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ABSTRACT

Large self-supervised models have excelled in various speech
processing tasks, but their deployment on resource-limited devices
is often impractical due to their substantial memory footprint. Pre-
vious studies have demonstrated the effectiveness of self-supervised
pre-training for keyword spotting, even with constrained model ca-
pacity. In our pursuit of maintaining high performance while mini-
mizing the model’s resource demands, we investigate the implemen-
tation of Quantization Aware Training for both self-supervised pre-
training and fine-tuning, specifically tailored to fit within the con-
straints of on-device model budget. Our experiments emphasize the
critical role of selecting and synchronizing QAT methods throughout
both stages of model training and tuning. We evaluate our method-
ology on a 16.6k-hour in-house keyword spotting dataset, and show
that there is no decline in performance, even when the bit size of
model weights and activations is cut by a factor of four.

Index Terms— Self-supervised learning, keyword-spotting, on-
device classification, quantization aware training, low-bit quantiza-
tion

1. INTRODUCTION

Self-supervised speech representation learning (S3RL) has emerged
as an exceptionally effective pre-training approach [1, 2, 3, 4, 5].
It enables the learning of speech features that are versatile across
a range of tasks, including automatic speech recognition, speaker
verification, emotion recognition, and keyword spotting [6, 7, 8, 9].
However, many S3RL models, often built as 12-layer or 24-layer
Transformer encoders, demand substantial computational and mem-
ory resources. This makes them less suited for real-time on-device
applications with limited resources. Given the rising demand for
on-device speech processing, particularly in always-on, low-power
voice assistants, downsizing S3RL models becomes essential for
their practical deployment in real-world scenarios.

To address the above issue, previous research has explored self-
supervised pre-training using models of reduced size for keyword
spotting. Gao et al. [8] evaluated various self-supervised pre-
training techniques on a compact 3-layer transformer. The authors
demonstrated that models employing self-supervised pre-training
consistently outperformed the models without S3RL, with the au-
toregressive predictive coding (APC) method [1, 5] proving to be
the most effective, yielding the best results. In contrast, Yang et al.
[9] developed an efficient and highly capable on-device constrained
S3RL model, specializing in keyword spotting using knowledge
distillation method. The process of distilling knowledge from the
Wav2vec 2.0 [2] 12-layer teacher model into a 3-layer transformer,
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featuring reduced hidden dimensions, resulted in a significant en-
hancement of keyword spotting performance.

While both methods have made significant improvements in
model performance with the constraints of model size using self-
supervised techniques, our goal is to push the limit even further.
Instead of solely reducing model depth and dimension as in previ-
ous methods, we pivot our attention to minimizing the bit size of
model weights. Quantization aware training (QAT) is an appealing
approach for reducing the bit size of the models [10, 11, 12, 13, 14].
It aims to replicate low-precision behavior throughout training to ul-
timately achieve a finely quantized model using significantly fewer
bits, e.g. 32 bits to 8 bits. The QAT strategies achieve model com-
pression by reducing the bit size utilized to represent both weights
and activations [15, 16, 17, 18, 19]. A notable advantage of this
approach lies in its ability to preserve the model’s depth and width,
which has been shown to capture unique information that proves
advantageous for a range of tasks [20].

A common QAT approach uses dual-model training. One model
operates with full precision, while the other, with low bit precision,
is trained to mimic the teacher feature via knowledge distillation
[10, 11, 21, 16, 22, 23]. Yeh et al. [24] have demonstrated that
this approach effectively reduces model size while preserving per-
formance in speech-related tasks. Another QAT technique, termed
absolute cosine regularization (ACR) [13, 14], offers a more stream-
lined approach by eliminating the dual-model training, targeting on
a single and efficient model training for QAT. This method incor-
porates an extra loss to ensure the model weights align with the in-
tended quantized values.

