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Abstract

Scaling laws which predict the optimal balance between number of model parameters
and number of training tokens given a fixed compute budget have recently been developed
for language transformers. These allow model developers to allocate their compute budgets
such that they can achieve optimal performance. This thesis develops such scaling laws for
the Biosignal Transformer trained separately on both accelerometer data and EEG data.
This is done by applying methods used by other researchers to develop similar scaling laws
for language transformer models. These are referred to as the iso-FLOP curve method and
the parametric loss function method.

The Biosignal Transformer model is a transformer model which is designed specifically
to be trained on tasks that use biosignals such as EEG, ECG, and accelerometer data as
input. For example, the Biosignal Transformer can be trained to detect or classify seizures
from EEG signals. The Biosignal Transformer is also of particular interest because it is
designed to use unsupervised pre-training on large unlabeled biosignal datasets to improve
performance on downstream tasks with smaller labeled fine-tuning datasets. This work
develops scaling laws which optimize for the best unsupervised pre-training loss given a
fixed compute budget.

Results show that the developed scaling laws are successful at predicting a balance
between number of parameters and number of training tokens for compute budgets five
times larger than those used to develop them such that pre-training loss is minimized.
Researchers who intend to scale up the Biosignal Transformer should use these scaling
laws to attain optimal pre-training loss from their given compute budgets when applying
unsupervised pre-training with the Biosignal Transformer.
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Chapter 1

Introduction

Transformer models are a class of artificial neural networks which were initially proposed
in 2017 [37] to be applied to language modeling tasks. In recent years, a class of language
modeling transformers called large language models have led the way in significant per-
formance improvements for language modeling tasks [35, 32, 9, 36, 4, 30]. These models
achieve this high performance level through significant increases in model size and training
dataset size. At these massive scales, the costs to train such a model are significant. This
makes the efficient use of a compute budget of paramount importance. As such, research
has been done to create scaling laws for large language models which predict the optimal
balance of number of model parameters versus number of training tokens seen during train-
ing [20, 16]. These scaling laws usually take the form of power law relationships between
the compute budget (measured in floating point operations (FLOP)) and each of number
of tokens and number of parameters [20, 16].

While transformers have been leading the way in advances in language modeling, they
are also more commonly being applied with success to other areas such as computer-vision
[11, 12, 21] and signal processing [38, 15]. Of interest to this thesis is biosignal processing.
The Biosignal Transformer (BIOT) [43] is a transformer model which can be applied to
tasks such as seizure detection and classification with electroencephalogram (EEG) data,
arrhythmia detection and classification with electrocardiogram (ECG) data, and human
activity recognition (HAR) with accelerometer data.

BIOT is particularly of interest since it is designed to make use of unsupervised pre-
training1 on unlabeled datasets of biosignals before being fine-tuned on one of the previously
listed tasks. This makes it a good candidate for upscaling since acquiring large amounts

1Some may refer to this as self-supervised learning which is a subset of unsupervised learning. Yang et
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of unlabeled data is less challenging than acquiring large datasets of labeled data. A
first step towards scaling up BIOT is to develop a scaling law which predicts the best
balance of number of model parameters and number of training tokens for larger compute
budgets. In this thesis, I adopt the power law model of compute-optimal scaling laws and
apply methods used by Hoffmann et al. [16] in their development of such a scaling law
for language transformers to fit scaling laws for BIOT with both EEG and accelerometer
data. This should be useful to researchers intending to improve performance on biosignal
processing tasks by scaling up BIOT as well as those interested in developing foundational
models for biosignal processing tasks using BIOT.

1.1 Summary of Contributions

The goal of this thesis is to develop a scaling law for BIOT [43] which predicts the balance
of number of parameters and number of training tokens for a given compute budget which
will minimize unsupervised pre-training loss with enough accuracy for it to be useful for
other researchers who intend to scale up BIOT. I do this separately for BIOT pre-trained
on accelerometer data and for BIOT pre-trained on EEG data. For each modality, I apply
two of the three methods defined by Hoffmann et al. [16] in their development of a scaling
law for language transformer models. I then test the resulting scaling laws similarly to how
Hoffmann et al. [16] test theirs.

The result of this work is 2 scaling laws for unsupervised pre-training of BIOT on
accelerometer data and 2 scaling laws for unsupervised pre-training of BIOT on EEG
data. Researchers and developers who wish to scale up BIOT with larger unsupervised
pre-training compute budgets can use these scaling laws to predict the best balance of
number of parameters and number of training tokens to get the lowest pre-training loss
from their efforts.

• In Chapter 2, an overview of relevant literature is provided.

– Section 2.1 discusses the original work by Vaswani et al. [37] which first proposed
the transformer architecture. Topics including the attention mechanism, multi-
head attention, and encoder vs decoder architectures are discussed.

– Section 2.2 discusses language transformers and specifically the work of Devlin
et al. [10] in their development of the Bidirectional Encoder Representations

al. [43] refer to their method of pre-training on unlabeled biosignal data as “unsupervised pre-training”.
To maintain consistency with their work, that same terminology is used here.

2



from Transformers (BERT) model. Particular focus is given to methods for
generating embeddings for text as well as the pre-training tasks used for this
and other similar language transformer models.

– Section 2.3 discussed the BIOT [43] model architecture. The method it uses
to generate embeddings for biosignals, the model’s architecture, as well as its
chosen pre-training tasks are presented with some comparisons made to language
transformers such as BERT [10].

– Section 2.4 discusses maximal update parametrization [44]; a method for allow-
ing hyperparameter transfer between models of different sizes.

– Section 2.5 discusses the work of Hoffmann et al. [16] on developing a scaling
law to predict the optimal number of model parameters and number of training
tokens for language transformer models with a given compute budget. The two
methods adapted from that work in this thesis are discussed in most detail.

– Section 2.6 discusses the work of Kaplan et al. [20] in which they develop scaling
laws for many aspects of neural language models including to model the optimal
allocation of compute budget.

• In Chapter 3 the work done to prepare for scaling law development prior to the
implementation of Hoffmann et al.’s [16] methods is documented.

– Section 3.1 discusses the accelerometer and EEG datasets used for pre-training
and evaluating BIOT.

– Section 3.2 documents the implementation of maximal update parametrization
[44] for BIOT.

– Section 3.3 documents the selected hyperparameters and approaches used to
select them.

– Section 3.4 explores the potential for overfitting by repeating training data at
different frequencies and discusses the potential presence of overfitting in the
development of the scaling laws.

• In Chapter 4 the two chosen methods from the work of Hoffmannet al. [16] are applied
to BIOT [43] in order to develop a scaling law for each dataset using each method.

– Section 4.1 documents an attempt at applying the iso-FLOP curve method to
develop a scaling law with accelerometer data which results in a scaling law
which is found to be inaccurate.

3



– Section 4.2 documents an attempt at applying the iso-FLOP curve method to
develop a scaling law with accelerometer data again, with some modifications
made based on observations from the first attempt, which results in an accurate
scaling law.

– Section 4.3 documents an attempt at applying the parametric loss function
method to develop a scaling law with accelerometer data which results in a
scaling law which is found to be accurate.

– Section 4.4 documents an attempt at applying the iso-FLOP curve method to
develop a scaling law with EEG data which results in a scaling law which is
found to be accurate.

– Section 4.5 documents an attempt at applying the parametric loss method to
develop a scaling law with EEG data which results in a scaling law which is
found to be accurate.

• In Chapter 5 the results of this thesis are summarized, conclusions and recommen-
dations are made, and future work is discussed.

4



Chapter 2

Background

In this section, important background information for this thesis is presented. Each sub-
section effectively summarizes a relevant academic publication. The reader with existing
experience in language transformers will likely be already familiar with the works presented
in Sections 2.1 and 2.2 as they review the architectures of language transformers. However,
Sections 2.3, 2.4, 2.5, and 2.6 may be new to most and are highly referenced throughout
this thesis.

2.1 Transformers

Before transformers were introduced by Vaswani et al. [37] in 2017, convolutional and
recurrent networks which used attention were state-of-the-art for sequence transduction
tasks such as language translation [37]. Transformers were designed to use attention but
to avoid both convolution and recurrence as these architectural designs lead to computa-
tional inefficiencies in training and inference [37]. Namely, recurrent neural networks are
not very parallelizable. Avoiding recurrence can allow models to be fit more efficiently
using available hardware. Convolutional neural networks require an increasing number of
computations to apply attention to tokens which are further away from each other in a
sequence. This issue is not present in transformers as the computational cost to apply
attention between any two tokens is independent of distance within the sequence [37]. By
avoiding these inefficiencies but still taking advantage of attention, transformers were shown
to outperform other models (even ensemble models) significantly in machine translation
tasks [37].

5



Figure 2.1: Scaled dot product attention proposed by Vaswani et al. [37]. This diagram
includes a masking operation which can be used for masked language modeling as described
next in Section 2.2. Adapted with permission from [37]

Attention involves query, key, and value vectors. These are linear projections of the
attention mechanism’s input which are governed by learned projection matrices Wq, Wk,
and Wv respectively. Query and key vectors have dimensionality of dk and value vectors
have dimensionality of dv. Vaswani et al. [37] compute attention by first staking all query,
key, and value vectors generated from a given sequence into matrices Q, K, and V . Then,
the dot-product attention is given by:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V [37] (2.1)

Vaswani et al. [37] note that scaling by 1√
dk

was a novelty in dot-product attention which
allows it to perform well even as dk becomes large. They theorized that since the variance
(and average magnitude) of the dot-product of query and key vectors grows proportionally
to dk, the optimization of models with larger dk will be hindered by exceedingly small
gradients of the softmax function for large values. Scaling by 1√

dk
helps to mitigate this.

A diagram representing this scaled dot-product attention is shown in Figure 2.1.

Although this method is able to overcome some of the drawbacks of convolutional and
recurrent blocks, Vaswani et al. [37] identify a new weakness. The heavy averaging in
the attention mechanism reduces effective resolution. To solve this, multi-head attention
was introduced [37]. In somewhat similar fashion to convolutional neural networks with
many kernels, multi-head attention applies the attention mechanism multiple times, with
separately learned weights, in parallel. For example, a multi-head attention block with 4
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Figure 2.2: Multi-head attention. Adapted with permission from [37]

heads would learn 4 separate instances each of the Wq, Wk, and Wv weights. In parallel,
4 unique groups of Q, K, and V matrices are created and subjected to the dot-product
attention mechanism described by equation 2.1. Then, the outputs are concatenated to
be passed to the next stage of the model. This allows a finer resolution to be maintained
while also permitting parallel computation and long-distance attention [37]. The multi-
head attention mechanism is depicted visually in figure 2.2.

In order to easily compare models with similar numbers of parameters and similar com-
pute requirements, the dimensionality of models employing multi-head attention is usually
stated to be dmodel = nheads × dk/v where dk/v = dk = dv as is common in most transformer
models. In this way, models with identical dmodel have similar compute requirements re-
gardless of number of heads.

A transformer model is typically made up of many layers of attention mechanisms inter-
spersed with feed forward layers (also known as dense or fully connected). The arrangement
of such blocks to create a single “transformer layer” is dependent on the type of transformer
in which it is found. Transformers can be encoder transformers [10, 43], decoder trans-
formers [4], or both [37]. The main difference between encoder and decoder transformers
is that decoders use auto-regressive modeling to generate output [26]. This means that
for a language modeling task requiring text generation, the decoder (or encoder-decoder)
will generate one piece of text at a time based on the input and on the pieces of text
which have already been generated but not those which will be generated next [26, 37].
An encoder-only model does not do this and instead generates its output all at once [10]
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Figure 2.3: Transformer architecture proposed by Vaswani et al. The structure for an
encoder block is displayed on the left while the structure for a decoder block is displayed
on the right. Adapted with permission from [37]
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which makes it more suitable for language tasks such as text classification rather than for
text generation.

As shown in Figure 2.3, the original transformer designed by Vaswani et al. [37] included
encoder blocks which consist of a multi-head attention layer followed by a single fully
connected layer. Each of these are also bypassed by residual connections and followed by
a normalization layer. The design of the decoder blocks for this original transformer is
also displayed in Figure 2.3 but is not relevant to the rest of this thesis and will not be
discussed further.

2.2 Language Transformers

Although transformers are used for sequence modeling tasks outside of language (including
in this thesis) they were originally developed for natural language processing tasks [37].
As such, it is useful to briefly discuss some aspects of transformers in this light, before
explaining how they are adapted for other tasks.

In order to convert text into a computable form, a tokenization strategy is employed.
Tokenization breaks text into small sequences of letters called tokens [41]. For a given
tokenization scheme, there will be a given number of tokens (for example 30,000) available
to be assigned to sequences of characters. These sequences are chosen through optimization
strategies to minimize the number of tokens required to express a given training set of
natural language [41]. This leads to most tokens being either whole common words or
sequences of characters which are often found together. For example, “they” and “ing”
may be assigned a token each as those sequences should be common in natural language
while “cacophony” or “xzrt” would likely be rare and unseen respectively and thus not be
assigned tokens.

For each token, a vector embedding is then generated resulting in an embedding matrix
representing all token embeddings [10, 37]. In order to embed a sequence of text, the text is
split into the fewest tokens possible, then the embeddings for those tokens are used as input
to the transformer model. However, other information is often encoded as well. For exam-
ple, the encoder-only transformer model BERT [10] also uses positional and segmentation
embeddings. The position embedding is unique for each token in an input sequence based
on how many tokens come before it [10]. The segmentation embedding varies depending
on which segment a token belongs to. For example, for text containing a question and
an answer, the tokens which make up the question may be given a different segmentation
embedding than those which make up the answer [10]. This is also particularly useful for
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unsupervised pre-training. The three embeddings are summed for each token resulting in
a final embedding [10]. The sequence of input embeddings is then passed as input to the
first transformer layer of the model.

Since there exists such a large amount of freely-available unlabeled natural language
data on the internet (such as from Wikipedia), unsupervised pre-training has been a large
factor in recent advancements in natural language processing performance [4, 36, 9, 32,
35, 30, 26]. BERT [10] uses two distinct pre-training tasks. The first is masked language
modeling in which some percentage of the input text is masked (hidden from the model).
This is done within the scaled dot-product attention mechanism, as shown in Figure 2.1.
The model must then predict what text was removed from the input data based on what
text remains. The other main pre-training task is next-sentence prediction. For this task,
BERT [10] is presented with two sentences and is asked to predict whether the second
sentence actually follows the first as found in the dataset, or if the second sentence was
randomly chosen from elsewhere in the dataset. The two distinct sentences are identified
in the model’s input by using the same segmentation embedding value for the tokens which
are part of the first sentence and a different segmentation embedding value for the tokens
which are part of the second [10].

Tokenization, embedding, and unsupervised pre-training tasks are paramount to the
successful application of transformers for natural language processing. In order to ap-
ply transformers to other domains such as biosignal processing, these practices must be
specially adapted for them.

2.3 BIOT

BIOT [43] is an encoder-only transformer architecture which has adapted tokenization,
embedding, and pre-training tasks for multichannel biosignals. The first step to tokenize
such a signal is to divide each channel into overlapping windows of signal. Each of these
windows is then treated as a token. For each token, a spectral embedding, a channel embed-
ding, and a positional embedding is generated [43]. The channel embeddings are learned
in an embedding table similar to segment embeddings in BERT [10]. However, in this case,
there may be more than only 2 segments depending on the specific biosignal. For example,
EEG data could have more than 20 channels [28]. The relative position embeddings are
generated using the sin and cosine functions and are therefore not learned [43]. Finally,
the spectral embedding is generated by first applying a fast-Fourier-transform (FFT) to
the signal. Then, the resulting frequency energy vector is passed to a feed forward network
to generate the final spectral embedding. This is BIOT’s [43] counterpart to BERT’s [10]
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token embeddings. As is done for BERT [10], the 3 embeddings are summed together to
create the final embeddings [43]. These are then passed as input to the transformer net-
work for further processing [43]. The final step is to apply mean pooling across the encoded
sequence such that the output of the model is a single vector with the same length as each
input embedding was [43].

