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Abstract

The success of modern deep learning systems is built on two
cornerstones, massive amount of annotated training data and ad-
vanced computational infrastructure to support large-scale com-
putation. In recent years, the model size of state-of-the-art deep
learning systems has rapidly increased and sometimes reached
to billions of parameters. Herein we take a close look into this
phenomenon and present an empirical study on the scaling ef-
fect of model size for self-supervised speech models. In par-
ticular, we investigate the quantitative relationship between the
model size and the loss/accuracy performance on speech tasks.
First, the power-law scaling property between the number of pa-
rameters and the L, self-supervised loss is verified for speech
models. Then the advantage of large speech models in learning
effective speech representations is demonstrated in two down-
stream tasks: i) speaker recognition and ii) phoneme classifica-
tion. Moreover, it has been shown that the model size of self-
supervised speech networks is able to compensate the lack of
annotation when there is insufficient training data.

Index Terms: model size, self-supervised learning, power-law
scaling, speaker recognition

1. Introduction

With the advance of deep learning, the performance of state-of-
the-art models is stably improving in recent years, along with
a rapid increase of their model sizes. Such a trend has been
observed in a wide range of machine learning tasks, e.g., com-
puter vision [1, 2], audio analysis [3] and natural language pro-
cessing [4, 5]. In particular, the GPT-3 model [6] contains 175
billions parameters in total and costs OpenAl more than four-
million dollars to train it. Given such a huge model size, GPT-3
is shown to achieve strong performance on many NLP tasks
without any fine-tuning on annotated data. Moreover, people
tend to train even larger neural network models to push the per-
formance limit with the support of more powerful hardware. A
natural question arisen here is, what are the indispensable bene-
fits of these large neural networks that are worthwhile for those
invested resources?

Intuitively, it is easy to notice a positive correlation between
the model size and its performance, however there are impor-
tant questions at a deeper level. For instance, does there exist a
quantitative relationship, instead of qualitative one, between the
size of neural networks and its performance? What would be
the high ceiling and low floor for performance when the model
size gets scaled up/down? Will the scaling property of different
model sizes vary when applied to different downstream tasks?
In [7], Jared Kaplan et al. answered some of these questions
and proposed that there is an empirical quantitative power-law
scaling property between the model size and its cross-entropy
loss. This scaling law provides a definitive guide on scaling up
models to meet performance requirement under resource con-
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straints. Nevertheless, the discovery is limited in the sense that
it only applies to language models and the cross-entropy loss.
In this paper, we would like to build upon Jared’s work, and in-
vestigate the scaling property of speech models, as well as the
model performance, i.e. accuracies, in downstream tasks.

To this end, we proposed to use self-supervised speech
models with different model sizes, i.e., number of parameters,
and examine their performance on both the self-supervised loss
and accuracy in speech tasks. The reason to use self-supervised
models is twofold: i) it has a self-supervised pre-train loss
that resembles to the cross-entropy loss in [7], which allows
us to verify the power-law scaling property, ii) unlike super-
vised speech models trained on one particular classification task
[8] [9], the self-supervised speech model is able to generate
representations that can be used on several downstream tasks.
This allows us to investigate its scaling property across differ-
ent speech tasks.

Among recent self-supervised speech studies, Mocking-
jay [10], TERA [11], APC [12] and DeCoAR [13] learn speaker
embedding representations based on self-supervised spectro-
gram reconstructions or predictions. In particular, we choose
Mockingjay [10] to serve as the base model in this work. Differ-
ent from other self-supervised representation learning methods
in speech [14, 15, 16], which learn speech representations by
predicting future frames based on past frames, Mockingjay alle-
viates the uni-directionality constraint and is designed to predict
the current frame through jointly conditioning on both past and
future contexts. By doing so, Mockingjay is shown to provide
the state-of-the-art performance for self-supervised speech rep-
resentation learning. We will scale up/down the model size of
the Mockingjay Transformer, and then record its corresponding
performance on the L; loss and the accuracy in downstream
tasks, where the L loss here measures the discrepancies be-
tween the predicted frames and original frames. Herein we
have studied two downstream tasks, i.e., speaker recognition
and phoneme classification.

In our experiments, the quantitative relationship between
the model size of self-supervised speech models and their per-
formance is empirically investigated, where the number of pa-
rameters cover over five orders of magnitude in scale. The key
findings are summarized as following:

1. Similar to language models, power-law scaling property
between the self-supervised L, loss and the model size
largely holds for speech models disregarding variations
in model architecture, i.e., width vs. depth.

