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Abstract- Unannotated speech still presents a significant challenge when it comes to learning general 

representations that can be applied to a wide range of tasks. Here, we describe a new self-supervised goal, 

autoregressive predictive coding (APC), as a pre-training strategy for the development of general, non-specific 

speech representations. APC is pre-trained on large-scale unlabeled data before we execute transfer learning 

experiments on three speech applications: speech recognition, speech translation, and speaker identification. Each of 

these applications requires distinct knowledge about speech features to work successfully. On all three challenges, 

extensive studies demonstrate that APC not only outperforms other common representation learning approaches 

(such as log Mel spectrograms) but significantly reduces downstream labelled data size and model parameters. The 

usage of Transformers for APC modelling is also investigated and shown to be better than RNNs. 
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I. INTRODUCTION 

Vocal representation learning seeks a transition from waveform and spectrogram surface data into higher-level 

qualities of speech (e.g. phonetic content, speaker attributes and even emotional signals). For learning 

representations, unlabeled data, which can be obtained for considerably less money and with more scalability than 

datasets that need annotation, is particularly attractive for unsupervised or self-supervised aims. An advantage of 

using unsupervised methods is that the representations learnt are less likely to be biassed toward a certain set of 

issues [1, 2, 3, 4, 5]. 

When it comes to pre-training in this work, we're looking for a way to develop a broad and meaningful speech 

representation that can be used to a range of different speech tasks that may need knowledge about various aspects 

of speech in order to perform effectively. For example, phonetic content may be more important to voice 

recognition, but speaker-related applications may be more interested in the speaker's identity. 

Keeping as much information about the original signals as feasible in representations is crucial to ensure that 

downstream models are able to pick the information that is most relevant to the job at hand. As a result, a lot of the 

currently available representation learning objectives [6, 7, 8, 9, 10] risk omitting information that could be useful 

for unanticipated downstream tasks because they aim to eliminate noise or speaker variabilities. On the other hand, it 

has been demonstrated that autoregressive predictive coding (APC) [1] is able to learn representations that preserve 

information about the original signals, making them more accessible for downstream use, where accessibility is 

defined as the linear separation of the representations. As a result, APC is an excellent generative pre-training 

method for enhancing transferability. 

Here are the sections of the paper. Section 2 briefly explains the purpose of APC and introduces two kinds of 

architectures that may serve as its backbone. Using APC for transfer learning is explained in Section 3. Section 4 

presents the results of research on voice recognition, speech translation, and speaker identification. Section 5 serves 

as a wrap-up, highlighting some promising future directions. 

 

II. RELATEDWORKS 
[1] The sequential nature of speech is considered in Autoregressive Predictive Coding (APC). APC seeks to forecast 

information about the next frame. APC is taught to comprehend what a legitimate spectrogram should look like and 

encode such information in the representations, inspired by the neural language modelling aim for text [11], which 

predicts the probability of a series of tokens to appear as a valid language. APC comprises an encoder Enc that 

encodes each frame xi one at a time autoregressively till the current frame xk, and attempts to anticipate a future 
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frame xk+n that is n steps ahead of xk. Instead than relying on the local regularity of signals, n 1 encourages Enc to 

infer more overall patterns in speech. 

Enc generates an output prediction yi with the same dimensionality as xi at every time step. By right-shifting the 

input sequence x by n time steps, enc is able to create the target sequence t = (t1; t2;:::; tN) from the anticipated 

sequence y = (y1; y2;:::; yN). 

 
APC is self-supervised and may take use of vast amounts of unlabeled data since the training objective is formed 

from its input. 

For processing x = (x1; x2;::; xN), we explore two RNN and Transformer implementations of the encoder Enc [12] 

for the purpose of auto-regressive processing of the encoder Enc. typical L-layer unidirectional GRUs [13] will be 

used for the RNN 

 
Wprojects hL to x's dimensionality from the output of the final RNN layer W. Training parameters for an RNN-

based APC include fW, GRU(1), and GRU(L)g. 