In order for BIOT [43] to leverage unsupervised pre-training as language transformers
do, a pre-training task was developed for it. First, a biosignal sample is perturbed by
dropping out a random subset of the sample’s channels and then also dropping out a
random subset of the tokens in the remaining channels [43]. Then, both the perturbed
signal and the intact signal are passed through BIOT to obtain a perturbed encoding and
an intact encoding for the sample [43]. The task is then to recover the intact encoding by
way of the perturbed encoding. A small feed forward network is thus used to transform the
perturbed encoding into a predicted intact encoding [43]. Then, within a training batch,
each intact encoding is compared through the dot-product operation with each predicted
intact encoding. Cross-Entropy loss can then be applied to encourage dot-products which
are between encodings from the same sample to be high and for dot-products which are
between encodings from different samples to be low. This overall process has been used
in other domains such as image processing and is known as contrastive learning [8]. The
described objective function is shown below:

L = CrossEntropyLoss(Softmax(⟨Z, Z̃⟩/T ), I) (2.2)

where L is loss, Z is the intact encoding, Z̃ is the predicted intact encoding, and T is
temperature (set to 0.2) [43].

Yang et al. [43] show that this use of contrastive learning for pre-training their BIOT
model is able to improve performance on downstream tasks. For example they show that
BIOT can be pre-trained on datasets of resting EEG signals in order to improve its perfor-
mance on seizure detection or classification tasks on separate EEG datasets [43]. Similarly,
they show that pre-training on ECG signals improved performance on the task of arrhyth-
mia detection in other datasets. Yang et al. [43] also showed that BIOT could outperform
other models on HAR tasks using accelerometer data but did not choose to show that
pre-training could further improve that performance.

For their tests with EEG data, Yang et al. [43] use their unsupervised pre-training
method with a proprietary unlabeled resting EEG dataset of 5,110,992 10 second samples
which they nickname PREST. They also experiment with jointly pre-training with another
EEG dataset from the Sleep Heart Health Study (SHHS) [45] from which they extract
5,093,522 30 second samples of sleep EEG with only 2 channels each (of an available 16).
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They then fine-tune these models on 4 different EEG datasets. These are one dataset
gathered by an MIT PHD student at the Children’s Hospital Boston (CHB-MIT) [31]
which has labels for binary classification between seizure or no seizure, the Interictal Ictal
Injury Continuum Seizure dataset (IIIC Seizure) [14, 18] which has labels for seizure type
classification between 6 types, Temple University Abnormal (TUAB) [34] which had labels
for binary classification of abnormal or normal, and Temple University Events (TUEV) [2]
which has labels for phenotype classification of EEG between 6 types.

For tests with ECG data, Yang et al. [43] use their unsupervised pre-training method
with the ECG dataset from the 2020 Physionet Cardiology Challenge (Cardiology) [6].
After excluding the Physikalisch Technische Bundesanstalt-XL (PTB-XL) dataset [39],
one of the 6 smaller datasets which make up Cardiology, Yang et al. [43] are left with
495,970 10 second ECG samples. They experiment with keeping 6 leads (channels) or 12
leads in their unsupervised pre-training. They then fine-tune these models on the PTB-XL
dataset [39] on the binary prediction task of arrhythmia detection.

Finally, for the accelerometer tests, Yang et al. [43] train a randomly initialized BIOT
model on the HAR dataset from [7] which includes labels for 6 different activity types,
making this fine-tuning task multi-class classification.

The performance of each pre-trained model and randomly initialized BIOT [43] model
is compared to that of other state-of-the-art randomly initialized models: SPaRCNet [18],
ContraWR [42], CNN-Transformer [29], CNN-LSTM feature fusion network (FFCL) [24],
and Spatial-Temporal Tiny Transformer (S3T) [33]. An abridged collection of results can
be seen in Tables 2.1 and 2.2. Binary classification performances are reported with the area
under the receiver operating characteristic curve (AUROC) metric. Multiclass classification
performances are reported with Kohen’s Kappa. For both metrics, a higher score is better.
A full summary of results can be found in [43].

Yang et al. [43] conclude by calling other researchers to pursue the development of large
foundational biosignal models based on BIOT.

2.4 Maximal Update Parametrization

A challenge of building large foundational models in any domain is that of hyperparameter
tuning and hyperparameter transfer. For example, learning rates may need to be reduced
when increasing model width [44]. If this is not done, training can diverge, resulting in a
very poorly performing model [44].
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Table 2.1: Results from tests with BIOT from [43] trained on EEG data. Results on the
TUAB dataset [34] are reported with AUROC scores while those for TUEV [2] are reported
with Cohen’s Kappa scores.

Model TUAB TUEV
SPaRCNet [18] 0.8676 ± 0.0012 0.4233 ± 0.0181
ContraWR [42] 0.8456 ± 0.0074 0.3912 ± 0.0237

CNN-Transformer [29] 0.8461 ± 0.0013 0.3815 ± 0.0134
FFCL [24] 0.8569 ± 0.0051 0.3732 ± 0.0188
S3T [33] 0.8707 ± 0.0019 0.3765 ± 0.0306

BIOT [43] (Randomly Initialized) 0.8691 ± 0.0033 0.4482 ± 0.0285
BIOT [43] (PREST [43]) 0.8730 ± 0.0021 0.4932 ± 0.0301

BIOT [43] (PREST [43] & SHHS [45]) 0.8739 ± 0.0019 0.4841 ± 0.0309

Table 2.2: Results from tests with BIOT from [43] trained on ECG and accelerometer
data. Scores for PTB-XL [39] are reported with AUROC scores while those for HAR [7]
are reported with Cohen’s Kappa scores.

Model PTB-XL HAR
SPaRCNet [18] 0.7550 ± 0.0073 0.9236 ± 0.0189
ContraWR [42] 0.4433 ± 0.1557 0.8879 ± 0.0201

CNN-Transformer [29] 0.4996 ± 0.0936 0.8273 ± 0.0953
FFCL [24] 0.5127 ± 0.0051 0.8216 ± 0.0177
S3T [33] 0.6003 ± 0.0179 0.9213 ± 0.0076

BIOT [43] (Randomly Initialized) 0.74993 ± 0.0167 0.9351 ± 0.0160
BIOT [43] (Cardiology [6] 6) 0.7671 ± 0.0116 N/A
BIOT [43] (Cardiology [6] 12) 0.7659 ± 0.0076 N/A
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In order to address this, Yang et al. [44] developed maximal update parametrization.
They postulate that based on the central limit theorem, the sum of n iid samples with
zero mean needs to be scaled by 1/

√
n for the sum to approach a non-zero and finite

constant as n approaches infinity [44]. Given the many examples of dot-products in neural
networks (such as in dot-product attention) they use this theorem to develop a strategy
for scaling neural networks such that the results of all dot-products tend toward non-zero
finite constants. This then allows the previously mentioned hyperparameters to maintain
a constant optimal value across networks of varying sizes [44].

The results of Yang et al.’s [44] derivations show that both the learning rate and the
initialization variance for each layer must be scaled individually according to that layer’s
shape. This can be implemented with a base learning rate and, if desired, a base initial-
ization variance, in concert with per-layer multipliers for each [44]. The values of these
multipliers are displayed in Table 2.3 and compared to standard parametrization. The base
values of learning rate and initialization variance can then be kept constant while varying
model size. In addition to per-layer learning rate and initialization variance multipliers,
Yang et al. [44] find that dot-product attention in transformers must be scaled by 1/d
rather than by 1/

√
d as is typically done and is shown in equation 2.1. Lastly, Yang et

al. [44] assert that when training using the ADAM optimizer [22], if weight decay is being
used then ADAMW [25] should be used instead of ADAM to scale weight decay correctly
and maintain a proper implementation of maximal update parametrization [44].

This parametrization allows model developers to perform hyperparameter tuning on
smaller models and then to directly transfer those hyperparameters to a larger model [44].
This process uses much less compute than hyperparameter tuning on the larger model itself
and results in much better performance than guessing hyperparameters for larger models.
This is imperative for extremely large models like the large language models of modern
times as the compute budget for developing such a model typically only allows it to be
trained once. A divergent training run would be a very costly waste of compute resources.

2.5 Training Compute Optimal Large Language Mod-

els

Recently, there has been a rush of research around increasing the size of language trans-
former models to improve performance [4, 9, 35, 36, 32, 26]. Along with these increases in
model size, there have been no signs that researchers are approaching a performance limit
for language [20]. The limitations preventing further improvement are thus only compute
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Table 2.3: Maximal update parametrization (µP ) and standard parametrization (SP )
multipliers. µP varies depending on a layer’s input and output sizes (shown as input →
output in the table). Here, scale represents a dimension of the model that is to be scaled
up (which in a transformer would be dmodel as defined in Section 2.1) while const describes
a dimension that is not changed when the model is scaled up such as the input or output
size in many cases. SP does not change for layers with different input or output shapes.
All values are taken from [44].

parametrization µP SP
shape const → scale scale → const scale → scale all

initialization variance 1/din 1/din
2 1/din 1/din

SGD LR dout 1/din 1 1
Adam LR 1 1/din 1/din 1

budget and dataset size. Therefore, using a given compute budget as optimally as possible
is imperative for best performance.

Hoffmann et al. [16] in ”Training Compute Optimal Large Language Models” run a
battery of tests with language transformer models in order to study the best balance of
model size versus number of training tokens for any compute budget. They assume power
law relationships between compute, optimal number of parameters, and optimal number
of training steps as defined by:

Nopt = anC
bn [16] (2.3)

Dopt = adC
bd [16] (2.4)

where Nopt is the optimal number of training tokens, Dopt is the optimal number of model
parameters, C is the compute budget, while an, bn, ad, and bd are constants. This work
adopts these same equations to fit scaling laws in Chapter 4.

Hoffmann et al. [16] use 3 different methods to predict values for these constants. The
first method involves training many models of different sizes for varying numbers of training
tokens each.1 Then, for a given compute budget, all of the saved training curves can be
sampled at that compute budget in order to find the minimum pre-training loss [16]. The
origin of that minimum loss would then indicate the optimal number of parameters and

1Note that Hoffman et al. use a learning rate schedule. This means that the final loss of a model
trained for 10 times fewer tokens than another model of the same size is not necessarily comparable to the
pre-training loss of that model after the first 10% of its training has been completed. Thus, they need to
train many models of the same size in order to model the effects of large changes in numbers of training
tokens for the same model size.
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number of training tokens for that compute budget [16]. By doing this for a range of
1500 logarithmically spaced compute budgets, they collect sufficient triplets of values for
compute budget, optimal number of parameters, and optimal number of training tokens
such that they could fit 2.3 and 2.4 to their results in order to generate a scaling law [16].

The second method they employ is to makes use of what they call iso-FLOP curves
[16]. They generate an iso-FLOP curve by training a set of models with different numbers
of parameters with the same compute budget [16]. This means that larger models will be
trained with fewer numbers of tokens than the smaller models such that a constant compute
budget is used for each model. They then plot the final pre-training loss for each model
against the number of parameters for each model. The resulting group of points are called
an iso-FLOP curve. Once enough points are present such that there is a clear optimum
where the final pre-training loss is at its minimum and thus the number of parameters
and number of training tokens are at their most optimal values, this process is repeated
for other compute budgets to generate more iso-FLOP curves [16]. The result is a set of
optimal value pairs of D and N for a variety of compute budgets C. Equations 2.3 and
2.4 are then fit to these points to create a scaling law [16].

The third method they use is to fit a parametric loss function to the training curves
of many models of different sizes trained for varying numbers of training tokens [16]. The
parametric loss function they use is defined by:

L =
NC

Nα
+

DC

Dβ
+ E [16] (2.5)

where E, α, β, NC , and DC are constants, L is loss, N is the number of training tokens,
and D is the number of model parameters. The E term represents the minimum loss [16].
This is somewhat of an estimate of the random noise in the dataset which can never be
predicted. Given the fitted parametric loss function they are able to create scaling laws in
the forms of equations 2.3 and 2.4 by minimizing the loss function for arbitrary compute
budgets under the constraint F = 6ND where F is the number of FLOPs for a compute
budget [16]. This is an estimate of number of FLOPs used for training defined by Kaplan
et al. [20].

The first method they use results in a scaling law with D ∝ C0.5 and N ∝ C0.5, the
second method D ∝ C0.49 and N ∝ C0.51, and the third D ∝ C0.46 and N ∝ C0.54 [16].
The scaling law which resulted from the first method was tested against Gopher [30], a
large language model with a compute budget for training that was approximately 100
times larger than the largest budgets used to create the scaling law. By extrapolating
the optimal number of parameters and training steps for a compute budget that large,
Hoffmann et al. [16] predicted that training a model that was 4 times smaller for 4 times

16



as many training tokens would result in a better performance. Such a model, given the
name of Chinchilla when trained by Hoffmann et al. [16], did indeed outperform Gopher.
This indicated that the scaling law was more accurate than whatever heuristic was used
to determine the allocation of compute budget for Gopher. Although, this does show that
the scaling law was useful, it does not completely show how accurate it was as no test to
verify that a model which was even smaller than Chinchilla and trained for more tokens
would perform worse or better [16]. The reason Hoffman et al. [16] did not complete such
a test or report results from multiple different seeds was due to compute budget restraints.
However, they claim that the trends they observe are clear and that noise seems to be
minimal [16].

2.6 Scaling Laws for Neural Language Models

In addition to scaling laws for optimal compute budget allocation, there have been many
other aspects of large language models for which scaling laws have been developed. For
example, in “Scaling Laws for Neural Language Models”, Kaplan et al. [20] run many
experiments focused on a diverse array of model parameters and their relationships with
test loss for language modeling transformers. They test primarily with decoder-only trans-
formers [20]. One of the main conclusions they draw from their tests is that performance
is much more correlated with scale than with other factors. Specifically, the dataset size,
number of learnable non-embedding model parameters, and training compute budget have
strong influences on performance while the shape of a model (depth, width, head size) has
much less effect if it is kept within a reasonable range [20]. For instance, to avoid a loss
increase of greater than 2% over the optimal ratios, dmodel/nlayer should be kept between
7 and 200 while dmodel/nheads should remain under 2562[20]. This finding can improve fu-
ture language modeling performance by encouraging model developers to re-allocate some
of their compute budget away from hyperparameter tuning for model shape and towards
increasing the scale of their tuned model.

The experiments surrounding dataset size, number of learnable parameters, and train-
ing compute budget show that each has a power law relationship with test loss when they
are the limiting factor [20]. For example, if the number of training steps and number of pa-
rameters are sufficiently large, but the dataset size is small (hence limiting performance by
causing overfitting) then the resulting test loss is predominantly controlled by the dataset

2The smallest head size they test is 16 which does not increase loss by more than 2%
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size and that relationship can be modeled by a power law given by:

L(N) =

(
NC

N

)αN

[20] (2.6)

where L is loss, N is number of tokens in the dataset, and NC and αN are constants.
Kaplan et al. [20] further study the effects of dataset size by relating performance to a
function of both dataset size and model size. They first assume a relation in the form of:

L(N,D) =

[(
DC

D

)αD
αN

+
NC

N

]αN

[20] (2.7)

where D is the number of parameters in the model, DC and αD are constants, and L, N ,
NC , and αN are the same as in equation 2.6. Once the constants were fit to experimental
data, Kaplan et al. [20] were able to determine that, for the models and datasets they
were experimenting with, for every doubling of model size, the dataset size need only be
increased by approximately 74% to avoid any new overfitting.

