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Abstract

encoder-decoder network that uses unlabeled speech and unlabeled text data for pre-training an encoder-decoder model.
The main contributions of this paper are as follows:

Self-supervised learning (SSL) has shown tremendous success
in various speech-related downstream tasks, including Automatic Speech Recognition (ASR). The output embeddings of
the SSL model are treated as powerful short-time representations of the speech signal. However, in the ASR task, the
main objective is to get the correct sequence of acoustic units,
characters, or byte-pair encodings (BPEs). Usually, encoderdecoder architecture works exceptionally well for a sequenceto-sequence task like ASR. Therefore, in this paper, we propose a new paradigm that exploits the power of a decoder during self-supervised learning. We use Hidden Unit BERT (HuBERT) SSL framework to compute the conventional masked
prediction loss for the encoder. In addition, we have introduced a decoder in the SSL framework and proposed a target
preparation strategy for the decoder. Finally, we use a multitask SSL setup wherein we jointly optimize both the encoder
and decoder losses. We hypothesize that the presence of a decoder in the SSL model helps it learn an acoustic unit-based language model, which might improve the performance of an ASR
downstream task. We compare our proposed SSL model with
HuBERT and show up to 25% relative improvement in performance on ASR by finetuning on various LibriSpeech subsets.
Index Terms: Self-Supervised Learning, HuBERT, Automatic
Speech Recognition, Encoder-Decoder Architecture

• A transformer decoder [15] is introduced in the SSL
framework in addition to the encoder, and we name this
SSL technique as Joint Encoder-Decoder Pre-training.
• An unsupervised technique to generate the target sequence for the decoder is proposed
• Self-supervised learning is now done with the combined
objective of masked prediction loss similar to conventional HuBERT and the newly introduced sequence loss
of the decoder.
• The downstream ASR model is obtained by finetuning the proposed Encoder-Decoder SSL Model with
downstream supervised data like the joint CTC-attention
model [16] in a multitask learning framework.
The rest of the paper is organized as follows. Section 2
briefly explains the working of existing HuBERT and the architectural changes resulting in the proposed joint encoder-decoder
pre-training method. The target sequence preparation for the
decoder is also discussed in detail in the same section. Section 3 describes the ASR finetuning setup. Sections 4, 5 and 6
present the results of various experiments conducted. Section 7
draws important conclusions from this work and discusses future work. Pre-trained HuBERT-Base model used in the experiments was downloaded from fairseq [17]. The proposed SSL
model was implemented using ESPnet toolkit [18], and all the
experiments were conducted using the same.

1. Introduction
Self-Supervised Learning (SSL) techniques [1, 2, 3, 4, 5, 6,
7, 8, 9, 10] utilize large volumes of unlabeled speech data
to learn high-level representations that work well for various
speech-related downstream tasks. These representations have
also been shown to work well for Automatic Speech Recognition (ASR) task where the objective is to get a sequence of
acoustic units or their manifestation in terms of characters or
Byte Pair Encodings (BPEs) [11]. There are several approaches
in self-supervised learning in speech domain including those
based on autoregressive predictive coding [2], contrastive losses
[1, 3, 4, 6], masked prediction [5, 8, 9, 10] and multi-task learning [7]. Most SSL models are encoder-only models. In Hidden
Unit BERT (HuBERT) [9], acoustic units are discovered using
clustering techniques, and these units are used as targets in computing the masked prediction loss at the encoder output.
In supervised ASR tasks, encoder-decoder architectures
[12, 13] are very popular since the decoder brings in the advantage of learning the implicit language model and outputting the
desired sequence of acoustic units or characters. To bring the
same advantage to SSL, this work proposes to incorporate a decoder in the SSL framework. The additional advantage is that
the decoder can now better capture the sequential characteristics of the discovered acoustic units. A recent paper, SpeechT5
[14], proposed a unified-modal framework to learn joint contextual representations for speech and text data through a shared
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2. Proposed Joint Encoder-Decoder
Pre-training Method
The proposed Joint Encoder-Decoder SSL method introduces
a decoder in addition to the encoder in the conventional SSL
framework. We have considered HuBERT SSL in this work.
The architecture of the conventional HuBERT SSL and the
additional blocks that make up the proposed Joint EncoderDecoder SSL are explained in this section.
2.1. Conventional HuBERT SSL
HuBERT is a non-contrastive SSL model trained on raw speech
waveforms, and its architecture is shown in the left block of
Figure 1. A convolutional feature extractor transforms the raw
speech waveforms into the frame-level features. The feature
extractor is frozen for the downstream tasks. A transformer
encoder block receives masked feature frames according to a
masking logic. The masking logic assigns a selection probability to each frame which was set to 8% in our experiments.
Ten consecutive frames are masked for every selected frame,
including the selected frame. The masked frames are fed to a
Transformer Encoder which transforms them through several
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source attention like in any other Transformer based encoderdecoder model.

encoder layers, and each encoder output frame is then fed to a
classification layer. Targets for the classification layer are the
discovered cluster IDs of the corresponding input frames. The
cluster ID corresponding to a frame is obtained by building a
K-means clustering model with the MFCC features or HuBERT
intermediate layer features extracted for the training data. A
frame is assigned to a cluster if its distance to that cluster
center is minimal. In this work, we always use the sixth layer
features extracted from the existing pre-trained HuBERT-Base
model for training the K-means model. Based on the weights
assigned to the cluster ID prediction of unmasked frames, the
contribution of unmasked frames to the final loss is decided.
The prediction loss for masked frames alone was shown to
be sufficient in [9], and therefore, we also use only masked
prediction loss.