Consider a stack of L identical decoder blocks from the original design [12] in the Transformer, as in [14, 15]. 

Multi-headed self-attention over the input sequence is followed by a position-wise feedforward layer that produces 

the input for the following block. Positional information for the model is encoded using the sinusoidal positional 

encodings, which do not introduce new parameters, in accordance with [12]. 

 
an affine mapping between the dimensions of an object and its function,Win Affinity for both the Transformer 

hidden state and Wout returns the dimensionality of the final Transformer output hL to x. A Transformer-based 

APC's set of trainable parameters is as follows: fWin;Wout;TRF(1);:::;TRF(L)g;::: Win and Win are tied in practise. 

Setting Win =WT eliminates it. out of a sense of normalcy. 

 

III. PROPOSED SYSTEM ARCHITECTURE 

For APC training, we use the LibriSpeech corpus (only the speech part) [16]. There are 360 hours of audio generated 

by 921 speakers in the train-clean-360 subset, which is utilised in this example 80-dimensional log-Mel 

spectrograms (normalised to zero mean and unit variance for each speaker) are the input characteristics. We also 

look at the influence of various n values on our results (Equation 1). In our case, the log Mel spectrograms, we use 

an APC feature extractor Enc to transform the surface features of the training dataset into a higher-level 

representation, which we then use to create the new dataset f(Enc(xj); cj)gSj =1). This dataset is then used to train 

the APC feature extractor Enc on the downstream labelled dataset f(xj; cj)gSj =1. Depending on the job, cj may 

either be a series of values or a single value. 

Enc(x) = hL in Equations 2 and 3 represents the extracted representations from RNNs and Transformers, although 

there are superior ways that aggregate the internal representations across all layers [17]. 

After the model has been trained, there are two options: either maintain Enc frozen and just optimise the model, or 

change Enc so that the extracted representations are more suited to your target job. Section 4 focuses on both 

techniques. APC is built around two architectural pillars, both of which were discussed in further detail in Section 2. 

In Equation 2, the RNN (R-APC) and Transformer (T-APC) are designated as R- and T-APC. To implement R-

APC, we use GRUs with 512 hidden units in a 4-layer unidirectional structure. Between two successive layers, we 

use residual connections [18] after [1]. 

T-APC uses a 4-layer decoder-only Transformer with a hidden size of 512 and an 8-headed self-attention module 

followed by a 1-layer MLP and a GELU activation function [19]. Each layer has 2048 hidden units. There are 100 
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epochs of training for R-APC and T-APC using Adam [20] in which 32 batches and an initial learning rate of 103 

are used. Specifically, we compare APC to two newly suggested self-supervised representation learning objectives: 

CPC and PASE. 

In both CPC and APC, information about a future frame xk+n is predicted based on the previous frame's history H = 

xk+n (x1; x2; :::; xk). To learn representations that are most discriminative between xk+n and a collection of 

randomly selected frames fxg, CPC instead tries to train representations that include information that is most directly 

predictive of xk+n given H through regression. The information conveyed in the representations will be heavily 

influenced by the origin distribution from which fxg are selected. There is a good chance that speaker information 

will be lost when f and xg originate from the same utterance as xk+n. However, because of its lack of adaptability 

for learning generic representations, CPC may not be an acceptable generative pre-training technique for problems 

where the kind of important information is known (such that sampling strategy may be selected accordingly). 

CPC is mostly implemented in accordance with [6], with a few alterations detailed in [1]. We use LibriSpeech's 

train-clean-360 subset to teach APC as well. 

Using the input signals as learning targets, PASE trains an extractor of features by jointly maximising numerous 

self-supervised goals. For transfer learning, a more generic representation is ideal since it incorporates past 

knowledge from each assignment. 

The difficulty of concurrently maximising several goals means that we are unable to use train-clean-360 to train our 

own PASE. PASE has been pre-trained and published by the authors, therefore we will utilise that model. These 

models were created by randomly selecting utterances from a pool of around 1,000 hours of LibriSpeech audio made 

by 2,484 speakers and then training them on approximately 15 seconds of training material from that pool, according 

to the authors [3]. 