Another one of Kaplan et al.’s [20] important findings is that test performance is a good
predictor of performance on unseen datasets. This indicates that it can be predicted with
a high degree of accuracy that models which are shown to perform best on a given dataset
will also perform best on another dataset when applied to it via transfer learning. This
finding can be applied to streamline model training for transfer learning by eliminating
any need to test multiple pre-trained models on the target dataset.

Additionally, Kaplan et al. [20] find that not only can power laws be used for predicting
final loss based on scale factors, but can also be used to extrapolate training curves to
predict train loss for models at future parameter update steps. The power law which they
fit to their training curves is:

L(D,S) =

(
Dc

D

)αD

+

(
Sc

Smin(S)

)αS

[20] (2.8)

where L is loss, D is the number of non-embedding parameters in the model, and Smin is
the minimum number of steps required to reach a given loss value. This assumes a very
large batch size. Dc, αD, Sc, and αS are constants.

Finally, Kaplan et al. [20] also extrapolate from their empirical results their own scaling
law to predict the optimal balance of model size and number of processed tokens. Contrary
to Hoffmann et al. [16] it was found that the number of processed training tokens should
only double for every five-fold increase in model size rather than growing in equal proportion
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to model size. Hoffmann et al. [16] attribute this to their use of a learning rate schedule
which they show leads to better final loss. This discrepancy indicates that optimal compute
budget predictions have the potential to vary drastically for different training strategies.
Thus, in order to increase the scale of the BIOT model, which is different than language
models in some ways as discussed in Section 2.3, a scaling law should be made specifically
for it.
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Chapter 3

Experiment Setup

This chapter will describe work which was done to prepare the experiments used to generate
scaling laws in the next chapter. Topics covered include documentation of the datasets
used, the implementation of maximal update parametrization for BIOT, hyperparameter
selection, and an exploration of possible overfitting with different levels of data repetition.

3.1 Datasets

3.1.1 National Health and Nutrition Examination Survey

National Health and Nutrition Examination Survey (NHANES) [1] is an ongoing set of
surveys and studies undertaken by the Centers for Disease Control and Prevention (CDC)
in the United States aimed at tracking indicators of health among the American populace
as well as recording data that could be useful to researchers in developing health recom-
mendations. From 2011 to 2014, the physical activity measurement (PAM) component of
NHANES was recorded using an accelerometer worn on the non-dominant arm of partic-
ipants [1]. The participants were asked to wear the accelerometer for 8 consecutive days
before returning it to the study organizers [1]. For the NHANES cycle of 2013-2014 there
is PAM data available for 7,776 participants [1].

The accelerometer data was recorded continuously at 80Hz for x, y, and z axes while
the participants lived their daily lives [1]. For each participant there are up to 194 hours
of data available but in some cases less depending on when the participant removed their
monitor. The NHANES researchers used the open source Monitor-Independent Movement
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Summary (MIMS) [19] project to label each minute of data as one of “active-wear”, “sleep”
or “non-wear” [1]. They also include a certainty score generated by MIMS with each minute
[1].

In order to avoid training on extended periods of sleep or non-wear, I used the available
labels to filter the data. Specifically, since the data is stored in 1-hour files, I deleted all
1-hour files which did not have all 60 minutes labeled as ”active-wear”. This reduced the
number of hours in the dataset from just under 1,500,000 to 296,846, retaining almost 20%
of the dataset. Although the MIMS confidence score was available, it was not used since
some small contamination of non-wear or sleep time was unlikely to impact training.

The dataset was then split into 285,922 hours of training data and 10,924 hours of
validation data. The training and validation sets were made up of accelerometry from
different subjects only. Note that some tests were done with a smaller amount of training
data before the full dataset was downloaded. This earlier version had only 95,756 hours
but was still only composed of 100% “active-wear” samples. Results from training on this
smaller dataset are only shown in Figures 3.3 and 3.4. Some training runs are also done
with this smaller dataset in Section 4.1.1 as documented there in Table 4.1.

3.1.2 Temple University Hospital EEG

The Temple University Hospital EEG (TUH-EEG) [28] corpus is a massive dataset of
69,652 (at the time of writing) EEG recordings from thousands of patients. The samples are
heterogeneous in recording standards. Specifically, different channels, reference voltages,
and sampling rates are used throughout the corpus. Upon analyzing the dataset, I found
that a subset of 24 channels with a common reference were found in 49,528 of the available
EEG recordings. These 24 channel names, as they appear in the dataset, are shown in
Appendix A. Furthermore, the most common sampling rate in the dataset was 256Hz. For
this reason, all EEG recordings which were not at this sampling rate were resampled. Note
that the lowest sampling rate was 250Hz with some as high as 1000Hz.

Due to storage constraints, of the 49,528 EEG recordings with the chosen channels,
only 30,063 were kept for a total of approximately 12,073 hours of EEG data. This is split
into 29,063 train recordings and 1000 validation recordings. The validation set has nearly1

no samples from patients in the training set.

1The validation set was created by removing the last 1000 recordings from the dataset. The dataset is
organized such that recordings from the same patient are grouped. One patient appears in the validation
set and the training set due to this.
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3.1.3 Data loading

Both datasets were split into non-overlapping samples of 10 seconds long each for the
hyperparameter tuning done in Section 3.3.4, the overfitting tests done in Section 3.4,
Figure 3.5 and in the development and testing of the scaling laws which were found to be
accurate in Sections 4.2, 4.3, 4.4, 4.5.

However, for the first attempt at developing a scaling law for the NHANES dataset
using the iso-FLOP approach in Section 4.1, and for the tests shown in Figures 3.3 and
3.4 a bug was present in the code responsible for loading the datasets. This resulted in
successive samples being taken with a shift of only one time step rather than by 10 seconds.
Thus, for each file (equivalent to 1 hour in NHANES [1]), a number of samples equal to
the true potential number of samples in the file would be taken only from the beginning
rather than from the entire file. For example, the NHANES dataset [1] is organized into
1 hour long recordings and is resampled to 80Hz. Thus, instead of 360 non-overlapping
samples, that file would be split into 360 samples between the 0 second and 14.5 second
marks each shifted by 1/80 of a second.

This bug was discovered after all experiments in this thesis had already been run. Upon
re-running the hyperparameter tuning done in Section 3.3.4, the overfitting tests done in
Section 3.4, and the development and testing of the scaling laws which use the full datasets
and were found to be accurate in Sections 4.2, 4.3, 4.4, 4.5, it was found that results were
widely similar and qualitatively the same as previously save for some quantitative changes
in the resulting scaling laws. In order to avoid further exceeding this project’s budget and
to allow the reader to enjoy the insights into maximal update parametrization [44] provided
by Figures 3.3 and 3.4 as well as insights into the process of effectively implementing the
iso-FLOP method [16] provided by Section 4.1, these results are left in this document along
with this documentation of the sub-optimal data loading method which was applied.

3.2 Maximal Update Parametrization for BIOT

Maximal update parametrization [44] was implemented for BIOT [43] to allow for constant
hyperparameters to be used across different model sizes as was done by Hoffmann et al.
in [16]. An important benefit of maximal update parametrization is that larger models
always perform better (or equal to) smaller models, which is a result observed empirically
and explained theoretically by Yang et al. [44] If larger models were not guaranteed to
have better performance, a scaling law to predict the best balance of model size and
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training steps for larger compute budgets would not be useful. This section describes the
implementation and verification of maximal update parametrization for BIOT.

3.2.1 Implementation

Maximal update parametrization was implemented largely with the use of the mup Python
package [17] which was developed by Yang et al. [44] when they derived the requirements
for maximal update parametrization. The steps taken to modify BIOT were as follows:

• Appropriate weight initializations were modified. As described in Table 2.3,
standard parametrization uses 1/din for initialization variance for all layers. The
only difference for maximal update parametrization is that layers which have an
input dimension which scales with width and an output dimension which does not,
should use 1/din

2 as their initialization variance [44]. Since BIOT is an encoder only
transformer [43], it does not have any layers that map from a scaled dimension back
to a constant dimension. This is because such layers are typically output layers which
must provide an output in some fixed shape regardless of model size. Since BIOT only
outputs an encoding during pre-training, its output layers map to a scaled dimension
and do not need to be initialized differently than in standard parametrization.

Thus, the only change that was made to the implementation of BIOT’s weight ini-
tialization was to add a common tunable multiplier to the already-used initialization
variances as recommended by Yang et al. [44].

• The standard Adam [22] optimizer was replaced. The original BIOT [43]
architecture uses the base Adam optimizer for training. There is an implementation
of Adam in the mup Python package [17] which automatically scales learning rates
based on the shapes of layers. However, BIOT [43] also uses weight decay. Yang et
al. state that AdamW [25] is necessary for correct scaling of weight decay, which I
confirm in Section 3.2.3. For that reason, the base Adam optimizer was replaced with
the mup implementation of AdamW [17] which scales both learning rate and weight
decay correctly. Note that the objective function which was used for optimization
was Equation 2.2 as was used by Yang et al. [43]

• Base shapes were set for maximal update parametrization. In order for
the mup package to scale hyperparameters such as learning rate and weight decay
correctly, a base model shape must be set [17]. I set a BIOT model with dmodel =
256 and nlayers = 4 as the base model. The hyperparameters which are scaled by
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maximal update parametrization are kept at their base values for this shape and
scaled based on the difference in shape between this base model and other models
that hyperparameters are being transferred to.

• Attention scaling was modified. As prescribed by Yang et al. [44] attention
scaling was changed from 1√

dmodel
to 1

dmodel
. See equation 2.1 for the original attention

scaling.

3.2.2 Coordinate checks

The mup package provides a method for verifying a given maximal update parametrization
implementation for correctness. The method is referred to as coordinate checking [17].
The process involves monitoring the (pre-)activation outputs of each layer within a neural
network during a few steps of training to ensure they do not explode as training progresses
[17]. This is then done for many model sizes.

A successful coordinate check will see the l1 norm of the (pre-)activation outputs of each
layer remain constant across successive training steps and different model sizes [17]. An
example can be seen in Figure 3.1. An unsuccessful check will observe some of these norms
deviate from constant as model size increases–indicating that maximal update parametriza-
tion is not implemented correctly [17]. An example can be seen in Figure 3.2.

Figure 3.1: Coordinate check for a correct maximal update parametrization implementation
for BIOT. The y axis titled l1 represents the l1 norm of the (pre-)activation vectors. The x
axis titled width represents the value of dmodel. Each plot (t=1, 2, 3) represents the state
of (pre-)activation vectors after 1, 2, and 3 steps of backpropagation from left to right as
displayed. Although a legend is not supplied due to the number of curves, each represents
a single (pre-)activation vector.
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Figure 3.2: Coordinate check for an incorrect maximal update parametrization implemen-
tation for BIOT. In this case, the base Adam was used instead of the mup implementation
of AdamW. But other changes listed in Section 3.2 are implemented. The plot and axes
titles are identical to those in Figure 3.1

The coordinate check displayed in Figure 3.1 was generated from the final implemen-
tation of maximal update parametrization for BIOT using the accelerometer configuration
and data from NHANES. The EEG configuration is identical in terms of maximal update
parametrization implementation and thus a separate coordinate check is not shown.

3.2.3 Upscaling verification

Another indicator of an incorrect implementation of maximal update parametrization is
when increasing model size decreases performance for the same number of steps [44, 17].
As mentioned in Section 2.4, maximal update parametrization guarantees that this will
not be the case when transferring hyperparameters. Thus, to further confirm that my
implementation of maximal update parametrization was correct, I trained one model each
with dmodel set to 64, 128, 256, and 512 all with identical hyperparameters and training
datasets. An example of an upscaling verification test which shows an incorrect maximal
update parametrization is shown in Figure 3.3 while the verification from my final correct
implementation of maximal update parametrization can be seen in Figure 3.4. Note that
these tests use the bugged data loader described in Section 3.1.3. Training runs done with
the correct data loader also show a correct maximal update implementation similar to
Figure 3.4. But, no tests were done with both an incorrect maximal update implementation
and a correct data loader implementation, so Figures 3.3 and 3.4 are both left for easy
comparison between them.

Based on these upscaling verification tests, it is clear that maximal update parametriza-
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tion is very useful for scaling artificial neural network models as well as developing scaling
laws for such networks. It also demonstrates that my implementation of maximal update
parametrization [44] for BIOT [43] is correct as both the upscaling verification test and
the coordinate checking test were completed successfully.

3.2.4 Deficiencies at small sizes

Yang et al. [44] state that hyperparameter transfer works best past some minimum dmodel.
For their tests, which are on language transformers, they find that this minimum is ap-
proximately dmodel = 256 [44]. Although I do not perform sufficient tests to discover with
certainty where this point is for BIOT [43], it is reasonable to be wary of this reported
issue as I am training models in and about that range.

Although it was shown that maximal update parametrization [44] was successful in
ensuring that larger models were consistently improved through further size increases, it
was observed that at small sizes this was not always the case. An example of this behavior
can be seen in Figure 3.5. In this case, a model with dmodel = 32 and a model with
dmodel = 40 perform approximately equally with the smaller model outperforming the
larger for a few ranges of steps. Both models are outperformed by dmodel = 48 and in turn
dmodel = 56. Models with dmodel = 64 and dmodel = 72 improve further but perform nearly
identically. Finally dmodel = 80 and dmodel = 88 perform best but nearly equally to each
other.

By again observing Figure 3.1 where the coordinate check [17] done for the maximal
update parametrization [44] implementation used for these tests was shown, it is clear that
the l1-norm of the (pre-)activation vectors of the smallest models are more noisy than those
for the larger models. This supports the claim that scaling at smaller sizes could result in
hyperparameter transfer that is suboptimal.

Note that this discrepancy is also observed in larger models (for example, in the range
of dmodel = 400) but only for much smaller relative size changes. This is attributed more
so to general noise than to a deficiency of maximal update parametrization whereas the
more significant discrepancy at smaller model sizes is attributed to a deficiency of maximal
update parametrization in addition to general noise.
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3.3 Hyperparameter Selection

In order to develop a scaling law which predicts the optimal balance of model size and
number of training tokens, hyperparameters needed to be chosen such that they were
equally optimal for each model size used in experiments. Note that consistency across
model sizes was treated as more important than strict optimality. This section documents
the choices made for each relevant hyperparameter to the scaling law experiments.

3.3.1 Shape

There are 3 relevant hyperparameters which are related to shape for BIOT [43]. These
are nlayers, nheads, and dmodel. nlayers was set to a constant 4 for all models. nheads was set
such that dmodel/nheads (the size of each head) remained at a constant 8. dmodel was the
dimension which was varied in order to upscale the number of parameters in the model. It
is varied from a minimum of 32 to a maximum of 512 for the training runs used to generate
scaling laws. This dimension was chosen to be varied rather than all 3 because Yang et
al. [44] found that other hyperparameters transfer more reliably with maximal update
parametrization across different values of dmodel than values of nlayer or dmodel/nheads.

nlayers was chosen to be 4 since that was the number of layers originally used for BIOT
by Yang et al. [44] with a value for dmodel of 256. Note that Levine et al. [23] find that for
language transformers with more than 1 million parameters, 6 layers is optimal while up
to 12 layers are optimal passed approximately 3 million parameters. For reference, a BIOT
[43] model with dmodel = 144 and nlayers = 4 has approximately 1 million parameters while
changing dmodel to 248 increases the parameter count to approximately 3 million. However,
the differences in loss that were found by Levine et al. [23] were very minimal as was also
the case in the work of Kaplan et al. [20] Furthermore, Yang et al. [44] state that their
maximal update parametrization works best across width. Therefore, it was decided that
maintaining a consistent depth was more advantageous than not in terms of consistency
for developing a scaling law.

dmodel/nheads was chosen to be 8 such that it would be possible to vary dmodel by incre-
ments of 8 while keeping the head size constant. As mentioned in Section 2.6, Kaplan et
al. [20] found that the head size should remain under 256 which is satisfied by setting it to
8. Although, the lowest head size tested by Kaplan et al. [20] was 16, no signs of hindrance
were observed when comparing training with a head size of 32 rather than 8 when experi-
menting with BIOT [43]. Overall, the benefit of being able to vary dmodel by increments as
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small as 8 for scaling law development was sufficient compensation for any potential small
performance degradation brought on by a sub-optimal choice of head dimension.

