32 32 svhn 0.005802800878882408

BAE 3 256 64 64 svhn 0.0070210788398981094

BAE 3 256 128 128 svhn 0.005341238342225552

Table A.3: Searching for the optimal latent dimension length in the basic autoencoder (within

the model name, represented as the number after the last underscore), based on the archi-

tecture’s test loss across both datasets.
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