In this paper, we focus on compressing and optimizing the on-
device low-bit S3RL model using QAT, distinguishing our approach
from previous research [8, 9]. To realize our goal, we assessed the
role of ACR in self-supervised pre-training. In addition, we explore
ACR in conjunction with activation quantization, employing either
moving average quantization (MA) or dynamic quantization (Dyn).
We apply these QAT methods to both self-supervised pre-training
and fine-tuning for keyword spotting. Building upon prior studies
that emphasize the advantages of S3RL in keyword spotting [8, 9],
we evaluate our approach using 3-layer transformer while further
reducing the bit size. Our findings indicate that employing synchro-
nized Quantization Aware Training (QAT) for both self-supervised
pre-training and fine-tuning maintains consistent performance, with
no significant drop in comparison to a full-precision S3RL model,
which is four times larger in terms of model weights and activations.
Our major findings are as listed follow:

1. Incorporating QAT during the S3RL pre-training phase effec-
tively bridges the performance gap observed in fine-tuning
when compared to a full-precision S3RL model.

2. The application of ACR may impose overly restrictive con-



straints, potentially resulting in undesired behaviors in model
weights with low utilization.

3. The proposed QAT approach achieves an overall compres-
sion rate of 24.1% with consistency performance when con-
sidering model weight pruning, making it the most efficient
method in terms of quantization value utilization among all
QAT techniques.

2. METHODOLOGY

In this section, we introduce different quantization aware training
(QAT) strategies and the self-supervised pre-training approach. Fol-
lowing the method outlined by Gao et al. [8], we investigate the
impact of autoregressive predictive coding (APC) in a low-bit sce-
nario.

2.1. Autoregressive Predictive Coding

Among the various self-supervised pre-training approaches tested in
prior work, including APC [1], contrastive predictive coding (CPC)
[25], and masked predictive coding (MPC) [26], it was found that
APC performed the best, as reported by Gao et al. [8]. The aim of
APC is to predict future frames based on past information, operating
on the premise that a model capable of understanding the data can
make predictions about the future [5]. Given an sequence of log-
filterbank energy (LFBE) 1, x2, ..., T, the objective is to predict
the frame k steps into the future x4 given the frames up to the
current one z1.¢. Formally, the objective function is
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where fw is a 3-layer transformer and W is the model weights.

2.2. Absolute Cosine Regularization

Absolute Cosine Regularization (ACR) [13], a Quantization Aware
Training (QAT) method applied to model weights, introduces a reg-
ularization loss that encourages the weights to approach specific pre-
defined quantized values. It is designed to work in conjunction with
a linear quantization scheme (e.g., int8 representation), where the
quantized values are uniformly distributed. In this context, the ab-
solute cosine function serves as a means to assess the proximity of
each model weight to one of the quantized values. Given an absolute
cosine functlon g( ) = |cos (7r f m)| the peak value of 1 occurs when
zed{., f, f, f,(), Jl, + f,. .}. The objective is to compute
a score g(wl) for each model weight w;, with a higher score indicat-
ing a better match between the model weights and these quantized
values. The ACR loss function is then defined as follows:

Lacr = —Z|cos(7rfwi)|. 2)

i

Here, w; represents the it" scalar weight in the model, and f is
a frequency parameter that determines the bit size according to a
specific linear quantization scheme. For instance, when working
with a bit size of 8 and weights ranging from [-1, 1), we can set

f = 128. This results in the g(w;) score peaking at values such as
127 _ 126 126 127
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The overall objective of training the APC model with ACR is as
follows:
Liotar = Lapc + aLacr, 3

where « is a hyperparameter that controls strength of the regular-
ization term. In summary, ACR offers a soft regularization approach
that guides the model weights toward specific quantized values with-
out requiring them to precisely match those values during training.