Section 4.1.1 is an exception to this as head size was initially set to 32. Results in that
section made the need to vary dmodel by steps of 8 clear which is why all other results are
obtained from models with head sizes of 8.

3.3.2 Preprocessing related

Three hyperparameters related to preprocessing were potential candidates for hyperpa-
rameter tuning. These were the sampling frequency for each dataset, the window length
for tokenization, and the overlap of windows for tokenization. In early tests, these hy-
perparameters were included in hyperparameter tuning runs with Optuna [5]. However,
optimal values varied significantly between studies. For example, the window lengths used
for different configurations in Sections 4.1.1 and 4.2.1 varied from 72 to 152. Thus it was
determined that the values of these hyperparameters were less critical than those of others.
As such, they were excluded from further Optuna [5] studies in order to allow for more
effective tuning of other hyperparameters. The three preprocessing hyperparameters were
thus chosen to be simple, convenient, and close to those used by Yang et al. [43] for the
original BIOT.

The chosen sampling frequencies were left at 80Hz for NHANES [1] and 256Hz for
TUH-EEG [28] as described in Section 3.1. Yang et al. [43] used 200Hz for their EEG data
and 50Hz for their accelerometer data which are similar enough that it was not deemed
necessary to do further resampling. For window length, Yang et al. [43] choose to use 200
points for EEG data and 100 points for accelerometer data. This corresponds to windows
of 1 second for EEG data and 2 seconds for accelerometer data. Since I selected different
sampling rates, I chose 256 point windows for EEG and 802 point windows for accelerometer
such that each had an effective window length of 1 second. Yang et al. [43] use an overlap
of 50% for each EEG window and an overlap of 80% for each accelerometer window. I
choose to use an overlap of 50% for each for simplicity.

2Sections 4.1.1 and 4.2.1 include models trained before the window size was set to 80 points in this
way. As such some models use window sizes of 152 or 72. No significant difference in performance was
observed. Overlap and sampling frequency were set to the values reported in this section for all tests.
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3.3.3 Batch size

Since the loss used to train BIOT [43] is contrastive loss [8], the loss is dependent on the
batch size. This is because the predicted encodings are compared to each intact encoding
to ensure that for a given signal, the predicted encoding is similar to the intact encoding
for the same signal but dissimilar to the intact encodings for all other signals within the
batch. Thus, the loss is larger for larger batch sizes as there are more encodings for which
each predicted encoding must be dissimilar. Therefore, it is difficult to compare different
batch sizes to determine which is best based on pre-training loss alone.

Therefore, the batch sizes for both EEG and accelerometer data were chosen such that
the largest models which were planned to be tested could be trained on available hardware
without splitting batches. Yang et al. [43] used batch sizes of between 1024 and 2048. I
initially used a batch size of 64 for accelerometer data, expecting to train models with
dmodel as large as 2048. However, after the first scaling law was developed in Section 4.1
it became clear that such a large model would not be required. Thus, the batch size for
NHANES [1] was increased to 256 for further tests in Section 4.2. The batch size for
EEG data was set to 100 for all tests. Note that the additional channels for EEG data
significantly increased the compute requirement for each sample.

3.3.4 Optimizer related

The mup-AdamW [17] optimizer was used for all training runs. The hyperparameters
related to it which were tuned were the base learning rate and weight decay. These were
chosen for each dataset separately through Optuna [5] studies. Each study ran 10 trials
with 1 epoch of training data for TUH-EEG and 100,000 steps (approximately 0.3 epochs)
of training data for NHANES using models with dmodel = 256. The objective was the
minimization of the loss on the validation sets (as described in Section 3.1). 10 trials,
rather than more, were used due to the long training time for a single model (2.5 hours for
TUH-EEG and 5 hours for NHANES) to complete one trial. Furthermore, noise between
successive models with new random initializations (can be observed for NHANES in Figure
4.4) made discovering perfectly optimal hyperparameters challenging. As was the case
for other hyperparameters, it was decided that perfect optimality was not necessary for
the development of a scaling law. Thus 10 trials were deemed to be sufficient to ensure
both training convergence and effective hyperparameter transfer using maximal update
parametrization.

The only hyperparameters tuned in the studies for each dataset were the base learning
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rate and the weight decay concurrently.3 The bounds used for base learning rate were 10−5

to 10−2 and the bounds used for weight decay were 10−6 to 10−3. For the NHANES [1]
dataset with a head size of 8 and a batch size of 256, the base learning rate was 0.001132
and the weight decay was 0.00000371. For the NHANES [1] dataset with head size of
32 and batch size of 64, the base learning rate was 0.0001295 and the weight decay was
0.0002718. For the TUH-EEG [28] dataset the learning rate was 0.0000945 and the weight
decay was 0.00000317.

3.4 Insights into Overfitting

Hoffman et al. [16] create scaling laws to predict the optimal balance of number of training
tokens and number of parameters in language transformers by comparing only training
loss rather than using validation or test loss. They do this since they are operating in the
infinite data regime in which they do not repeat any training tokens during training. As
such, training loss is an unbiased estimator of validation loss [16] (if the validation set is
a sample of the same distribution as the training set) and thus overfitting cannot occur.
Unfortunately, it was not possible to use datasets that were large enough to sufficiently
train models with only 1 epoch of data for my experiments due to availability of data and
limited storage capabilities.

However, using validation loss to create such a scaling law for BIOT [43] would be
impractical. This is because the validation loss would need to be sampled at too many steps
throughout training which would severely increase the computational cost of developing
the scaling law.4 Furthermore, developing a scaling law where overfitting is a factor would
not be useful. If overfitting is occurring, then more data should be collected before further
compute budget increases. Therefore, I developed a test to provide some insight on the
risks of overfitting in the training runs used to develop and test the scaling laws. If no
overfitting is indicated, then it should be the case that the training loss curves in Chapter
4 are very similar to training curves which would be obtained with infinite data.

3With the exception of some studies for NHANES [1] training runs that included window size before
that hyperparameter was set to 80 points manually.

4For the iso-FLOP approach [16] this could be feasible if the compute budgets for the curves were
known in advance. But in practice, it is much more convenient to use training loss so that the iso-FLOP
curve compute budgets can be chosen and modified based on the locations of the presumed optimal points.
For the parametric loss function approach [16], validation loss would have to be sampled thousands of
times to get the same number of samples as with using training loss.
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Table 3.1: The results from the overfitting tests done with the NHANES [1] dataset. The
number of epochs also indicates the factor used to shrink the dataset. For example, the
results with 4 epochs are trained on one quarter of the full dataset for 4 epochs. Each
entry in the same column is run with a different random seed but the same sample of the
dataset. The value of each entry corresponds to the total sum of contrastive loss on the
validation set.

number of epochs 1 4 16
17500 17700 17600

dmodel = 512 17600 17700 17700
17600 17600 17700

3.4.1 Tests

For the NHANES [1] dataset, I trained a model with dmodel = 512 with different fractions of
the dataset but all for approximately the same number of steps. Specifically, I trained one
model with the full dataset for 1 epoch. I then trained another model using only a quarter
of the dataset repeating for four epochs. I did this again with one sixteenth of the dataset
repeating for sixteen epochs. I then did all three of these tests for three random seeds
each. Note that in the cases where the dataset was reduced, the reduction was done such
that the number of samples from each subject was reduced equally rather than removing
all data from a subset of subjects and keeping all data from others.

Each trained model was then evaluated on the NHANES [1] validation set. Theoreti-
cally, overfitting would be most likely to occur in the model trained on only one sixteenth
of the dataset. If overfitting did occur, the validation loss for those models would be higher
than for the others. Results of these tests could then be used to make predictions about
the potential presence of overfitting in the training runs done in Chapter 4.

The same procedure was done for the TUH-EEG [28] dataset. However, in addition to
tests with dmodel = 512, another battery of tests with the same dataset reduction regime
was done with models which had dmodel = 128.

3.4.2 Results

The results from these experiments are shown in Table 3.1 for the NHANES [1] dataset
and Table 3.2 for the TUH-EEG [28] dataset.

The validation loss for the NHANES [1] is lower by a mean of approximately 100 (or
0.5%) for the tests done with 1 epoch versus those done with 4 or 16 epochs. This indicates
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Table 3.2: The results from the overfitting tests done with the TUH-EEG [28] dataset.
number of epochs 1 4 16

1299 1261 1305
dmodel = 128 1265 1239 1266

1276 1243 1252
1195 1182 1199

dmodel = 512 1220 1204 1225
1205 1193 1210

that there may be some minor overfitting for these levels of data repetition at a model size
of dmodel = 512. Although, a sufficient number of tests for statistical significance is not
available due to compute budget restraints.

The validation loss for the TUH-EEG [28] dataset with dmodel = 128 does not appear
to be different between the runs with one epoch with the full dataset versus four epochs
with one quarter of the dataset and sixteen epochs with one sixteenth of the dataset. This
does not indicate overfitting at this model size and level of data repetition.

The validation loss for the TUH-EEG [28] dataset with dmodel = 512 does show some
potential overfitting for one sixteenth of the dataset repeated sixteen times. However, none
is apparently indicated by the validation loss at one quarter of the dataset repeated 4 times.
This indicates that some minor overfitting may occur for that level of data repetition at a
model size of dmodel = 512 but not for a data repetition level of four times.

3.4.3 Discussion

Sections 4.2 and 4.3 successfully develop scaling laws for the NHANES [1] dataset. None
of the training runs used to develop the scaling laws use more than one epoch of the full
dataset. There is therefore no chance of overfitting occurring in the development of the
scaling law and no prediction about overfitting made from the results in this section are
required. However, the models chosen to be smaller than the optimal models used when
testing the scaling laws in Sections 4.2.3 and 4.3.3 are trained for up to 7 full epochs of the
whole dataset. Thus, overfitting is possible in these cases. The values of dmodel for these
models are 144 and 152.

It was reported that Kaplan et al. [20] found that additional overfitting for a 100%
increase in model size could be avoided by only a 74% increase in dataset size. Although
these values cannot necessarily be applied to domains other than language processing, the
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finding that larger models need larger dataset sizes to avoid overfitting should generalize to
the training done in this thesis. In the tests done above, only minor overfitting was observed
when using one quarter or one sixteenth of the NHANES [1] dataset with a model which
had dmodel = 512. Thus, the smaller models trained on the entire dataset repeated for 7
epochs are likely to experience less or even no measurable overfitting. Even overfitting at
the level seen in these tests should be negligible for the tests done to validate the scaling
laws.

In Sections 4.4 and 4.5, scaling laws are successfully developed using the TUH-EEG
[28] dataset. The models with dmodel = 96 and less are trained for 11 epochs with the full
dataset while other models up to and including a size of dmodel = 128 are trained for 3
epochs and other up to a size of dmodel = 512 for 2 epochs. Since the tests reported in Table
3.2 show no overfitting for a model with dmodel = 512 on one quarter of the dataset repeated
4 times, it is unlikely that similar or smaller models experience significant overfitting when
the full dataset is repeated for only two epochs. The tests reported in Table 3.2 also showed
no sign of overfitting for a model with dmodel = 128 when one sixteenth of the dataset was
repeated sixteen times. Thus, it is unlikely that similar or smaller models experienced
overfitting when the full dataset was used to train them with 11 or 3 epochs.

However, the smaller models used for testing the developed EEG scaling laws at larger
compute budgets are trained for approximately 40 epochs with the full dataset. These
models have sizes of dmodel = 72 and dmodel = 88. It is unclear based on the tests done in
this section whether overfitting is likely to occur in those models or not. It should thus be
taken into consideration that the final loss of those models with no training data repetition
may be underestimated by the final training loss as reported. The optimal test models
were still able to outperform these smaller test models despite this possibility. In other
words, if any overfitting was corrected for, the loss would be higher for the smaller test
model which would make the correctness of the scaling law more compelling.
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Figure 3.3: An example of an upscaling verification test which indicates an incorrect imple-
mentation of maximal update parametrization. This test was done for an implementation
which was using mup-Adam [17] rather than mup-AdamW [17]. Note that this same
maximal update implementation passed the coordinate check verification and was only
discounted as incorrect during upscaling verification. The legend indicates the value of
dmodel for each training loss curve. This is the only difference between models for each
curve. Note that these models were trained on the smaller NHANES [1] dataset described
in Section 3.1.1, a batch size of 64, and with the incorrect data loader implementation
described in Section 3.1.3. Their final loss values are thus not directly comparable to other
runs with the full dataset or with a different batch size.
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Figure 3.4: The upscaling verification test done on the maximal update parametrization
implementation that was eventually used for the scaling law development. The training
curves from larger models have lower loss than their smaller counterparts. This indicates
a correct implementation. The legend indicates the value of dmodel for each training loss
curve. This is the only difference between models for each curve. Note that these models
were trained on the smaller NHANES [1] dataset described in Section 3.1.1, a batch size
of 64, and with the incorrect data loader implementation described in Section 3.1.3. Their
final loss values are thus not directly comparable to other runs with the full dataset or
with a different batch size.
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Figure 3.5: Training loss curves for the smallest model sizes used. The legend indicates
the value of dmodel for each training loss curve. This is the only difference between models
for each curve. The models are trained on the full NHANES [1] dataset for one epoch with
a head size of 8.
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Chapter 4

Scaling Law Development

In this Chapter, scaling laws are developed for BIOT [43] using accelerometer and EEG
datasets separately. For each dataset, a scaling law is developed using Hoffmann et al.’s
[16] iso-FLOP curve method and again with Hoffmann et al.’s [16] parametric loss function
method.

There are two main areas in which choices must be made when using both of these
methods to develop a scaling law. One such area is with regards to which model sizes and
number of training tokens to use when collecting experimental training curve data. The
other is related to the use of the iso-FLOP curve method and involves the decision about
what compute budgets to use when generating iso-FLOP curves and which experimental
training runs to include for each iso-FLOP curve. Hoffmann et al. [16] counsel that the
minimum points for each iso-FLOP curve should be relatively clear. To my knowledge,
there are no other more deterministic metrics which have been suggested to inform the
choices described above. I apply Hoffman et al.’s [16] methods with this guidance taken
into consideration. However, it is not within the scope of this work to complete a sensitivity
analysis on the effects of these choices in order to improve upon or validate the methods
which they document in [16]. Rather, the usefulness of each developed scaling law is
validated after its development, as is explained next.

Each scaling law is tested by using it to predict the optimal balance of number of
parameters D and number of training tokens N for a compute budget C which is 4 to 5
times larger than the largest iso-FLOP curve used to create the scaling law. Then, another
model which is 4 times larger than the optimal model is trained with 4 times fewer training
tokens. This maintains the same compute budget but alters the balance of D and N such
that they are significantly different from the predicted optima. This is done to mimic the
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test done by Hoffmann et al. [16] when validating their scaling law. However, I also train
a model which is 4 times smaller on 4 times as many training tokens. By doing both of
these I can compare the performance of the model which is predicted to be optimal to
both a larger and smaller model. If the optimal model performs best, I accept it as being
sufficiently accurate to be considered useful for researchers attempting to scale up BIOT.