2.2.2. Decoder Target Preparation
Figure 2 shows the approach that we have adopted to obtain in
an unsupervised manner the targets for training the added SSL
Transformer decoder. Targets for the added decoder are prepared from the discovered target cluster IDs of all the encoder
input frames, both masked and unmasked. Any consecutive repetition in cluster IDs is replaced by a single cluster ID. Hence
the decoder targets are also obtained by self-supervision. The
core idea behind collapsing repeated target cluster IDs of the
encoder frames for the decoder target preparation is to make
the decoder learn the sequential characteristics of the acoustic
units, and this might be beneficial to the downstream Transformer based Encoder-Decoder ASR.
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Figure 2: Target Sequence Preparation
2.2.3. Loss Function for the Proposed SSL Model
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Let LM be the masked prediction loss from the encoder and LS
be the sequence loss from the decoder. Then the total loss, L
will be a weighted sum of both the losses as given by,

xN
{<sos>,z1,z2, ..., zS}

where,

Proposed Block

L = αLM + (1 − α)LS

(1)

LM = Σt∈M log p(yt |X̂, t)

(2)

LS = − log p(Z|X̂)

(3)

and

HuBERT

Figure 1: Proposed Architecture

In equations (2) and (3), M is the set of masked indices and X̂
represents the masked inputs X[M ]. Since we wanted to give
equal importance to both LM and LS , we set α to 0.5. So, while
pre-training, the encoder weights are affected by both the losses
during backpropogation.

2.2. Proposed Joint Encoder-Decoder SSL
2.2.1. Architecture
The proposed SSL method makes architectural changes to the
conventional HuBERT SSL model by incorporating a Transformer decoder, as shown in Figure 1. Decoders have the ability
to model and generate sequences. In ASR, the decoder acts as
an implicit language model, and Transformer encoder-decoder
ASR models are very popular. It might be beneficial to incorporate the Transformer decoder during SSL too. The added SSL
decoder is made to attend to the SSL encoder outputs through

3. Finetuning the SSL Models for ASR
The SSL models are usually evaluated on various downstream
tasks by finetuning the SSL models with the task-specific loss
functions. In this work, the ASR task is considered. The experimental setups for the ASR task with the conventional and
proposed SSL technique are presented in the following subsections.
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3.1. Finetuning the HuBERT SSL Model for ASR

Warmup scheduler with 8000 warmup steps and Adam optimizer were used. For decoding, we used a beam size of 20,
and the CTC weight was set to 0.3, which is the same value as
during finetuning. The results of the downstream ASR tasks obtained by finetuning the respective SSL models are presented in
Table 1. We have used three subsets of Libri-light to compare
our proposed method with HuBERT baseline.
From Table 1, the following observations can be made:

For performing the ASR task with HuBERT, it is finetuned by
using labeled data from different subsets of Libri-light. A randomly initialized CTC layer is added on top of the HuBERT
final layer and finetuned to predict the characters. The loss
function is taken as plain CTC. This ASR model serves as the
baseline for evaluating the merit of the proposed SSL technique.

• ASR finetuning of the proposed SSL model is superior to
the baseline HuBERT SSL for all the Libri-light subsets
taken.

3.2. Finetuning the Proposed SSL Model for ASR
The proposed SSL model has both encoder and decoder, as
mentioned in Section 2.2.1. For performing ASR in this case,
both the encoder and decoder of the proposed SSL model are
finetuned. The classification layers on top of the encoder and
decoder are randomly initialized as done in HuBERT finetuning
and finetuned to predict character outputs. The loss function for
training the joint CTC-attention based ASR model is given by,
L = βLCTC (Y |X) + (1 − β)LS2S (Y |X)

• The relative improvements obtained from the proposed
SSL increase with the increase in the amount of labeled
data available with a maximum relative improvement of
25.8 % for the LibriSpeech-100h labeled subset.

5. Results of ASR Finetuning of SSL
Models Trained by Continued Pre-training

(4)

In equation (4), X represents the input sequence and Y represents the output sequence. The CTC loss is contributed by the
encoder, and sequence to sequence(S2S) loss is contributed by
the decoder. β is set to 0.3 since the standard recipes in ESPnet
uses that value for training the joint CTC-attention based model
. The final loss is a weighted sum of both these losses. This is
similar to the standard ASR recipe used in espnet.