2.3. Moving Average Quantization

Besides model weight quantization, prior research has often em-
ployed hard quantization methods for quantizing activations [27, 28].
In hard quantization, each activation is mapped to a predefined set of
quantization values, such as those within the range [-1, +1] or [0,
+1]. However, this approach can be limiting because different layers
may exhibit varying dynamic ranges for their activations. To ad-
dress this constraint, we leverage the moving average quantization
scheme (MA) for activations. This scheme dynamically adjusts the
minimum and maximum of the quantization range based on the cur-
rent batch’s values, providing greater flexibility. We categorized the
activations based on their usage, such as query, key, value, or the
softmax operation, each having its unique range in different layer.
This quantization scheme relies on two parameters: (1) n: the mini-
mum of the range, and (2) m: the maximum. These parameters are
updated during each training iteration as follows:

ng =ng—1 X 0.99 + mln(At) x 0.01
my = m;—1 X 0.99 + max(A;) x 0.01

where n;, m; indicated two values at iteration ¢, and A; represents
the activation values. Based on this range, at iteration ¢, the activa-
tions a. are clipped to the closest value in the set {n;,n; + k,n; +
2k,...,m}, where k = ==t when we allow ¢ quantized values.
Therefore, with just 2 additional parameters for each activation, we
can dynamically allocate the range of each quantization set.

2.4. Dynamic Quantization

To further reduce the restriction on the dynamics of the activation,
we leverage dynamic quantization (Dyn) by assigning n and m based
on the activations of current training iteration and dividing each ac-
tivation into additional groups. For an hidden activation of shape
(f,d) where f represents frame index and d represents feature di-
mension, we assign n, m values independently to each f, allowing
each frame in the activation to be quantized separately. We obtained
n, m for each f at iteration ¢ as follows:

ng f = min(At,f)7 mg, 5 = maX(ALf) (4)

This approach, commonly used in previous work, ensures more flex-
ible quantized values [10, 11].
For both MA and Dyn, we derive the quantized activation A%
from A as follows:
m—n

Ai i —n
A2 =round [ ZX—" x (¢—1) ) x
b o, X (a—1) 7
To maintain gradient information during quantization-aware train-

ing, we employ the straight-through estimator technique [29] since
the rounding operation itself does not provide gradient information.

+n ()

3. DATASET AND IMPLEMENTATION
3.1. Dataset

Our experiments are carried out on an in-house keyword spotting
dataset, which comprises 16.6k hours of de-identified audio record-
ings captured under various front-end conditions. All the data has
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Fig. 1: Diagram of the quantization aware training model. The circle indicates input or hidden activations, the orange trapezoidal indicated
the quantization operation on activations, and the grey block indicates the model weights with desired quantized bit width.

been pre-processed to 64-dimensional log-filterbank energy (LFBE)
features, using a window size of 25ms and a shift of 10ms. Each
sample is truncated to a length of 100 frames (equivalent to 1 sec-
ond). The dataset is divided into 85 hours each for validation and
testing, with the remaining data being used for training. The test set
is further partitioned into two subsets: normal condition (consisting
of clean speech) and playback condition (including increased noise).
The labels for the dataset are based on human annotation.

3.2. Implementation

In line with prior studies [8, 9], we implement a 3-layer transformer
model. This model consists 4 attention heads, a hidden dimension of
256, and a fully connected layer with 512 dimensions in each layer.
For S3RL, we employ the Autoregressive Predictive Coding (APC)
objective, which involved predicting 8 frames into the future with
an 80 ms shift. During self-supervised pre-training, the model is
trained with APC for 15 epochs, with each epoch comprising 5,000
steps and a batch size of 2,048. We utilize a learning rate of 0.001, a
dropout rate of 0.1, and the Adam optimizer. During the fine-tuning
phase for keyword spotting, we add an additional linear classifier on
top of the hidden activation after the final transformer layer. The
model undergo further fine-tuning for 30 epochs, maintaining the
same steps and batch size per epoch as in the S3RL training.

We present an illustration of our Quantization Aware Training
(QAT) S3RL model in Figure 1. In contrast to previous approaches
applied to transformers [10, 11], where certain components such as
the softmax, biases, and the last linear layer were left unquantized,
our quantization strategy encompasses the quantization of inputs, all
model weights, and activations, including the bias term, softmax op-
eration, and the final task-specific linear layer. The only component
left unquantized is the layernorm, which represents less than 0.1%
of the total parameters.