In Section 4.1, a scaling law is developed using the iso-FLOP curve method [16] with
the NHANES [1] dataset. It is found not to make accurate predictions. Lessons learned
from these experiments are applied to Sections 4.2 and 4.3 where scaling laws are developed
with the NHANES [1] dataset with the iso-FLOP curve method [16] and the parametric
loss function method [16] respectively. Each scaling law is found to make more accurate
predictions than the first attempt based on a successful evaluation by means of the test
described above.

In Sections 4.4 and 4.5 scaling laws are developed for BIOT [43] with the EEG dataset
using the iso-FLOP method [16] and the parametric loss function method [16] respectively.
They are both found to be useful scaling laws based on the application of the same testing
methodology used in the other sections.

4.1 Accelerometer–Iso-FLOP Method Attempt 1

In this Section, a scaling law is developed for the NHANES [1] dataset using the iso-FLOP
curve method [16]. First, training runs are completed for an array of BIOT [43] models
with various values of dmodel. Then, iso-FLOP curves are developed for a set of distinct
compute budgets. From these, a scaling law is developed by fitting a power law to these
minima.

The scaling law is then used to predict the optimal balance of number of parameters
and number of training steps for a compute budget 4 times larger than that used for the
largest iso-FLOP compute budget. The scaling law is tested against a larger and a smaller
model with the same compute budget as descried above.

It is found that the larger test model performs best, indicating that the scaling law
was unable to predict the optimal balance with sufficient accuracy. Lessons learned from
the experiments and results of this section are then used in Section 4.2 to improve upon
this first scaling law. Note that the tests in this section are done using the incorrect data
loader implementation described in Section 3.1.3.
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Table 4.1: Breakdown of training runs done in Section 4.1.1. All size ranges are filled with
models at increments of 32 and no sizes are repeated. “Full” references the dataset with all
285,922 hours of data while ”Small” references a subset of that dataset with only 95,756
hours of data as described in Section 3.1.1.

Size Range (dmodel) Dataset Number of Epochs
64 Full 4
96 Full 3
128 Full 2

[160, 224] Full 1
[256, 512] Small 1

4.1.1 Training runs

Training runs were done for models with dmodel = 64 to dmodel = 512 inclusively with steps
of 32 between since the head size was set to 32. At this point, the batch size used was
64. Learning rate and weight decay were thus 0.0001295 and 0.0002718 as documented
in Section 3.3.4. This resulted in 16 training curves. These training runs were originally
generated using the smaller version of the NHANES [1] dataset for 1 epoch only. However,
early iso-FLOP curve plots showed that the model sizes being studied were likely optimal
at higher compute budgets than those being used. Therefore, more training tokens were
required in order to reach the compute budget at which some of the model sizes under
study were optimal.

Upon observing this, the remainder of the NHANES [1] dataset was downloaded. Then,
the models with dmodel = 224 or less were trained again with the expanded dataset. Some
were trained for multiple epochs. The full breakdown of which models were trained with
which dataset and for how many epochs can be found in Table 4.1.

Moving average smoothing with a window of 100 steps1 was applied to each training
curve in order to reduce noise.

1Tensorboard [3] was used to save the training loss for each run. By default, the training loss is saved
once for each 50 steps. Thus, the moving average window was the average of 100 training loss values across
5000 steps.
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4.1.2 Iso-FLOP curves

In order to generate iso-FLOP curves, the approximation:

F = 6ND (4.1)

from Kaplan et al. [20] where F represents the number of FLOPs, N represents the number
of training tokens, and D represents the number of learnable parameters in the model was
used. By setting F to a constant compute budget, the appropriate step on each training
curve where that compute budget is reached can be found. In practice, I replace N with
NSS where NS is the number of tokens per step and S is the number of steps. Then I set
F

6NS
to a constant C and find the corresponding S for each training curve. This simplifies

calculations made throughout this chapter by reconfiguring equation 4.1 to:

C = DS (4.2)

where C represents the compute budget and is proportional to F .

The interval of 32 between values of dmodel made it difficult to detect a clear minimum
from the plotted points. Thus, curves were created by fitting the following equation to the
data points of each compute budget:

logL = a(logD)2 + b(logD) + c (4.3)

where a, b, and c are constants to be fit. This is the equation of a quadratic fit to the
log-transformed loss and number of parameters of each data point. Note that Hoffmann et
al. [16] also fit a parabola to their points in order to find a precise minimum. The curve is
fit using the Levenberg-Marquardt method [27] to minimize the mean square error between
the fit and the experimental results. The optimal number of parameters for the compute
budget of each iso-FLOP curve is then taken to be the minimum of the fitted log-space
quadratic.

Many values for the compute budget C were explored in order to find the most useful iso-
FLOP curves for developing a scaling law. This exploration was done purely by inspection
to determine for what range of C there existed enough experimental data to get what
appeared to be accurate estimates of optimal allocations of S and D. An early set of
iso-FLOP curves is shown in Figure 4.1.

This set of iso-FLOP curves has values of C set to between 251 billion and 2,511
billion with values equally spaced on a log scale. The two iso-FLOP curves with the
largest values for C have fits that appear significantly different than the others. This
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Figure 4.1: Iso-FLOP curves for NHANES [1] data using results from Section 4.1.1 with a
wide range of compute budgets. Each point represents the loss and number of parameters
from a training curve at a number of steps such that the appropriate compute budget is
attained. The points that are filled-in represent a sample taken within the first epoch of
a training run while the points which are not filled-in represent a sample taken after the
first epoch of a training run. The minimum points are labeled with an x.

is because they surpass the compute budget used to train one or both of the smallest
models (dmodel = 64, 96) shown on the plot. That means that no point is available at the
corresponding number of parameters to fit an iso-FLOP curve. This inconsistency results
in minimum loss points that occur at higher values of D than may be expected by observing
and extrapolating from only the iso-FLOP curves with smaller values of C. Furthermore,
both of the largest iso-FLOP curves are also missing other points near where the predicted
minima are.

It was thus determined that these two larger compute budgets did not have clear enough
minima to be included. A smaller range of C was then used to generate new iso-FLOP
curves. A range of 351 billion to 1 trillion was chosen. The resulting iso-FLOP curves are
shown in Figure 4.2
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Figure 4.2: Iso-FLOP curves for NHANES [1] data using results from Section 4.1.1 with a
reduced range of compute budgets. Each point represents the loss and number of parame-
ters from a training curve at a number of steps such that the appropriate compute budget
is attained. The points that are filled-in represent a sample taken within the first epoch of
a training run while the points which are not filled-in represent a sample taken after the
first epoch of a training run. The minimum points are labeled with an x.

The iso-FLOP curves generated using this range were then used to fit a scaling law
to predict the optimal values of D and S for larger compute budgets. This was done by
fitting equations 2.3 and 2.4 to the minimum points of the iso-FLOP curves. This fitting
was also completed using the Levenberg-Marquardt method [27] to minimize the mean
squared error between the fit and the experimental data. The iso-FLOP curves yielded by
the reduced range of C values resulted in a scaling law with D = 1.4133 × C0.48997 and
S = 0.69874 × C0.51051.

This suggests that both number of parameters and number of steps should be scaled
about equally when increasing compute budget by some multiplicative factor. For example,
if the compute budget is increased by a multiple of 4, the number of steps and the number
of parameters should each be increased approximately by a multiple of 2. This is the same
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Table 4.2: The results from the test of the scaling law developed in Section 4.1. The final
loss is the average loss of the last 100 recorded steps of training.

Model width dmodel Number of parameters D Number of steps S Final loss L
96 472,611 8,463,620 0.5009
224 2,536,354 1,577,066 0.4734
448 10,090,307 396,420 0.4670

result obtained by Hoffmann et al. [16] for language transformers.

4.1.3 Scaling law testing

The chosen scaling law was tested by using it to predict the optimal D and S for a compute
budget 4 times larger than the largest iso-FLOP curve used to create the scaling law. Since
that highest compute budget was C = 1012, C = 4×1012 was chosen. By using this value in
equation 2.4 with ad = 1.41333089 and bd = 0.48996819, the predicted Dopt was determined
to be approximately 2,112,770.

Given that models in this section had a head size of 32, a model with a value of dmodel

which was divisible by 32 had to be chosen to be the optimal test model. Thus, a model
with dmodel = 224 and D = 2, 536, 355 was chosen. This was approximately 20% larger
than the predicted optimum.

Since the predicted Dopt could not be matched exactly, the number of steps S was chosen
such that the compute budget C = 4×1012 was as closely maintained as possible. This value
was 1,577,066 steps. Then, a model that had approximately 4 times as many parameters
and another which had approximately 4 times fewer parameters were also selected and
trained for a number of steps that maintained the compute budget of 4 trillion as closely
as possible. A breakdown of all 3 models used for testing can be found in Table 4.2 and a
plot of the 3 training runs can be found in Figure 4.3.

The model with the best performance was the largest model with dmodel = 448. This
indicates that the scaling law was unsuccessful in predicting the best values for D and S
with enough accuracy to be deemed useful.

4.1.4 Discussion

In this section, a scaling law that could accurately predict the optimal balance of training
steps and model parameters for a 4 times increase in compute budget was not successfully
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Figure 4.3: Training curves to test the first iteration of the accelerometer scaling law.

discovered. Note that since the larger test model was the one with the lowest loss, the
scaling law underestimated the optimal number of parameters for the given compute bud-
get. Thus, the fact that the optimal test model was 20% larger than the predicted optimal
model was an advantage, but an insufficient one.

It is concluded from this result and from visualizing the iso-FLOP curves that the
obtained minima were likely not sufficiently accurate. This was mostly due to the sparse
distribution of data points around the presumed minima. Furthermore, some noise seems to
be present between models of different sizes as was observed in Section 3.2.4. The following
section attempts to address the challenge of obtaining clear minima for a set of iso-FLOP
curves by decreasing the head size such that more models of sizes that closely surround
the presumed optimum points can be trained and by training some smaller models more
than once with different seeds.

Note again that the results in this section were obtained using the incorrect implemen-
tation of the data loader described in Section 3.1.3. The results are left here despite this
and despite the failure to generate an accurate scaling law in order to motivate the decision
to reduce the head size to 8 in the next section, to show concretely some iso-FLOP curves
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which do not show significantly clear minima, and to show an example of a scaling law test
which indicates an inaccurate scaling law.

4.2 Accelerometer–Iso-FLOP Method Attempt 2

In this section, changes are made to the previously employed process in an attempt to
improve upon the results. Specifically, the challenge of unclear iso-FLOP minima is ad-
dressed. First, the head size is changed from 32 to 8. This allows a larger number of
choices for dmodel when collecting experimental results, especially at smaller model sizes.
Then, iso-FLOP curves are fit only to points that are near the presumed optimum rather
than to all available points. A scaling law is then generated in the same way as before, by
fitting a power law to the observed optimum points for each iso-FLOP curve.

Upon testing this scaling law, it is found that the model it predicts to be optimal at
a higher compute budget outperforms the larger and smaller models it is tested against.
This suggests that the changes made in this section were useful for developing an accurate
scaling law. Other conclusions are then discussed in more detail.

4.2.1 Training runs

In addition to reducing the head size from 32 to 8, the batch size was also increased from
64 to 256. This was done since it became clear from the first round of tests and scaling
law exploration that optimal models would have dmodel much smaller than 2048 for the
compute budgets under study. Therefore, a larger batch size could be used without the
need for splitting batches during training on available hardware.

The base learning rate and weight decay were thus also changed to accommodate the
new head and batch sizes. As documented in Section 3.3.4, the base learning rate used
was 0.001132 while the weight decay was 0.00000371.

All the training runs done with these new hyperparameters are documented in Table
4.3. The smaller head size allows the smallest models to have values for dmodel separated
by only 8. This could have been done for all models trained but was not deemed necessary
for larger models which had values of dmodel separated by increments of 16. Furthermore,
some smaller models were trained more than once with different random seeds to increase
the variety in that range of model sizes. This along with the smaller increment was done
in an attempt to counteract the high levels of noise for small models seen in the previous
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Table 4.3: The training runs done for Section 4.2.1. “Interval” describes the change in
dmodel for neighboring models in the same range.

Size Range (dmodel) Interval Number of Seeds
[32, 128] 8 2
[144, 384] 16 1

512 N/A 1

attempt such that minimum points for each iso-FLOP curve could be determined with
more accuracy.

4.2.2 Iso-FLOP curves

As was done in Section 4.1.2, iso-FLOP curves were generated by first sampling the
smoothed loss of each training curve at a range of compute budgets. For this attempt, the
chosen compute budgets were accepted as having clear enough minima only if the range of
D which was presumed to hold the true minimum was populated with significantly more
points than in the previous attempt. Then, some samples which were likely not in the
neighborhood of the presumed optimal points were discounted and not used when fitting
an iso-FLOP curve. This was done by finding the point with the minimum loss and then
excluding any points with loss higher than that loss by more than 0.1. This mostly re-
moved points from models which were much larger than the likely optimal model for each
iso-FLOP curve. The value of 0.1 was chosen empirically with the goal of removing out-
liers only. Note that Hoffmann et al. [16] also only use points in the neighborhood of the
presumed minima. Although they present no heuristic for choosing those points other than
to assert that they ensure a clear minimum is available [16].

Then, for each compute budget, equation 4.3 was fit to the corresponding remaining
points in order to generate an iso-FLOP curve. The resulting iso-FLOP curves can be seen
in Figure 4.4.

The optima of each set of iso-FLOP points are not indisputably clear due to noise.
Although, the increased number of smaller models trained was successful in more effectively
surrounding each apparent minimum with data points. By again fitting equation 4.3 to
each set of iso-FLOP points in order to generate iso-FLOP curves, it was theorized that the
resulting minima would be more accurate due to the additional neighboring data points
and the exclusion of distant points.

Note that since the batch size used here was 256 rather than 64, each step includes 4
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Figure 4.4: The iso-FLOP curves generated in Section 4.2.2. The points shown are those
used to fit the iso-FLOP curves. The minimum points are labeled with an x.

times as many tokens. Since I defined C = DS, one unit of compute budget here is 4 times
larger than a unit of compute budget in Section 4.1. The increased batch size also increases
the loss as discussed in Section 3.3.3. Thus it is not useful to compare loss between each
section directly, but insights can still be informed by comparing relative difference across
iso-FLOP curves between this section and the last.

The resulting law was defined by D = 2.6436×C0.50433 and S = 0.3782×C0.49567. The
exponents here suggest that the number of parameters in a model D should be increased
by an approximately equal factor to the number of steps S for a given increase in compute
budget C. This is similar the previously developed scaling law, which also suggested that
D and S should be scaled equally. However, the law is shifted such that predictions for the
optimal number of parameters will be nearly 2 times larger for any given compute budget.
Since the test of the last scaling law showed that the larger model performed better than
the model that was predicted to be optimal, this is a positive sign.
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Table 4.4: The results from the test of the scaling law developed in Section 4.2. The final
loss is the average loss of the last 100 recorded steps of training. Each model size has two
final loss scores from two different random seeds followed by the average of the two scores.

Model width dmodel Number of parameters D Number of steps S Final loss L
144 1,049,331 1,905,976 1.2081

1.1991
Mean Loss: 1.2036

288 4,172,259 479,356 1.1860
1.2021

Mean Loss: 1.1940
576 16,638,915 120,200 1.2054

1.1977
Mean Loss: 1.2016

4.2.3 Scaling law testing

The scaling law was tested with the same procedure which was used for the previous
scaling law save that the test was repeated twice with different random seeds due to the
noise observed in the iso-FLOP plot in Figure 4.4. Additionally, since a more optimal
batch size2 was being used, C for the test was chosen to be 5 times larger than the largest
iso-FLOP curve rather than only 4 times. This also helps to ensure that this scaling law
is not at an advantage due to differences in the chosen values of C for the iso-FLOPs in
this attempt versus the last.