The previous section described the experiments where the SSL
models were trained from scratch. Due to resource constraints, LibriSpeech-360h was used instead of the bigger subset, LibriSpeech-960h. To show that our proposed model performs better than the baseline HuBERT SSL in a larger data
setting, too, we opted for a continued pre-training approach on
the readily available HuBERT-Base SSL model pre-trained with
LibriSpeech-960h.
To get the equivalent of the proposed Joint Encoder-Decoder
SSL model in the continued pre-training setup, a randomly initialized decoder was added to the already pre-trained 960-hour
HuBERT-Base encoder. The pre-training was then continued in
the same manner as mentioned in the proposed SSL method.
The pre-training was continued for 40 epochs.

4. Results of ASR Finetuning of SSL
Models Trained from Scratch
LibriSpeech-360h [19] was used to train the proposed SSL
model from scratch for 101 epochs. LibriSpeech-960h was not
used owing to compute resource constraints. For a fair comparison, the baseline HuBERT SSL model was also trained from
scratch with LibriSpeech-360h since a 360-hour HuBERT pretrained model is not available in the public domain. Both the
baseline and proposed SSL model have 12 encoder layers with
8 attention heads and 3072 linear units. The number of decoder
layers in the proposed SSL model is 8, with 8 attention heads
and 2048 linear units. The SSL models were trained using 8
GPUs with a batch size of at most 117 seconds of audio per
GPU and a learning rate of 0.0001. Warmup scheduler with
25000 warmup steps and Adam optimizer were used.

Table 2: Results of ASR Finetuning of SSL Models Trained by
Continued Pre-training and without LM
Model

1h labeled
HuBERT-360h (ours)
Proposed SSL-360h
10h labeled
HuBERT-360h (ours)
Proposed SSL-360h
100h labeled
HuBERT-360h (ours)
Proposed SSL-360h

test
clean

test
other

47.4
39.4

62.0
56.2

29.5
22.6

47.4
41.0

15.5
11.5

36.0
30.6

test
other

1h labeled
HuBERT-Base (Cont. Pre. Train)
32.0
40.6
Proposed SSL with
24.0
31.2
HuBERT-Base Enc. + Rand. Init. Dec.
(Cont. Pre. Train)
10h labeled
HuBERT-Base (Cont. Pre. Train)
12.0
19.4
Proposed SSL with
9.8
16.4
HuBERT-Base Enc.+ Rand. Init. Dec.
(Cont. Pre. Train)
100h labeled
HuBERT-Base (Cont. Pre. Train)
6.7
15.1
Proposed SSL with
5.8
13.3
(HuBERT-Base Enc. + Rand. Init. Dec.)
(Cont. Pre. Train)
Note: Enc. denotes Encoder, Rand. Init. Dec. denotes Randomly Initialized Decoder, Cont. Pre. Train
denotes Continuosly Pre-trained

Table 1: Results of ASR Finetuning of SSL Models Trained from
Scratch and without Language Model (LM)
Model

test
clean

For the baseline, instead of directly finetuning the HuBERTBase model for the CTC-based ASR task, we chose to continue the pre-training of HuBERT-Base for 40 epochs to ensure

For ASR finetuning, 1 GPU with a batch size of at most
200 seconds of audio and learning rate of 0.00002 were used.
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7. Conclusions and Future Work

fairness. This is because the pre-trained HuBERT-Base model
would have used a different mapping for the acoustic units than
the one used in our models. For example, an acoustic unit represented by cluster ID 100 in the pre-trained HuBERT-Base model
may be represented by cluster ID 25 in our model.
The finetuned ASR results for the above mentioned SSL models
with continued pre-training are presented in Table 2. From the
Table 2, it can be seen that

In this paper, a Joint Encoder-Decoder Self-Supervised Pretraining model that jointly optimizes masked prediction loss
from encoder and sequence loss from decoder was proposed in
place of conventional encoder-only SSL techniques. Through
various experiments, the proposed SSL model was proved to be
superior to the conventional encoder-only HuBERT SSL model
for the downstream ASR task. In the future, we plan to evaluate
the proposed model by pre-training with LibriSpeech 960h. We
also aim to analyze the proposed incorporation of a decoder in
SSL using other state-of-the-art SSL techniques like WavLM.
Furthermore, we would like to evaluate the proposed model for
other downstream tasks like phoneme recognition.

• Proposed SSL outperforms the conventional HuBERT
base model in large data setting too.
• The results are better than the SSL models trained from
scratch, owing to the bigger LibriSpeech-960h data.
• In this case, the encoder from base HuBERT model is already well-trained and then the randomly initialized decoder is added for continued pre-training. When both
encoder and decoder are jointly optimized while training from scratch, the relative improvement over conventional HuBERT is even better as seen in Section 4.
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