As the model size varies, there exists positive correlation
between increasing model size and improving accuracy
in downstream tasks.

3. When annotated data is scarce, larger pretrained speech
models require fewer training data to fine-tune for down-
stream tasks.
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2. Proposed Methodology

In this section, the power-law scaling property that we aim
to verify is first introduced. Then the self-supervised speech
model is presented along with a scaling scheme to increase or
decrease its model size.

2.1. Power-law scaling property

In [7], Jared Kaplan et al. introduced the power-law relationship
between the number of parameters in autoregressive language
models and their test loss. Mathematically, this power-law rela-
tionship can be defined as follows:

L(N) = (No/N)©N) 1)

where L is the test loss and N is the number of parameters.
an and N, are constants for language modelling, where any ~
0.076 and N, ~ 8.8 x 10'3. The power law ax specifies
the degree of performance improvement expected as we scale
up N. Besides, the precise numerical values of ooy and N,
depend on the language training dataset and hence do not have
a fundamental meaning.

The power-law scaling property is important as it provides
a theoretical framework about the dependence of model perfor-
mance on N. We can use this framework to conduct predic-
tions, and obtain insights on controlling the compute scaling,
magnitude of over-fitting, early stopping step, and data require-
ments when training deep learning models. In the ideal case,
one might interpret the relation as analogues of laws of physics,
e.g., the ideal gas law that relates the macroscopic properties
of a gas in a universal and deterministic way. Therefore, as a
critical step to understand the relationship between the model
size and its performance, we would like to verify the power-law
scaling property in the speech domain.

2.2. Self-supervised learning: Mockingjay

In this paper, we use the bidirectional Transformer as a basic
model, whose model size will be scaled up/down in later ex-
periments. To train the transformer, we use a self-supervised
representation learning approach, Mockingjay [10].

Mockingjay aims to achieve self-supervised pre-training for
speech representations, by learning to reconstruct masked au-
dio frames. Specifically, at the training time 15% of the in-
put audio frames are randomly masked to either zero or another
frame, then the model learns to reconstruct and predict the orig-
inal frames, based on its left and right context. The L, loss is
used to minimize reconstruction error between prediction and
ground-truth frames on both the selected 15% and untouched
85% frames. After self-supervised training, the output of the
last layer in the Transformer encoder serves as speech represen-
tations, which will be used for downstream tasks.

On the whole, there are two training stages in order to per-
form speech tasks. First, the Transformer is pre-trained in the
self-supervised manner (Mockingjay) on a large amount of un-
labeled speech data. The metric to evaluate this self-supervised
pre-training is the L; loss between reconstructed and original
audio frames. At the second stage, the output from the last
layer of the Transformer is used as the feature representation
of speech, and then feed into a simple one or two-layer classi-
fier to perform downstream tasks. The weights of Transformer
network will not be updated at this stage, while the classifier
network will be trained and tested with the accuracy on down-
stream tasks as its metric. Specifically, we have two down-
stream tasks, i.e., speaker recognition and phoneme classifica-
tion. These two tasks strive to learn different speech signals,
which are complementary to each other in the sense that speaker
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recognition focuses on extracting speaker biometrics, while the
phoneme classification focuses on identifying speech content.

2.3. Scaling scheme for Transformer

To investigate the relationship between the model size and its
performance, a scaling scheme for Mockingjay Transformer is
needed. In general, we want to vary the hyper-parameters that
control the model size of Transformer. Let L, denote the
number of layers, H ;.. the size of hidden dimension and Fiy;,
the size of feed-forward layer. The total number of parameters
N can be approximated as follows [7]:

N ~ 2Hdsznum(2Hd'Lm + Fdzm)

2 2
= 12LnumHgi, when Faim = 4Hgim

It is easy to see that we can control the model size by vary-
ing the values of Lyum, Hdim and fixing the relationship be-
tween Hgim and Fyipm,. In particular, all possible values of
Lyum in our experiments are defined in the set Lypyum
{1,2,3,4,5,6}. Similarly, for the size of hidden dimension
Haim = {12,24,48,96,192, 384, 768}. Then the model size
of the Transformer is defined by the different combination of
Lnum and Hdim~