In this case, the predicted optimal number of model parameters Dopt for C = 2 × 1012

was 4,227,747. The model closest in size to that while maintaining a head size of 8 had
dmodel = 288 and D = 4, 172, 259. The number of steps used with this model size to
maintain a compute budget of C = 2 × 1012 was 479,356. A model with approximately 4
times as many parameters and another with approximately 4 times fewer parameters were
also trained using the same compute budget. The full list of models used to test the scaling
law and the results for each can be found in Table 4.4. Figure 4.5 shows the training curves
for this test.

The model with the best average performance was the model which the scaling law
predicted would be optimal with dmodel = 288. In this case, the scaling law was successful
in predicting optimal values for D and S.

2Optimal in that it used the available GPU more effectively.
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Figure 4.5: Training curves to test the accelerometer scaling law developed in Section 4.2

4.2.4 Discussion

In this section, a scaling law was developed which did accurately predict an optimal balance
of number of parameters and number of steps for training a BIOT [43] model at an increased
compute budget. This suggests that the efforts to improve the accuracy of the fitted iso-
FLOP curves in determining the optimal points for each sampled compute budget were
successful. These efforts included decreasing the head size such that more variety in model
sizes around the presumed optima was possible, training smaller models more than once
with different random seeds, and discounting points that were significantly far from the
presumed optima when fitting the iso-FLOP curves.

4.3 Accelerometer–Parametric Loss Function Method

In this section, a parametric loss function is fit to the experimental data gathered in Section
4.2.1. As in Hoffmann et al. [16], the parametric loss function is then used directly to find
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Table 4.5: Results from fitting equation 4.4 to the experimental training loss curves from
Section 4.2.1

Constant E α β SC DC

Value 1.038 0.4205 0.3357 673.9 2354

optimal numbers of parameters for various compute budgets rather than fitting iso-FLOP
curves. These minima are then used to fit a power law as done with minima from iso-FLOP
curves.

Upon testing this scaling law, it is found that the model which is predicted to be optimal
at a higher compute budget outperforms the larger and smaller models it is tested against.

4.3.1 Parametric loss function

Rather than use equation 2.5 directly, that equation is modified to be given the following
arrangement:

L =

(
SC

S

)α

+

(
DC

D

)β

+ E (4.4)

where N and NC have been replaced with S and SC following the simplification made
in Section 4.1.2. Additionally, the constants α and β are applied to the numerator and
denominator of their respective terms rather than only to the denominator. Since the
numerator is a constant and both α and β are constants, no change in the space of possible
resulting fits has been made.

Equation 4.4 was fit to all the training curves using the Nedler-Mead [13] method to
minimize the mean squared error of the experimental training loss with the fit. The results
for each constant are shown in Table 4.5.

4.3.2 Iso-FLOP curves

Iso-FLOP curves can then be generated using this parametric loss function rather than
the noisy experimental data. This is done by setting DS = C for some values of C in the
same range as in the previous experiment and then sampling the loss function at various
values of D. The resulting iso-FLOP curves can be seen in Figure 4.6.

Note that it is not necessary to generate iso-FLOP curves when using this method.
However, they are generated here anyways to allow easier visual comparison between this
method and the last.
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Figure 4.6: The iso-FLOP curves generated using the parametric loss function fitted on
accelerometer training curve data from Section 4.2.1. Points represent loss estimations
using the parametric loss function at the corresponding D and S such that C is as shown
in the legend. Points which line up with models that were trained in Section 4.2.1 are used
to show their spread. However, the parametric loss function is used directly to draw the
curve rather than fitting a quadratic to the plotted points.

A scaling law was generated by numerically minimizing the fitted loss function under
the constraint DS = C for the values of C shown in Figure 4.6. The resulting law was
defined by D = 0.62369 × C0.55603 and S = 1.6034 × C0.44396. This is similar to the
previously developed scaling law but different enough that its prediction for the optimal
balance of number of parameters and number of steps for a compute budget of C = 2×1012

was different than what was predicted by the previous scaling law. Thus, another test was
conducted to confirm the accuracy of the scaling law.
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Table 4.6: The results from the test of the scaling law developed in Section 4.3. The final
loss is the average loss of the last 100 recorded steps of training. Each model size has two
final loss scores from two different random seeds followed by the average of the two scores.

Model width dmodel Number of parameters D Number of steps S Final loss L
152 1,168,427 1,711,702 1.2192

1.2124
Mean Loss: 1.2158

296 4,406,555 453,869 1.1913
1.1894

Mean Loss: 1.1903
592 17,574,707 113,799 1.2068

1.2012
Mean Loss: 1.2040

4.3.3 Scaling law testing

The scaling law was tested with the same procedure and the same target compute budget
of C = 2 × 1012 as was used for the previous method in Section 4.2.3

In this case, the predicted optimal number of model parameters Dopt for C = 2 × 1012

was 4,313,131. The model closest in size to that while maintaining a head size of 8 had
dmodel = 296 and D = 4, 406, 555. The number of steps used with this model size to
maintain a compute budget of C = 2 × 1012 was 453,869. A model with approximately 4
times as many parameters and another with approximately 4 times fewer parameters were
also trained using the same compute budget. The full list of models used to test the scaling
law and the results for each can be found in Table 4.6. Figure 4.7 shows the training curves
for this test.

The model with the best average performance was the model which the scaling pre-
dicted would be optimal with dmodel = 296. In this case, the scaling law was successful in
predicting optimal values for D and S.

4.3.4 Discussion

In this section, a scaling law was developed, using the parametric loss function method
[16], which did accurately predict an optimal balance of number of parameters and number
of steps for training a BIOT [43] model at an increased compute budget. This scaling law
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Figure 4.7: Training curves to test the accelerometer scaling law developed with the para-
metric loss function method.

suggests that the number of parameters should be scaled proportionally to compute budget
to the power of 0.56 (D ∝ C0.56) whereas the previous section’s scaling law which was
developed with the iso-FLOP curve method [16] recommended D ∝ C0.50. This difference
is of a slightly larger size compared to the difference between scaling laws reported by
Hoffmann et al. [16] using these same methods.3

4.4 EEG–Iso-FLOP Method

In this section, the iso-FLOP method [16] is applied to create a scaling law using the TUH-
EEG [28] dataset. Lessons learned from the first attempt at applying this method to the
NHANES [1] dataset are applied here as well. Specifically, the head size of the models used
is maintained at 8 such that a sufficient spread of model sizes around the presumed minima
of a sufficient number of compute budgets is available. Additionally, samples from training

3See Section 2.5 for the values that they report.
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curves which are significantly sub-optimal for a given compute budget are excluded from
iso-FLOP curve fitting for that compute budget as was done in Section 4.2.2.

Yet again, the resulting scaling law is successfully able to predict an optimal balance
of number of parameters and number of steps to outperform one larger and one smaller
model all at the same elevated compute budget. Conclusions related to this result are then
presented and discussed.

4.4.1 Training runs

The head size for BIOT [43] trained on EEG data was maintained at 8 in order to continue
to allow the same granularity of differences in model sizes for low values of dmodel. However,
the batch size was reduced to 100. This was done because the number of channels in the
EEG data was 24 which significantly increased the sequence length being passed to the
model since for both accelerometer and EEG data, an entire 10 seconds are used in each
sample. Recall that the network splits input into 1 second tokens with 50% overlap resulting
in 19 tokens for each channel. The sequence length is the number of tokens which is thus 8
times more for EEG given the 8 times more channels. Note that the maximum model size
for the EEG data without needing to split a batch was still lower than for the accelerometer
data even with the decreased batch size. But, given the additional tests done in Sections
4.2 and 4.3, it was predicted that a batch size of 100 would still allow for large enough
models to be trained in order to develop and test a scaling law.

Since a new dataset was being used, another Optuna [5] hyperpararmeter study was
done to determine what base learning rate and weight decay should be used. As docu-
mented in Section 3.3.4, the base learning rate was 0.0000945 and the weight decay was
0.00000317.

All the training runs done with the TUH-EEG [28] dataset are documented in Table
4.7. Due to the lower number of hours in this dataset compared to NHANES [1], the
models are trained for 2, 3 or 11 epochs rather than just 1. This was done after initial
tests showed that the presumed optima at various compute budgets were not sufficiently
defined when plotting iso-FLOP curves. However, none are trained more than once with
different seeds since relative noise was not deemed to be as intense as for the NHANES
experiments.
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Table 4.7: The training runs done for the development of a scaling law with EEG data.
Interval refers to the difference in values of dmodel for neighboring models in the same range.

Size Range (dmodel) Interval Epochs
[32, 96] 8 11

[104, 128] 8 3
[136, 384] 16 2

448 N/A 2
512 N/A 2

4.4.2 Iso-FLOP curves

As was done in Section 4.2.2, iso-FLOP curves were generated by first sampling the
smoothed loss of each training curve at a range of compute budgets. Then, some samples
which were likely not in the neighborhood of the presumed optimal points were discounted.
This was done by finding the point with the minimum loss and then excluding any points
with loss higher than that loss by more than 0.1. This effectively balanced the available
points such that there were not significantly more points representing models larger than
optimal than there were points representing models smaller than optimal for most compute
budgets. Then, for each compute budget, equation 4.3 was fit to the corresponding remain-
ing points in order to generate an iso-FLOP curve with a clear minimum. The resulting
iso-FLOP curves can be seen in Figure 4.8

The scaling law obtained from these iso-FLOPs was defined by D = 0.5146 × C0.55598

and S = 1.8495 × C0.44606.

4.4.3 Scaling law testing

The scaling law was then tested with the previously established method. The test compute
budget was chosen to be 500 billion which is 5 times larger than the largest iso-FLOP curve
used to generate the scaling law. For this compute budget, the scaling law predicted that
1,643,789 parameters would be the optimal number. Thus, a model with dmodel = 176 and
1,583,320 parameters was chosen to be the optimal model for the test. The results of the
test along with documentation of the number of parameters and training steps for each
model used in the test can be found in Table 4.8 while a plot of the training curves can
be found in Figure 4.9. Only one instance of each model was trained due to the lower
noise observed in the iso-FLOP plot compared to the iso-FLOP plot generated with the
NHANES [1] dataset in Figure 4.4.
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Figure 4.8: The iso-FLOPs using the EEG training curve data. Only points which are
used to fit the iso-FLOP curves are shown. Unfilled points indicate samples taken after
the first epoch of a training run.

The model with the best performance was the model which the scaling law predicted
to be optimal with dmodel = 176.

4.4.4 Discussion

In this section, the iso-FLOP method [16] successfully lead to a scaling law that was able
to predict an optimal balance of number of parameters and number of training steps which
performed better than both a larger and a smaller model for a compute budget five times
larger than the largest used to develop the scaling law.

Specifically, this scaling law recommends D ∝ C0.56 which is in the same range as
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Table 4.8: The results from the test of the EEG scaling law developed with the iso-FLOP
curve method. The final loss is the average loss of the last 100 recorded steps of training

Model width dmodel Number of parameters D Number of steps S Final loss L
88 404,472 1,236,179 0.6283
176 1,583,320 315,792 0.5951
360 6,550,584 76,329 0.6386

the scaling laws developed with the NHANES [1] dataset. Although this result does not
confirm that BIOT [43] should be scaled similarly for all types of biosignal data, it does
suggest that it should be scaled similarly for EEG data and accelerometer data.

4.5 EEG–Parametric Loss Function Method

In this section, a scaling law for BIOT [43] trained on the TUH-EEG [28] dataset is
developed using the parametric loss function approach.

Since no changes to any model hyperparameters such as head size were deemed to be
necessary, the training runs done in Section 4.4.1 and documented in Table 4.7 were used
again for the development of this scaling law.

The resulting scaling law suggests that the number of parameters should be scaled
less than the previous scaling law developed with the iso-FLOP curve method [16] and
less than either scaling law developed with the NHANES [1] dataset. The scaling law
then successfully predicts a pair of values for D and S for a larger compute budget which
outperform a smaller and larger model trained with the same compute budget. Conclusions
related to this result are then presented and discussed.

4.5.1 Parametric loss function

As was done in Section 4.3.1, equation 4.4 was fit to the collected experimental data using
the Nelder-Mead [13] method. The results for each constant are shown in Table 4.9.

4.5.2 Iso-FLOP curves

Next, iso-FLOP curves were generated by setting DS = C for multiple Cs and then
sampling for a range of D values. The resulting curves with points showing the sizes of
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Figure 4.9: Training curves to test the EEG scaling law developed with the iso-FLOP curve
only approach. The numbers in the legend indicate the corresponding values of dmodel

models trained in Section 4.4.1 are shown in Figure 4.10.

The scaling law obtained by minimizing the fitted parametric loss function at each
chosen compute budget and then fitting a power law to the discovered minima was defined
by D = 9.5985 × C0.43462 and S = 0.1042 × C0.56538. This was significantly different than
the previously obtained scaling law and so a test was applied to it to establish its accuracy.

Table 4.9: Results from fitting equation 4.4 to the experimental training loss curves from
Section 4.4.1

Constant E α β SC DC

Value 0.4837 0.4047 0.5265 510.1 3997
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Figure 4.10: The iso-FLOPs using the parametric loss function fitted on EEG training curve
data. The points represent loss estimated by the parametric loss function for numbers of
parameters D which match models that were used for iso-FLOP curve fitting in Section
4.4.2.

4.5.3 Scaling law testing

The scaling law was tested with the established method used for both the scaling laws
developed with the NHANES [1] dataset and the previously developed scaling law with
the TUH-EEG [28] dataset. A compute budget of 500 billion was maintained here from
the previous EEG scaling law test. The predicted optimal number of parameters at that
compute budget was 1,166,253. Thus the dmodel chosen for testing was 152 which resulted
in a model with 1,185,016 parameters. The results for this model as well as the neighboring
larger and smaller models can be seen in Table 4.10. Training curves from these tests can
be seen in Figure 4.11.
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Table 4.10: The results from the test of the EEG scaling law developed with the parametric
loss function approach. The final loss is the average loss of the last 100 recorded steps of
training

Model width dmodel Number of parameters D Number of steps S Final loss L
72 273,336 1,829,250 0.6603
152 1,185,016 421,935 0.5850
304 4,680,408 106,828 0.6152

The optimal model with dmodel = 280 has the lowest loss between the three models.
This indicates that the scaling law is sufficiently accurate.

4.5.4 Discussion

Both the EEG scaling laws developed with the iso-FLOP curve approach [16] and the
parametric loss function approach [16] were able to successfully pass the testing method
used to evaluate them. However, they have more significant differences between them than
the scaling laws developed for the NHANES [1] dataset do or the scaling laws developed
for language transformers by Hoffmann et al. [16] do. The scaling law developed in this
section recommends D ∝ C0.43 while the scaling law developed for EEG data using the
iso-FLOP curve approach [16] recommends D ∝ C0.56. It is to be expected that a difference
such as this one could occur given that the compute budget used in this thesis to develop
the scaling laws was much lower than what was available to Hoffmann et al. [16] when
developing theirs. Not only does this mean that fewer models could be trained when
collecting experimental training curve data, but also the models trained in this phase were
smaller which resulted in more noise between different training runs than was observed by
Hoffmann et al. [16].