Additionally, we train APC and CPC with around 10 hours of random selections of audio from Train Clean 360. 

It's worth noting that PASE has seen more presenters, but each speaker also has a smaller quantity of training 

material. If a model (e.g., CPC10) is trained on just 10 hours of audio, we add a subscript 10. 

Using automated speech recognition as a starting point, the rest of our findings are summarised in the table below 

(ASR). 

 

IV. RESULTS AND DISCUSSION 

The Wall Street Journal (WSJ) [21] corpus is used for our ASR studies. Training takes up 90 per cent of si284 (72 

hours), while development takes up the remaining 10 per cent. WER is reported on dev93. An encoder and a 

decoder make up the ASR model we utilise, which is an end-to-end, sequence-to-sequence with attention 

architecture [22]. Input features are downsampled using two convolutional layers, followed by a four-layer 

bidirectional 256-dim GRU network in the encoder. 

Decoding is a one-layer, 256-diameter GRU network. Adam is used to train the seq2seq model for 100 epochs with 

a batch size of 16 and a learning rate of 103. With a beam size of 5, the decoding process is carried out via the beam 

search. When log Mel spectrograms are used as input features, the baseline WER is 18.3. APC (n in Equation 1) and 

a transfer learning strategy (updating pre-trained APC weights) are the focus of the first experiment, which is 

summarised in Table 1. Besides the seq2seq model, we consider the situation when APC is set up and trained from 

start. 

Table 1 shows that, independent of the transfer learning strategy, there is a sweep spot when n is varied for R-APC 

and T-APC. For a small n, APC can exploit local smoothness in the spectrograms to predict the target future frame 

(since, for a small n, xk can be very similar to xk+n) and thus does not need to learn to encode information useful 

for inferring more global structures; for a large n, however, the prediction task becomes too difficult for APC to 

generalise across the training set. In terms of R-APC and T-APC, the optimal n for each is 3. APC Frozen (*-APC 

Frozen) works better than finetuning APC weights (*-APC Finetuned) for all n, unexpectedly, but the latter still 

beats the baseline. Even lower than the baseline performance is training APC from scratch using the seq2seq model 

(*-APC Scratch). WER is lowered by more than a quarter from 18.3 to 13.7 using APC transfer learning. 

We use R-APC Frozen with n = 3 and T-APC Frozen with n = 5 for the remainder of the studies. 

Additionally, transfer learning may be effective in lowering the amount of the downstream dataset and model 

required to achieve the same performance as an existing model on a standard dataset. Automatic feature extraction, 

it is assumed, may be learned without starting from scratch if past information is used. A smaller model with 

competitive performance may help to alleviate the challenge of having limited computational or storable resources 

in low-resource languages with a limited number of training pairings. APC transfer learning has shown to be 
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successful in each of these areas. With increasing quantities of labelled data, we compare APC to other feature 

extractors in Table 2. This implies we just need 72 1/16 = 4:5 hours of si284 time for training, for example. We 

discover that cutting the training size in half increases WER significantly for all input characteristics. It is clear that 

RAPC and T-APC consistently beat log Mel in all ratios, and this difference widens as training size shrinks. R-APC 

and T-APC outperform log Mel trained on the whole set (18.3) even when only half of si284 is used for training 

(16.4 vs. 18.3). 

By utilising just half the training data log Mel does, T-APC consistently beats it. 

Using additional pre-training data is clearly beneficial, as we can see in Table 2 by comparing the bottom half 

(where feature extractors are trained on merely 10 hours of audio) with the top half. 

To the extent that having more pre-training data leads to higher transfer learning outcomes, this discovery is in line 

with current NLP work [23, 24]. Finally, we can conclude that APC outperforms CPC and PASE on the majority of 

the time. However, when just 1/8 of the si284 is accessible, PASE is marginally better than T-APC10, although it is 

still inferior to R-APC10. The size of the downstream model is the next thing we look at, and here is where transfer 

learning comes in. Table 3 shows the results of building the encoder in the seq2seq model with various numbers of 

GRU layers 2 f1; 2; 3; 4g. APC10 and *-APC always outperform other features when running on identical layers. 