After quantization, our model is reduced to an 8-bit size, re-
sulting in a 75% reduction in the overall model size. For Absolute
Cosine Regularization (ACR), we impose a constraint weight range
between [-1, 1) and set the frequency parameter f in the absolute
cosine function to 128. Regarding moving average activation quan-
tization, we initialize the minimum and maximum values no and mo
for each hidden activation to [-6, 6], except for the input, which is set
to [0, 32], and the softmax output, which is set to [0, 1]. Dynamic
activation quantization does not require any specific configuration.
It’s worth noting that once quantization aware training is completed,
post-training quantization on model weights becomes necessary, as

ACR does not employ hard quantization during the forward pass.

3.3. Evaluation

To assess the effectiveness of our method, we evaluate the models
using our in-house dataset. We measured the false acceptance rate
(FAR) at a fixed false rejection rate (FRR) while keeping the FRR
at the operating point (OP) of the baseline model. The FRR is the
ratio of false negatives to true positives. We determined the OP at
which our method exhibited a comparable FRR to that of the baseline
model and used the same OP to compute the corresponding FAR,
which represents the ratio of false positives to true negatives.

4. RESULTS
4.1. QAT vs. PTQ

We present our proposed Quantization-Aware Training (QAT) meth-
ods and several baseline models in Table 1. As a reference, we setup
a full-precision (FP) S3RL baseline (1) following [8].

For the FP models with Post Training Quantization (PTQ) (2,
3), we quantized the model weights with a range of [-1, 1], and the
activations were quantized using either moving average or dynamic
quantization. In the case of w8a8uma (2), we froze the model weights
and determined the moving average n, m of each activation group
over 5,000 iterations. Our findings indicate that the integration of
PTQ resulted in a degradation of the False Acceptance Rate (FAR)
by 32% to 41% under both acoustic conditions. This suggests that
relying solely on PTQ for model compression is insufficient for on-
device constrained keyword spotting tasks.

To illustrate the impact of QAT, we incorporate Absolute Co-
sine Regularization (ACR) on model weights during both S3RL (pre-
training) and KWS (fine-tuning), and utilize either moving average
quantization (MA) or dynamic quantization (Dyn) for activations.
When comparing rows (2)(4) and (3)(5), we observe that models us-
ing PTQ (2)(3) outperform those with ACR QAT when using the
same activation quantization approach (either MA or Dyn). This
suggests that ACR might be overly strict and challenging to apply,
potentially due to the normal distribution pattern of model weights.

We further investigate the impact of QAT solely on S3RL by
comparing rows (4)(6). Notably, without QAT on S3RL but applying
only on KWS (6), the model outperforms both the S3RL QAT model
(4) and the PTQ model (2) by a significant margin. This performance
drop with S3RL QAT may be attributed to the limited model capac-
ity resulting from the use of ACR and MA during S3RL pre-training.



This discovery suggests that a full-precision S3RL pre-training com-
bined with QAT downstreaming (6) can help narrow the performance
gap between the complete full-precision model (1) and the PTQ-only
model (2), while there is still room for further improvements

Table 1: The results of the Alexa keyword spotting. w32a32 denotes
32-bit full-precision models, w8a8ya is a quantized model with 8-bit
weights and 8-bit activation using moving average quantization and
w8a8py, 1s a quantized model with 8-bit weights and 8-bit activation
using dynamic quantization.

S3RL KWS Fir}a.1 Relative FAR
Precision ~ Normal  Playback

(1 FP FP w32a32 1.0 1.0
2) FP FP w8a8na 1.41 1.33
A3) FP FP W8a8pyn 1.39 1.32
4) ACR+MA ACR+MA w8a8ya 1.52 1.54
(5)  ACR+Dyn  ACR+Dyn w8a8pyn 1.86 1.75
(6) FP ACR+MA w8a8na 1.15 1.13
(7)  ACR+MA FP w32a32 1.10 1.10
(8) MA MA w8a8ya 1.89 1.81
9) Dyn Dyn w8a8pyn 1.02 1.01

(a) (c) (e)
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Fig. 2: These figures depict histograms of model weights from the
first linear layer (a, c, e) and the attention output layer at the last
transformer layer (b, d, f). From left to right, they show the full-
precision model (1) (a,b), the model trained with Dyn (9) (c,d), and
the model trained with ACR + Dyn (5) (e,f).