Some additional analysis in Appendix B shows a visualization of the tests done to verify
the accuracy of the EEG scaling laws developed in this section and the last.
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Figure 4.11: Training curves to test the EEG scaling law developed with the parametric
loss function approach. The numbers in the legend indicate the corresponding values of
dmodel.
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Chapter 5

Conclusion

In this thesis, scaling laws which predict the balance of number of parameters D and
number of training tokens N for a given compute budget C were developed for BIOT [43]
with both accelerometer and EEG data to minimize training loss for the unsupervised pre-
training task used by [43]. This was done by adopting the commonly used power law model
of compute-optimal scaling laws [20, 16], described by equations 2.3 and 2.4. Then, two
methods used by Hoffman et al. [16] to develop such scaling laws for language transformers
were used in this work to fit the power law model for BIOT. These methods were the
iso-FLOP curve method [16] and the parametric loss function method [16]. Each method
was applied to both BIOT trained with accelerometer data and BIOT trained with EEG
data. The resulting scaling laws were tested similarly to the testing method employed by
Hoffman et al. [16] in their work. Each law was used to predict an optimal model for
a compute budget 4-5 times larger that what was used to create the scaling law. Then,
models with 4 times as many parameters as were predicted to be optimal and models with
4 times fewer parameters than were predicted to be optimal were also trained with the
same compute budget. The final losses of each model were compared and if the optimal
model performed best, the scaling law was accepted as sufficiently accurate to be useful
for researchers intending to scale up BIOT [43] with a limited compute budget.

In Section 4.1, the scaling law developed for accelerometer data with the iso-FLOP
curve method [16] did not pass this test. Adjustments were made to collect more useful
experimental pre-training curve data which led to a scaling law in Section 4.2, developed for
accelerometer data with the iso-FLOP curve method [16], which did pass the test. Using
similar sets of experimental training curve data, a scaling law was successfully developed
for accelerometer data using the parametric loss function method [16], and both methods
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Table 5.1: The resulting scaling laws from Chapter 4.
Dataset Method Scaling Law

Accelerometer Iso-FLOP D ∝ C0.50

Accelerometer Parametric loss function D ∝ C0.56

EEG Iso-FLOP D ∝ C0.56

EEG Parametric loss function D ∝ C0.43

also had success in developing scaling laws for EEG data. The resulting scaling laws can
be seen in Table 5.1.

Only the rates of scaling for number of parameters D are shown since the rates of
scaling for number of training tokens N or number of steps S is always the complement
of the rate of scaling for D. For example, D ∝ C0.56 implies N ∝ C0.44 since C ∝ DN .
In practice, researchers should use the scaling laws in Table 5.1 to predict an optimal
number of parameters. They should then find a model with a shape such that that number
of parameters is as closely achieved as possible. Then, they can find the corresponding
number of training tokens or steps based on their compute budget and the resulting size
of their model.

5.1 Limitations

In this thesis, compute resources limited the maximum compute budgets and number of
models which could be used to test the obtained scaling laws. This led to compute budget
increases of 4-5 times compared to the 100 times increase used by Hoffman et al. [16].
Thus, the scaling laws have only been shown to be valid through these tests up to these
smaller compute budgets. Furthermore, the non-optimal test models were exclusively four
times larger and smaller than the optimal models. This testing standard is less stringent
than lower factors would be. A more comprehensive validation of the scaling laws would
have included a larger number of non-optimal models closer in size to the optimal models.
Appendix B explores this for EEG data with a few additional non-optimal test models.
Despite the testing compute budget limitations, the scaling laws should continue to be
useful for researchers scaling BIOT [43] up past the compute budgets used to test them as
there are currently no other scaling laws available to guide such work. They should also
be useful as a starting point for other researchers who want to apply further fine-tuning
and optimization to the scaling laws to improve their accuracy.

Compute resources also limited the number of training runs which could be done when
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developing the scaling laws. For comparison, Hoffman et al. [16] were able to train a
sufficient variety of models to get iso-FLOP curves with clear minima over the range of 3
orders of magnitude. In this thesis, approximately 1 order of magnitude was covered for
each dataset instead. This could have been a contributing factor to the difference between
the two scaling laws developed for the EEG dataset.

5.2 Future Work

Important research which would be complimentary to what is documented in this thesis is
the study of dataset size scaling requirements as is done for language models by Kaplan et
al. [20]. Some tests were done in Section 3.4 to determine if the size of the datasets used in
this thesis were likely to limit performance. Tests showed that that was likely not the case.
However, overfitting should eventually occur at some higher compute budget with a large
enough model and a sufficient number of steps. Therefore, for further scaling up of BIOT
[43], it will be important to develop a scaling law to predict dataset size requirements based
on compute budget.

Another area for future work is to study the robustness of the developed scaling laws
at larger compute budgets. This could lead to improved scaling laws or confirm that the
scaling laws presented in Table 5.1 are valid past the compute budgets used for testing
them in this thesis. Furthermore, Hoffman et al. [16] conjecture based on their results that
at very high compute budgets, the true scaling law exhibits some curvature which pulls it
away from being a strict power law. It is unclear whether this would be the case for BIOT
as well or at what compute budget that may occur. Future studies could explore this.

Additionally, a scaling law which predicts the resulting loss decrease from a given com-
pute budget increase, as is developed by Kaplan et al. [20] for language models, would also
be useful for researchers in combination with laws which predict fine-tuning performance
for certain tasks based on pre-training loss. This would allow decisions about compute
budget to be made with resulting fine-tuning performance in mind. For example, if a par-
ticular application required a known level of performance, the compute budget could be
chosen such that the performance target is met without expending resources on additional
compute needlessly.

Unfortunately, a generally applicable law to predict fine-tuning performances based on
pre-training loss would be very difficult to develop. In this thesis, it is assumed that lower
pre-training loss indicates better utility from pre-training. However, this will only be the
case when the pre-training dataset and task are relevant to the fine-tuning task in question.

64



Even when this is the case, specific relationships between pre-training loss and fine-tuning
performance are likely to vary across different fine-tuning tasks. For example, it has been
found to be the case for large language models to suddenly exhibit new emergent abilities
with few-shot prompting after different sufficiently large scales are reached [40]. Thus,
it is likely that depending on the difficulty of the task, that different minimum levels of
pre-training loss on different pre-training datasets would be required before improvements
from pre-training are even observed. It may also be the case for BIOT that previously
unsolved biosignal problems could be solved effectively with a large enough increase in
scale.

Some work is done in Appendix C which fine-tunes some BIOT models pre-trained
with the TUH-EEG dataset [28] on both the TUAB [34] and TUEV [2] datasets. The goal
of those tests is to provide some sample of the effects of both varying compute budgets
and varying numbers of parameters/training tokens within constant compute budgets on
fine-tuning performance. But, with only one pre-training dataset, 2 fine-tuning datasets,
and a limited maximum compute budget, generally applicable rules about such trade-offs
are not proposed and are left for future work, as described above.

Finally, the scaling laws developed in this thesis can be used in work to develop large
foundational models for biosignal processing tasks as Yang et al. [43] call for in the con-
clusion to their work on BIOT.
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Appendix A

TUH-EEG Channels

The channel names that were kept from the TUH-EEG [28] dataset are shown in Table
A.1.
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Table A.1: The 24 channels that were selected to be kept from the TUH-EEG [28] dataset.
Names are taken directly from the dataset.

Channel Name
EEG FP1-REF
EEG FP2-REF
EEG F4-REF
EEG C3-REF
EEG C4-REF
EEG P3-REF
EEG P4-REF
EEG O1-REF
EEG O2-REF
EEG F7-REF
EEG F8-REF
EEG T3-REF
EEG T4-REF
EEG T5-REF
EEG T6-REF
EEG F3-REF
EEG CZ-REF
EEG FZ-REF
EEG PZ-REF
EEG T2-REF
EEG T1-REF

EEG EKG1-REF
EEG A1-REF
EEG A2-REF
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Appendix B

Additional EEG Analysis

A plot is shown here which compares the test results for the scaling laws developed in
Sections 4.4 and 4.5 for the TUH-EEG [28] dataset. In addition to the results of these
tests, some additional models were trained up to the same compute budget of 500 billion
for additional context. This effectively results in a very sparse iso-FLOP curve for the test
compute budget. The plot can be seen in Figure B.1.

There is not a sufficiently clear minimum in order to make conclusions about the com-
parative accuracy of either scaling law and it is outside of the scope of this thesis to do so.
But, this plot is included here, in the appendix to provide another visual aid to represent
the results of the scaling law tests for the EEG data and to show the relative performance
of other model sizes for the compute budget used for testing the EEG scaling laws.
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Figure B.1: Combined results of each EEG scaling law test from Tables 4.8 and 4.10.
Results from additional tests, not documented in any table, are also plotted. All points
are the final loss of models trained with a compute budget of C = 500 × 109.
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Appendix C

Fine Tuning Analysis

In this chapter, the effects of pre-training with the TUH-EEG dataset on fine-tuning tasks
are studied. The TUAB [34] and TUEV [2] datasets, used previously by Yang et al. [43]
when evaluating BIOT, are defined and used for fine-tuning. For each dataset, two studies
are conducted. One such study varies the compute budget used for pre-training from 500
billion (as in Sections 4.4 and 4.5) to 100 billion, to 20 billion. The scaling law developed in
Section 4.5 is used to choose the balance of number of parameters and number of training
tokens to maintain optimality. The second study compares different balances of number
of parameters and number of training tokens for a constant compute budget of 500 billion.
The pre-trained models from Section 4.5.3 are used. Finally, for each pre-trained model
which is fine-tuned, randomly initialized models are also fine-tuned in order to study the
effects of pre-training on the fine-tuning performance for each dataset.

Results show that increasing compute budget of pre-training does improve performance
on both fine-tuning datasets. Some discussion is provided on the generalization of this
result to other datasets and the potential presence of a performance ceiling for pre-training
compute budgets approaching infinity. Results for a constant compute budget with varying
model sizes and number of training steps used in pre-training show that a model which is
larger than optimal may perform better than the predicted optimal model size. This result
is discussed in detail with reference to Kaplan et al.’s [20] work on modeling loss based on
model size, dataset size, and compute budget for large language models. It is concluded
that the scaling laws developed in this thesis should still be useful for the development of
large foundation models for biosignal transformers.
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C.1 Datasets

C.1.1 Temple University Hospital Abnormal

The TUAB dataset [34] consists of 2,717 train EEG recordings, 1,346 of which are labeled
abnormal and 1,371 of which are labeled normal. It also includes 276 evaluation recordings,
150 of which are labeled as normal while the other 126 are labeled as abnormal. After
applying the same preprocessing as was applied to the TUH-EEG dataset [28] (retaining
24 channels from Appendix A and resampling to 256Hz), 295,596 train samples, 76,542
validation samples, and 36,945 test samples were generated. All samples are 10 seconds
long each.

The dataset is a subset from the TUH-EEG dataset [28] which was labeled as normal
or abnormal based on available reports that accompanied the recordings.

C.1.2 Temple University Hospital Events

The Temple University Hospital Events [2] dataset is also a subset of the TUH-EEG [28]
dataset. It consists of 370 EEG recordings all from different patients. Events were man-
ually labeled by neurologists into 6 types. These classes are: spike and/or sharp waves
(SPWS), periodic laterailzed epileptiform discharges (PLED), generalized periodic epilep-
tiform discharges (GPED), artifacts (signals which are not cerebral in origin such as spikes
from removing/replacing electrodes), eye-movement, and background (other).

The dataset is provided already split into a train set with 290 recordings and a test set
with the remaining 80 recordings. The train set follows approximately this distribution:
0.8% SPSW, 7.4% GPED, 13.4% PLED, 1.4% eye movement, 13.2% artifact, and 63.9%
background [2]. The test set follows a similar distribution.

The pre-processing script provided by Yang et al. [43] was modified to maintain the
channels documented in Appendix A and used to extract 83,932 5 second training samples
and 26,067 5 second test samples. All the recordings are by default resampled to 250Hz.
These were thus resampled to 256Hz to be compatible with the pre-trained models from
this work.
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C.2 Training and Testing Procedure

Both the training procedures for the TUAB dataset and TUEV datasets are quite similar.
Commonalities between both procedures will be discussed first, followed by attributes
which are specific to each.

Yang et al. [43] fine-tune on both the TUAB [34] and TUEV [2] dataset and provide their
training scripts for those tests. Thus, the training procedures used here is very similar to
theirs. However, some adaptations were made to work with the pre-trained models targeted
by the scaling laws developed herein. For instance, maximal update parametrization was
used for the pre-trained models which means they use 1/dmodel attention scaling rather
than 1/

√
dmodel attention scaling. Thus, the pre-trained models which were fine-tuned

maintained that scaling. For consistency, the randomly initialized models also used 1/dmodel

attention scaling. The other aspects of maximal update parametrization are maintained
for all tests as well such as using the mup implementation of AdamW [17] and adjusting
weight initializations as described in Section 3.2.

Another difference from the training procedure used by Yang et al. [43] is that early
stopping based on validation performance is not used. It was found that allowing the
fine-tuning process to use either of the entire datasets for training resulted in any perfor-
mance improvements from pre-training being eclipsed by the fine-tuning itself. That is to
say that performance did not improve when using a pre-trained model vs a randomly ini-
tialized model when pre-training with the whole dataset and with early stopping enabled.
Therefore, in order to better study the effects of pre-training on the available datasets and
fine-tuning tasks, tests were conducted multiple times with different prescribed numbers
of steps. Lower number of steps allow observations with improvements from pre-training
to be recorded. For each study, all tests are repeated with 25, 100, 400, and 1600 steps.

This approach was chosen in favor of reducing the dataset size by some factor and
continuing to use early stopping because it is unclear if early stopping with a validation set
would be an optimal regularization strategy with a smaller dataset because the validation
set size would be reduced as well. With a smaller validation set size, the signal for stopping
will become less representative of the model’s true generalized performance, resulting in
stopping occurring more and more randomly. Furthermore, it was chosen that one epoch
with a smaller dataset should be completed rather than repeating data for multiple epochs
to avoid concerns about overfitting in the absence of the early stopping regularization
method.

Finally, learning rate and weight decay are left at the same values used by Yang et
al. [43] in their experiments of 0.001 and 10−5 respectively.
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Using these training parameters, each configuration is trained 20-40 times with different
random seeds. The random seed affects the training data loader shuffling of all models and
the random initialization of models which are not pre-trained. The mean performance
score for each configuration is then recorded in following sections.

C.2.1 TUAB

For the TUAB dataset specifically, a batch size of 256 instead of the 512 used by Yang et
al. [43] in order for training to be done on available devices. With this batch size, 1 epoch
of training on the training dataset consists of 1154 steps.

The loss function used for optimization is binary cross-entropy between the predicted
and true labels (abnormal or normal).

C.2.2 TUEV

The batch size used for the TUEV dataset was 128 which is the same as what Yang et
al. [43] used in their experiments. 599 steps are required for one pass through the training
set with this batch size.

The loss function used for optimization is simply cross entropy loss between the pre-
dicted class probabilities and the true classes.

C.3 Constant Compute Budget–TUAB

This section compares the fine-tuning performance of models which were pre-trained using
the same pre-training compute budget. The fine-tuning task is binary classification of 10
second EEG recordings from the TUAB dataset into either normal or abnormal. The per-
formance is reported with the mean AUROC. A higher score indicates better performance.

Three different pre-trained models are used. These are the smaller, optimal and larger
models used to test the EEG scaling law developed using the parametric loss function
method in Section 4.5.3. Versions of each of these models which are not pre-trained (ran-
domly initialized) are also trained in order to study the overall effect of pre-training on
those model sizes. Tables C.1, C.2, C.3, and C.4 display the results of these tests.