The minimal model size in our experiments would be
1728 ~ 1.7 x 10 when Lyym = 1 and Hg;,, = 12, while
the maximal size 42.47M 4.2 x 107 when Lpum = 6
and Hg;m = 768. Therefore, the number of parameters in
the Transformer covers over five orders of magnitude in scale,
which is reasonably adequate to verify the power-law scaling
property in speech tasks. It is worth noting that the magnitude
of 107 is still relatively small compared to top-performing deep
learning systems, e.g, wav2vec 2.0 [3] with 3.17 x 10% param-
eters trained on 128 GPUs and the Conformer [17] has 10° pa-
rameters and trained on TPUs [18].

~
~

3. Experimental Evaluation

This section provides a thorough experimental evaluation of
speech models with different sizes. Three sets of experiments
are conducted, which are summarized as follows:

* Power law on L; loss. The power-law scaling prop-
erty between the model size and its loss, i.e, the L loss
in Mockingjay, is first assessed. It is important to ver-
ify whether this quantitative relationship holds in speech
models and why it would or not be the case. A log-log
plot between the model size and the L loss will be gen-
erated for a visualized evaluation, where the power-law
property is equivalent to a straight line in the plot.

* Downstream tasks. In order to evaluate the quality of
representation learned by self-supervised speech models
for practical applications, we conduct two downstream
tasks for the models with different sizes. In particular,
speaker recognition and phoneme classification tasks are
conducted, where the focus is the relationship between
the accuracy performance and the model size.

* Few annotated data. The scaling property of the model
size would be examined when annotated training data is
few. With only 3.6 hours (1%) of transcribed speech data
available, the quantitative relationship between model
accuracy and its size at the phoneme classification task
has been revisited.

The self-supervised speech models are first pre-trained on
the LibriSpeech corpus [19] subset, train-clean-360. The Adam
optimizer [20] is used where learning rate is warmed up over the
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Figure 1: Scaling results of the L1 loss. The x-axis is for log,,
(#parameters) while y-axis represents log,, (L1 loss).

first 7% of 500k total training steps to a peak value at 4e-4 and
then linearly decayed. We have applied a dropout [21] of 0.1
on all layers and attention weights. For downstream tasks, most
of the hyperparameters are the same as in pre-training, with the
exception of a learning rate of 4e-3. The model is trained with
a batch size of 6 using one GPU.

3.1. Power law on L; loss

Herein we first investigate the quantitative relationship between
the model size and the L1 loss at self-supervised pre-training
stage. In Mockingjay, the L1 loss represents the reconstruction
error between prediction and ground-truth audio frames, which
shows how well the Transformer learns the speech represen-
tation. For the model size, the total number of parameters in
the Transformer covers over five orders of magnitude in scale,
ranging from 10% to 10”. As described in section 2.3, the pre-
cise number of parameters is defined by different combination
of Lypum and Hg;m, where there are 42 different combinations
thus 42 different model sizes in total.

Training these 42 Transformer models with different sizes
following section 2.2, we will obtain 42 values for their L loss.
Then to verify the power-law scaling property, a log-log plot
between the model size (as x-axis) and the L; loss (as y-axis)
will be created. According to the Formula 1, a well-fit straight
line is expected in the log-log plot if the power law holds [7].
Figure 1-a shows our results on the L; loss. As we can see,
the general trend obeys a linear relationship thus we can easily
fit a straight line in Figure 1-b. In particular, the line is y =
—0.2z 4 0.65, which gives the power relationship that L(N) =
(1778.28/N)*2) Figure 2 explores in more details, where
different color represents the Transformer with different values
of Lyum and Figure 2-b shows the case of Lyym = 3.

Although the power-law scaling property holds for the L;
loss in a general trend, there are some fluctuations in Figure 1
and Figure 2 which prevent points lie exactly at the straight line.
The reason is twofold: 1) The intrinsic randomness within the
deep learning optimization process (stochastic gradient descent)
and the random audio masking process in Mockingjay. 2) A
further improvement on the hyper-parameters is possible while
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Figure 2: Scaling results of the L. loss. (a) Different color rep-
resents the Transformer model with different numbers of layers,
Lyum. (b) The case of Lyum = 3.

fixing the model size. In particular, we suspect that a smoother
scaling law relationship could be derived when using optimal
aspect ratio as it did in [7]. To illustrate this, Figure 3 shows
the relationship between the L loss, the model size and its as-
pect ratio, i.e., Hgim /Lnum. As we can see from the top-right
corner of the figure, smaller values of L; loss may be obtained
by reducing the aspect ratio for large models. In that sense, the
fluctuation in Figure 1 and Figure 2 is probably attributed to the
non-optimality of the pre-defined aspect ratios in section 2.3.