Utilizing only two layers of T-APC, the model performs as well as log Mel using four layers (18.6 vs. 18.3), 

demonstrating the efficiency of APC transfer learning for lowering downstream model size. Automated speech 

translations (AST) are the second of our two projects, and the purpose is to convert spoken language into textual 

form. This endeavour requires the use of an English-to-French translation dataset [25] supplemented by the 

LibriSpeech corpus [16]. An English waveform and its French translation are included in each pair of data. On the 

dev and test sets, we provide BLEU scores [27] based on the percentage of the original training set that was used for 

training, which was around 100 hours of audio. AST is an RNN-based, end to end seq2seq with attention 

architecture similar to [28].. The dev and test sets' BLEU baseline scores are 12.5 and 12.9 when utilising log Mel as 

an input feature. 

We use the cascaded system's performance in [28] as a benchmark. To do this, the cascaded system uses an ASR 

module to convert the input voice to text, followed by an MT module to perform the actual translation. To train a 

cascaded system, intermediate audio transcriptions in the original language are required, although this provides as a 

firm baseline. A newly suggested Transformer-based end-to-end AST model (named S-Transformer [29]), which 

has been found to outperform RNNs, is also included in this study. Regardless of how much training data is used 

and the kind of Enc, APC always beats log Mel, CPC, and PASE on both the dev and test sets of data. We also 

outperform the cascaded system (13.8) using our RNN-based model, which has T-APC properties (14.3). (14.6). It is 

our last task, speaker identification (SID), that investigates how much transferrable speaker information is retained 

by the representations taught through various aims. For our SID research, we rely on the Wall Street Journal (WSJ) 

as a source. 

For training, we used 80% of si284; for development, 10%; and for testing, another 10%. The challenge is 

comparable to a classification issue with 259 speakers. Feature values are supplied into a 1-layer GRU network, 

followed by a Softmax layer, which is applied to the output of the previous time step and optimised by minimising 

the negative log-likelihood throughout the training set. If just one utterance per speaker is available for training, we 

look at how this affects our ability to train our models. For example, a mobile device's voice application may need to 

rapidly adapt to user-specific characteristics with only a few input samples in order to improve user experience. 

Exploring such one- or few-shot learning situations is particularly intriguing since it's closer to the actual world. 

With respect to transferrable speaker information, we can observe from Table 5 that APC representations are 

virtually always superior to all the other qualities, no matter how many speakers we train with. When it comes to 

one-shot learning, T-APC outperforms log Mel by almost two to one (17.6 to 8.7). 
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V. FUTURE SCOPE AND CONCLUSION  
Using a variety of different speech tasks, we show that APC is a useful generative pre-training goal for transfer 

learning. An RNN in [1] was shown to be less successful than a Transformer in modelling APC. APC 

representations consistently and, in most cases, considerably outperform log Mel spectrograms and representations 

learnt by other aims, such as CPC [6] and PASE [3], on ASR, speech translation, and speaker identification (SID). 

APC representations are shown to be the most efficient way for lowering the amount of downstream labelled data 

and model parameters when compared to other comparison methods. Future research might go in a lot of different 

areas. When training on a downstream dataset, we've found that keeping APC weights frozen is preferable than 

changing them. The latter, on the other hand, is more suited for transfer learning since it tailors the extracted 

representations to the intended task. Fine-tuning procedures [30] that are more advanced might be used. The 

Transformer model's backbone design may be enhanced by altering the way positional information is injected [31, 

32]. Training APC on more unlabeled data may also help improve transfer learning outcomes, as shown by recent 

NLP research [23, 24]. APC might also be used in other speech applications, such as speech synthesis, where pre-

training and transfer learning have previously been successful [33, 34, 35, 36, 37]. 
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