Of particular note for this study, is that improvements from pre-training are only consis-
tently observed in Tables C.1 and C.2 where 25 and 100 steps of fine-tuning are completed
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Table C.1: Comparison of mean AUROC across models with a constant compute budget
fine-tuned on the TUAB dataset with 25 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.7741 ± 0.0136 0.8021 ± 0.0117

Optimal (dmodel = 152) 0.7891 ± 0.0112 0.8217 ± 0.0072
Larger (dmodel = 304) 0.7943 ± 0.0094 0.8245 ± 0.0067

Table C.2: Comparison of mean AUROC across models with a constant compute budget
fine-tuned on the TUAB dataset with 100 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.8156 ± 0.0074 0.8262 ± 0.0069

Optimal (dmodel = 152) 0.8176 ± 0.0053 0.8354 ± 0.0069
Larger (dmodel = 304) 0.8202 ± 0.0039 0.8361 ± 0.0085

respectively. In both cases, the smaller model is decidedly outperformed by both the
larger and optimal pre-trained models. However, the larger model slightly outperforms the
optimal model in each case.

C.4 Varying Compute Budget–TUAB

This section compares the fine-tuning performance of models which were pre-trained using
compute budgets of 500 billion, 100 billion, and 20 billion. The dataset and task are the
same as the previous section and performance is again reported by average AUROC.

The scaling law for EEG developed using the parametric loss function method was used
to select optimal balances of numbers of parameters and training steps for each compute
budget. For 20 billion, a model with dmodel = 72 and 273,336 parameters was chosen. The

Table C.3: Comparison of mean AUROC across models with a constant compute budget
fine-tuned on the TUAB dataset with 400 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.8366 ± 0.0055 0.8202 ± 0.0091

Optimal (dmodel = 152) 0.8374 ± 0.0066 0.8241 ± 0.0118
Larger (dmodel = 304) 0.8380 ± 0.0066 0.8447 ± 0.0089
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Table C.4: Comparison of mean AUROC across models with a constant compute budget
fine-tuned on the TUAB dataset with 1600 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.8226 ± 0.0102 0.7840 ± 0.0118

Optimal (dmodel = 152) 0.8239 ± 0.0086 0.7958 ± 0.0111
Larger (dmodel = 304) 0.8234 ± 0.0094 0.7976 ± 0.0099

Table C.5: Comparison of mean AUROC across models with varying compute budgets
fine-tuned on the TUAB dataset with 25 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.7741 ± 0.0136 0.8109 ± 0.0094
100 billion 104 0.7857 ± 0.0108 0.8191 ± 0.0071
500 billion 152 0.7891 ± 0.0112 0.8217 ± 0.0072

corresponding number of steps was 73,170. For a compute budget of 100 billion, a model
with dmodel = 104 and 561,208 parameters was selected. This models was pre-trained
for 178,187 steps. For the compute budget of 500 billion, the optimal test model from
Section 4.5.3 was used (dmodel = 172, D = 1, 185, 016, S = 421, 935). Versions of each of
these models which are not pre-trained are also tested in order to study the effects of pre-
training with different numbers of fine-tuning steps. The results of these tests for 25, 100,
400, and 1600 fine-tuning steps are displayed in Tables C.5, C.6, C.7, and C.8 respectively.

Of note in this study is again that improvements from pre-training are only consistently
observed for 25 and 100 steps. Although the model with the smallest compute budget
does improve with pre-training in the tests done with 400 steps. In the tests done where
pre-training is beneficial, the models which are pre-trained with larger compute budgets
outperform those with smaller pre-training compute budgets, which is expected.

Table C.6: Comparison of mean AUROC across models with varying compute budgets
fine-tuned on the TUAB dataset with 100 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.8156 ± 0.0074 0.8292 ± 0.0069
100 billion 104 0.8168 ± 0.0057 0.8351 ± 0.0081
500 billion 152 0.8176 ± 0.0053 0.8354 ± 0.0069
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Table C.7: Comparison of mean AUROC across models with varying compute budgets
fine-tuned on the TUAB dataset with 400 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.8366 ± 0.0055 0.8400 ± 0.0083
100 billion 104 0.8358 ± 0.0086 0.8301 ± 0.0134
500 billion 152 0.8374 ± 0.0066 0.8241 ± 0.0118

Table C.8: Comparison of mean AUROC across models with varying compute budgets
fine-tuned on the TUAB dataset with 1600 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.8226 ± 0.0102 0.8039 ± 0.0120
100 billion 104 0.8205 ± 0.0120 0.7963 ± 0.0108
500 billion 152 0.8239 ± 0.0086 0.7958 ± 0.0111

C.5 Constant Compute Budget–TUEV

This section compares the fine-tuning performance of models which were pre-trained using
the same pre-training compute budget. The fine-tuning task is multi-class classification
of 5 second EEG recordings from the TUEV dataset into one of the 6 classes described
in Section C.2.2. The performance is reported with Cohen’s Kappa score. A higher score
indicates better performance.

The set of tests done in this section mirror those in Section C.3 other than the use of
the TUEV dataset. The results are displayed in Tables C.9, C.10, C.11, and C.12.

Of particular note for this study, is that the smaller pre-trained model never exhibits
any performance improvements over its randomly initialized counterparts in any of the
four tests with varying numbers of fine-tuning steps. Improvements from pre-training for
the optimal model is only observed when fine-tuning with 25 and 100 steps. In both of
these tests, the optimal model is slightly outperformed by the larger model. The larger
model improves with pre-training for all numbers of steps. It can also be noted that in
these same tests, the performance of the randomly initialized models clearly improves with
higher sizes.
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Table C.9: Comparison of mean Cohen’s Kappa score across models with a constant com-
pute budget fine-tuned on the TUEV dataset with 25 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.3485 ± 0.0506 0.3208 ± 0.0683

Optimal (dmodel = 152) 0.3575 ± 0.0323 0.4015 ± 0.0339
Larger (dmodel = 304) 0.3786 ± 0.0350 0.4127 ± 0.0447

Table C.10: Comparison of mean Cohen’s Kappa score across models with a constant
compute budget fine-tuned on the TUEV dataset with 100 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.3904 ± 0.0372 0.3531 ± 0.0432

Optimal (dmodel = 152) 0.3720 ± 0.0313 0.4055 ± 0.0334
Larger (dmodel = 304) 0.3909 ± 0.0311 0.4169 ± 0.0341

Table C.11: Comparison of mean Cohen’s Kappa score across models with a constant
compute budget fine-tuned on the TUEV dataset with 400 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.3962 ± 0.0279 0.3414 ± 0.0419

Optimal (dmodel = 152) 0.3822 ± 0.0280 0.3885 ± 0.0381
Larger (dmodel = 304) 0.3801 ± 0.0291 0.4119 ± 0.0264

Table C.12: Comparison of mean Cohen’s Kappa score across models with a constant
compute budget fine-tuned on the TUEV dataset with 1600 steps.

Model description Randomly Initialized Pre-trained from Section 4.5.3
Smaller (dmodel = 72) 0.3908 ± 0.0247 0.3077 ± 0.0407

Optimal (dmodel = 152) 0.3810 ± 0.0307 0.3810 ± 0.0385
Larger (dmodel = 304) 0.3699 ± 0.0269 0.3959 ± 0.0301
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Table C.13: Comparison of mean Cohen’s Kappa score across models with varying compute
budgets fine-tuned on the TUEV dataset with 25 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.3485 ± 0.0506 0.3689 ± 0.0266
100 billion 104 0.3632 ± 0.0382 0.3891 ± 0.0456
500 billion 152 0.3575 ± 0.0323 0.4015 ± 0.0339

Table C.14: Comparison of mean Cohen’s Kappa score across models with varying compute
budgets fine-tuned on the TUEV dataset with 100 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.3904 ± 0.0372 0.3743 ± 0.0338
100 billion 104 0.3933 ± 0.0341 0.3941 ± 0.0396
500 billion 152 0.3720 ± 0.0313 0.4055 ± 0.0334

C.6 Varying Compute Budget–TUEV

This section compares the fine-tuning performance of models which were pre-trained using
compute budgets of 500 billion, 100 billion, and 20 billion. The dataset and task as the
same as the previous section and performance is again reported by average Cohen’s Kappa
score.

The same pre-trained models from Section C.4 were used in this section as well. Results
for 25, 100, 400, and 1600 fine-tuning steps are displayed in Tables C.13, C.14, C.15, and
C.16 respectively.

Of note in this section is that the pre-trained model with the smallest compute budget
does show an improved performance for the 25 step test but not for the others. The only
test which shows consistent improvement across all models is the test which uses 25 steps.
In this same test, the models with larger pre-training compute budgets outperform others.

Table C.15: Comparison of mean Cohen’s Kappa score across models with varying compute
budgets fine-tuned on the TUEV dataset with 400 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.3962 ± 0.0279 0.3724 ± 0.0231
100 billion 104 0.3859 ± 0.0358 0.4327 ± 0.0339
500 billion 152 0.3822 ± 0.0280 0.3885 ± 0.0381
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Table C.16: Comparison of mean Cohen’s Kappa score across models with varying compute
budgets fine-tuned on the TUEV dataset with 1600 steps.

Compute Budget dmodel Randomly Initialized Pre-trained
20 billion 72 0.3908 ± 0.0247 0.3732 ± 0.0242
100 billion 104 0.3701 ± 0.0357 0.3872 ± 0.0449
500 billion 152 0.3810 ± 0.0307 0.3810 ± 0.0381

C.7 Analysis and Discussion

A common theme in all sets of tests is that pre-training is not usually observed to improve
performance when completing 400 or more steps of fine-tuning. This suggests that the
fine-tuning datasets are not small enough for pre-training on the TUH-EEG dataset [28]
with the compute budgets and pre-processing configurations used in this work to be useful
in improving performance. In order to study the trade-offs of varying compute budgets and
varying balances of number of parameters and pre-training tokens for a constant compute
budget, the tests in which pre-training improved performance should be observed.

Regarding the trade-off of fine-tuning performance for different computes budgets, it
is clear in Tables C.5, C.6, C.13, C.14 that the models pre-trained with larger compute
budgets outperform those with smaller compute budgets. The degree to which performance
increases seems to be larger between compute budgets of 20 billion and 100 billion than
between 100 billion and 500 billion, indicating that a saturation level may eventually be
reached. Of course, the highest point at which this saturation level could be is 1 for both
AUROC and Cohen’s Kappa since those are the maximum scores for each metric.

However, other factors may lead to this saturation level being even lower than 1. For
instance, the ground truth labels in the fine-tuning dataset may not have an error rate
of 0 since they both rely on human annotations. This would make a perfect score nearly
impossible for any model trained and tested on a held-out set from the dataset. Another
factor which may impose a ceiling on the fine-tuning performance of the models given a
pre-training compute budget approaching infinity, is the size of the pre-training dataset.
In this work, the pre-training dataset size is not infinite. In fact, for the compute budgets
used, some models were trained on as many as 40 epochs of data. Although no overfitting
was detected in Section 3.4 for EEG models, with a large enough model and sufficient data
repetition, the benefits of pre-training should saturate and lead to a lower max fine-tuning
performance in the absence of new, diverse pre-training data.

Given infinite and relevant pre-training data and an infinite compute budget, it is
unclear if the maximum performance would be equivalent to the performance of human
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annotators. The final factor which could potentially limit the performance is the size of
the fine-tuning dataset itself. Having access to an infinitely large fine-tuning dataset would
likely render pre-training unnecessary as pre-training is typically used as a supplement to a
task that has limited labeled data for training. But that does not mean that any arbitrarily
small amount of pre-training data is enough to achieve max performance. With 295,596
train samples for TUAB [34] and 83,932 train samples for TUEV [2] it seems unlikely that
the fine-tuning dataset size for either task would be a limiting factor for max performance
given infinite limits of compute budget and pre-training dataset size. However, given the
imbalance in the TUEV dataset, with only 0.8% of recordings being labeled SPSW [2], it
is a possibility.

The tests which compare different balances of number of parameters and number of
training tokens show improvements from pre-training with 100 or 25 steps of fine-tuning in
Tables C.1, C.2, C.9, C.10. However, note that the smaller pre-trained model (dmodel = 72)
does not show improvement for the TUEV [2] task in any test. In fact, the pre-training is
detrimental in this case. This is interesting because the mirrored tests for TUAB [34] did
show improvement with the exact same pre-trained model for 25 and 100 steps along with
the other model sizes. This may indicate that the smaller model did experience some level
of overfitting on the pre-training dataset in which it learned a small set of specific features
which were useful for the TUAB [34] dataset but not for TUEV [2] dataset. In fact, the
model used for the smallest compute budget in the varying compute budget tests also had
dmodel = 72 but was trained for fewer steps and ended up with an improved performance
over randomly initialized for TUEV [2] in Table C.13. Perhaps this model had not yet
reached the point of specializing into specific features and had still learned only general
features useful for most fine-tuning tasks.

Regardless of the detrimental effect of pre-training with the smaller model for TUEV,
the pre-trained models for both TUAB [34] and TUEV [2] have similar relative perfor-
mances. Specifically, the optimal and larger models outperform the smaller models by a
large margin. This is as expected given the pre-training loss of each model–the highest
of which was that of the smaller model. However, the larger models outperform the opti-
mal models by a slight margin despite having a higher pre-training loss in Section 4.5.3.
Upon applying a two-tailed homoscedastic t-test to these results, the difference between
the means is not shown to be statistically significant. The results of these t-tests can be
seen in Table C.17. Note that a p-value of 0.05 or less is typically considered to show
statistical significance of the difference between the means of two sets of samples.

These results suggest that the trade-offs related to the balance of number of parameters,
and number of training tokens for a fixed compute budget are not as simple as those related
to maintaining optimal configurations with varying compute budgets. Specifically, model
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Table C.17: T-tests comparing mean of optimal pre-trained models vs larger pre-trained
models.

Dataset Steps P-value Number of samples
TUAB 25 0.073 40
TUAB 100 0.718 40
TUEV 25 0.401 20
TUEV 100 0.292 20

size seems to have a role in influencing fine-tuning performance independently from the
pre-training compute budget. This can be shown by observing the performances of the
randomly initialized models shown in Tables C.1, C.2, C.9, C.10 where the fine-tuning
performance is clearly different for different sizes of models (improving with size except for
Table C.10). When taking into consideration the different performances of the randomly
initialized models, the optimally pre-trained models improve over their randomly initialized
counterparts in all 4 of Tables C.1, C.2, C.9, C.10 by larger margins than both the larger
and smaller models do. So, optimizing a scaling law to minimize pre-training loss seems to
have successfully resulted in models which benefit most from pre-training, but which may
not always significantly outperform other models which were pre-trained sub-optimally.

Despite this result, I still recommend using the scaling laws developed in this thesis to
inform compute budget allocations for the development of foundation models for biosignals.
This is because, as pre-training compute budgets increase and multiple larger pre-training
datasets are used, the benefits of pre-training optimally should become more important
than the benefits of fine-tuning with a larger model. Furthermore, with fine-tuning datasets
not increasing in size, the improvement in performance coming strictly from the fine-tuning
process will be limited by the dataset size itself, and not by the model size which will be
much larger for a foundation model with a large compute budget. This prediction is based
on the work of Kaplan et al. [20] who found that dataset size, model size, and compute
budget were the 3 main factors which determined model performance for large language
models. They also claim that when one of these parameters is held constant while the
others are allowed to increase significantly, then the one parameter limits performance
independently. In the case of a large foundation model for biosignals, the fine-tuning
dataset size will eventually become the most limiting factor for the benefits gained from
fine-tuning alone, which will reduce the effect of model size on final performance. In other
words, if the models being compared are all large enough that they reach near maximum
performance from random initialization on the fine-tuning dataset, then when they are
pre-trained before fine-tuning, the pre-training loss should be the most important factor
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in determining final improved performance rather than model size.
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