Figure 3: Relationship between the L loss (color), the aspect
ratio in the x-axis, 10gs(Hdim [ Lnum) and the model size in the
y-axis, log, (#parameters).

3.2. Downstream tasks

With the self-supervised Transformer models from section 3.1,
we extract outputs from the last layer of Transformer models as
the feature representation, and feed into a one or two-layer clas-
sifier to perform downstream tasks. The quantitative relation-
ship between the model size and the accuracy in downstream
tasks is the focus of this section.

First, we conduct the speaker recognition task on the Lib-
riSpeech 100 hours subset. A simple one-layer RNN classifier
for speaker recognition is trained, receiving the feature repre-
sentation from the Transformer models with different sizes. Re-
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Figure 4: Scaling results of the speaker recognition task. The
x-axis is for log, (#parameters) and y-axis represents (a) Ac-
curacy and (b) log, (Accuracy).

sults are reported in Figure 4-a, where the x-axis represents the
log value of the number of parameters and the y-axis is the ac-
curacy performance. It is easy to notice the positive correlation
between the model size and its performance in accuracy. The
log-log plot is in Figure 4-b, where the accuracy value seems to
approach saturation when the model size increases, instead of
exhibit the power-law relationship.

To further examine the relationship between the model
size and its accuracy, we have conducted another downstream
task, phoneme classification. A two-layer phoneme classifier is
trained using the LibriSpeech train-clean-360 subset. Phoneme
sequences are first aligned using the Montreal Forced Aligner
[22]. Results on the LibriSpeech test-clean subset are presented
in Figure 5-a. The log-log plot for the phoneme classification
is in Figure 5-b. Similar to the speaker recognition task, the
positive correlation between the model size and its accuracy is
obvious, but the top performance tends to get saturated in large
models.

With the results in Figure 4 and Figure 5, there is a pos-
itive correlation between the model size and its performance
in downstream tasks, but not exactly the power-law relation-
ship. We have one hypothesis on this. When the model size
gets constantly increased, the size of training data becomes the
bottleneck to saturate its performance. Further work could ver-
ify the hypothesis and explore the case when training data is
sufficiently enough.

3.3. Few annotated data

Apart from the power-law scaling property between the model
size and its loss, [7] shows that large models are more sample-
efficient than small models, reaching the same level of perfor-
mance with fewer training data. To verify this, we design exper-
iments at the phoneme classification task, where only 3.6 hours
(1%) of transcribed speech data is available.

Figure 6 shows the results of the model accuracy using only
1% of training data, compared to the case of using 360 hours
(100%) training data. As we can see, large speech models still
perform reasonably well (with the accuracy around 60%) when
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Figure 5: Scaling results of the phoneme classification task. The
x-axis is for log, (#parameters) and y-axis represents (a) Ac-
curacy and (b) log, (Accuracy).

the annotated data is insufficient. It demonstrates a clear ad-
vantage over smaller models since large models can use train-
ing data more efficiently. Compared to the case of 360-hour
training data, the performance drop of the model with the same
size is 2 ~ 10%, which is relatively small given the reduction
of training data is 99%. Therefore, the large self-supervised
speech models provide a good option to compensate the lack of
annotated data.

Accuracy%

¢ Soem .
o

IS
o
o
~

log 1o (#parameters)

Figure 6: Scaling results when few annotated training data is
available. The x-axis is for log,, (#parameters) and y-axis
represents the accuracy (%). Orange points show the results for
360-hour training data while blue points for 3.6 hours (1%).

4. Conclusion

In this paper, we investigate how the model size of self-
supervised speech networks influence their performance, i.e.,
the L, loss and accuracy on downstream tasks. Given our ex-
perimental results, the power-law scaling property of the L;
loss is first verified and largely holds for speech models. The
relationship between the model size and its accuracy is posi-
tively correlated, but no exactly obey the power law. Finally,
we demonstrate that large self-supervised speech models can be
more data efficient than small models when annotated training
data is scarce.
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