4.2. ACR vs Non-ACR

To further substantiate our previous assumption concerning ACR, we
have generated histograms of model weights selected from two of the
modules within the model. As depicted in Figure 2, we observe that
the weights in the full-precision model already fall within the desired
range of [-1, 1], and this consistency is maintained across different
layers. In contrast, a comparison between full-precision model (a)(b)
and ACR model (e)(f) illustrates that ACR results in a narrower
weight range, with a tendency for the values to converge towards
zero, especially in the deeper layer (f). Consequently, we believe that
while ACR enables the selection of one of the quantized values, the
normal distribution pattern of the weights [14] causes the majority of
values to cluster around zero. Furthermore, since ACR does not per-
form forward-pass quantization, even slight perturbations near zero,
which might be considered noise during post-quantization, actually
contain valuable information for both self-supervised training and
downstream tasks.

Based on previous results and observations, our approach in-
volves solely quantizing activations during training, with model
weights being quantized only after training. Rows (8) and (9) in

Table 1 demonstrate the quantized model trained with Dyn (9)
achieving comparable performance to the full-precision S3RL +
KWS, surpassing the other w8a8 models. As illustrated in Figure
2, (c)(d) exhibit a weight distribution similar to that of the full-
precision model (a)(b), which is more evenly distributed, enhancing
the model’s capacity and learning ability.

Table 2: Number of zero weights, utilization of quantized values and
overall compression rate. All models are quantized to 8-bit (w8a8).

Setup  Training \ Zeros |  Efficiency + Compression 1
FP 4.7% 41.8% 23.8%
KWS Dyn 3.7% 48.4% 24.1%
ACR +Dyn | 11.0% 20.0% 22.2%
S3RI, FP 4.3% 51.2% 23.9%
+ Dyn 3.7% 53.5% 24.1%
KWS  ACR+Dyn | 11.0% 20.5% 22.3%

4.3. Efficiency Evaluation

To better illustrate the efficiency of QAT on S3RL and KWS, we
introduce three metrics in Table 2: (1) number of zero weights, (2)
utilization of quantized values and (3) overall compression rate. The
utilization of quantized values is defined as “Efficiency” with:

q
e=(3Lewe)/a ©)
=1

where {s1, S2, ..., Sq} represents the set of quantized values, we
represents the quantized weights of a specific layer, and the final ef-
ficiency is averaged over all layers. By quantizing the full-precision
weights (32-bit) into 8-bit, we achieve a compression rate of 25%.
Furthermore, we were able to reduce the model size by pruning
weights between [—1/256, 1/256], which are quantized to 0. As
presented in Table 2, the model trained with Dyn exhibits the low-
est number of zeros in the final 8-bit model and also demonstrates
the highest efficiency in utilizing quantized values. Additionally, we
observed that the efficiency of using quantized values is higher with
S3RL for all setups compared to the model without S3RL, indicating
that S3RL enhances the efficiency of using quantized values.

5. CONCLUSION

Through our exploration of various Quantization-Aware Training
(QAT) methods, we have determined that Absolute Cosine Reg-
ularization (ACR) is excessively restrictive for model weights in
on-device modeling, primarily due to the normal distribution pat-
tern of the weights. Instead, we have found that a combination
of dynamic quantization on activations without ACR produces the
best results, with performance approaching that of the full-precision
model in an 8-bit model. Our analysis also indicates that incorpo-
rating Self-Supervised Speech Representation Learning (S3RL) and
QAT can further enhance the efficiency of utilizing quantized val-
ues. In summary, our findings suggest that utilizing Non-ACR with
Dynamic activation quantization for both self-supervised speech
representation learning and keyword spotting fine-tuning can sig-
nificantly reduce computational costs while compressing the model
for on-device constraints without sacrificing performance. This ap-
proach renders the model more practical for real-world applications
with limited resources.
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