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ABSTRACT
In speaker-aware training, a speaker embedding is appended
to DNN input features. This allows the DNN to effectively
learn representations, which are robust to speaker variability.
We apply speaker-aware training to attention-based endto-end speech recognition. We show that it can improve over
a purely end-to-end baseline. We also propose speaker-aware
training as a viable method to leverage untranscribed, speaker
annotated data.
We apply state-of-the-art embedding approaches, both
i-vectors and neural embeddings, such as x-vectors. We experiment with embeddings trained in two conditions: on the
fixed ASR data, and on a large untranscribed dataset. We run
our experiments on the TED-LIUM and Wall Street Journal
datasets. No embedding consistently outperforms all others,
but in many settings neural embeddings outperform i-vectors.
Index Terms— end-to-end speech recognition, speakeradaptation, speaker-aware training, speaker embedding
1. INTRODUCTION
Speaker independent speech recognition models attempt to
find a suitable compromise for all speakers. Speaker adaptation lets the speaker independent models readjust to each
speaker, by leveraging some speaker specific information.
Fine-tuning the parameters of a DNN for each speaker separately would be computationally expensive and difficult,
because the models are black boxes with a very large number
of parameters. In hybrid HMM-DNN speech recognition,
an effective speaker adaptation method is appending speaker
embeddings to the input features, and having the DNN learn
to use this information [1]. We call this speaker-aware training [2].
In the attention-based encoder-decoder end-to-end (AED)
speech recognition [3, 4], fine-tuning the parameters for each
speaker’s acoustic characteristics is even more complicated,
since the DNN also implements an implicit language model.
In AED ASR, only a few speaker adaptation approaches have
been proposed so far [5, 6], and to the best of our knowledge,
speaker-aware training has not been applied to AED ASR.
In this work, we investigate speaker-aware training of
AED ASR. We compare three different speaker embedding

types: i-vectors [7], and two neural methods: x-vectors [8]
and a thin-ResNet neural network architecture [9]. We present
three main contributions.
Firstly, we show competitive word error rate improvements on the TED-LIUM [10] and Wall Street Journal
(WSJ) [11] corpora. In our experiments, speaker-aware training outperforms an additional, end-to-end trained sequence
summary network component [5].
Secondly, we propose speaker-aware training as a viable strategy to incorporate untranscribed data into the AED
paradigm. Similar to the popular method of incorporating
an external language model in shallow fusion [12], speakeraware training is not purely end-to-end. The speaker embeddings are trained separately. This is beneficial, since the
speaker embeddings can then be trained on untranscribed
speech data, which only needs speaker annotations. We exploit state-of-the-art speaker embeddings trained on the large
VoxCeleb datasets [13, 14]. We also compare these VoxCeleb
embeddings with speaker embeddings trained only on the
smaller fixed ASR datasets.
Thirdly, we show that neural embeddings outperform
i-vectors in some settings, although no embedding consistently outperforms all others. In concurrent work, Rownicka
et al. [15] explore neural embeddings for speaker-aware training of HMM-DNN ASR, but do not find improvements over
i-vectors.
As a part of this work we present our findings in applying typical post-processing methods to the speaker embeddings: mean subtraction, dimensionality reduction and length
normalization. Particularly, in our experiments, we find L2normalization to be crucial. We show that neural embeddings
may not need any other post-processing steps.
2. RELATED WORK
Only a few speaker adaptation methods have been proposed
in AED ASR. In [5], a sequence summary network is added to
the model architecture, and in [6], additional learning objectives are used to regularize the output of a speaker-dependent
network.
Speaker-aware training has been applied to connectionist temporal classification models (CTC) [16, 17], which are
trained with an end-to-end criterion. However, CTC models

are an implicit HMM [18], and in practice they are typically
applied similarly to hybrid HMM-DNN models [19].
Rownicka et al. [15] are the first to present results where
neural embeddings are used in speaker-aware training. In
their work, i-vectors still outperform neural embeddings in
speaker-aware ASR. The authors argue that compared to
neural embeddings, i-vectors capture more additional information, other than speaker identity. In speech recognition,
this other information, such as channel effects, are beneficial.
However, also in concurrent work, Raj et al. [20] use probing
tasks to show that x-vectors also encode channel information.
3. SPEAKER EMBEDDINGS
In speaker verification, the task is to distinguish whether two
speech segments are spoken by the same speaker or not. Typically a speaker embedding extractor is trained separately, and
then the embeddings are used as features for a binary classifier (such as cosine distance scoring or probabilistic linear
discriminant analysis). [21] In this work, we use three embedding methods: i-vectors, x-vectors, and thin-ResNet embeddings.
I-vectors are based on factor analysis of Gaussian Mixture Model (GMM) supervectors. Thorough overviews of the
method can be found in the related literature [22], but we omit
it here for brevity.
3.1. Neural speaker embeddings
In the context of all-neural AED ASR, neural speaker embeddings could enable further work in fine-tuning the embeddings in the end-to-end ASR task. Furthermore, recently in
speaker verification, neural speaker embeddings have been
shown to outperform i-vectors [13, 8, 9].
X-vectors are a popular neural speaker embedding type.
They use TDNN-layers, and are trained in speaker classification. After training, the embedding is extracted as the output
of the second to last layer before the softmax. For details, see
the original paper [8].
Thin-Resnet embeddings are also trained in speaker
classification. Unlike the x-vectors, the model is a (2D)
convolutional neural network, which operates directly on
spectrograms, and includes an L2-normalization layer, after
which the embedding is extracted. More details can be found
in the original paper [9].
4. ATTENTION-BASED END-TO-END NEURAL
SPEECH RECOGNITION
Attention-based encoder-decoder end-to-end neural speech
recognition models [3, 4] have become a popular alternative
to conventional HMM-based systems. These models directly
transcribe speech to text. No language model or external
lexicon is needed, but they are learned implicitly.

Training hours
Training speakers

VoxCeleb 1
352
1251

VoxCeleb 2
2442
6112

Table 1. Details of the speaker embedding training datasets

Training hours
Dev hours
Test hours
Training speakers
Dev speakers
Test speakers

TED-LIUM
207
1.6
2.6
1242
8
10

WSJ
82
1.1
0.7
283
10
8

Table 2. Details of the speech recognition corpora used in
this paper
4.1. ESPnet encoder
The encoder in our model is slightly different from the standard approach above. Our implementation comes from the
ESPnet toolkit[23]. The encoder is trained in a multi-task setting, by adding a CTC-decoder in parallel. The CTC-decoder
is also used in inference, by interpolating the likelihoods from
both decoders. [24]
ESPnet also implements a hybrid convolution and BLSTMbased encoder. However the convolution operation does not
make sense for the appended speaker embeddings, because
the embedding dimensions do not have any ordered structure.
Therefore, in our experiments, we do not use the convolutional front-end.
5. EXPERIMENTS
5.1. Data
The untrascribed data x-vector and i-vector embedding extractors are trained on VoxCeleb [13] and VoxCeleb2 [14].
Furthermore, for the x-vectors, a large amount of data augmentation is applied [8]. The thin-ResNet model is only
trained on VoxCeleb2. Table 1 lists the salient dataset details.
We run the speech recognition experiments on the TEDLIUM (release 2) [10] and Wall Street Journal (si-284 training
set) [11] datasets. Table 2 shows the dataset characteristics.
The fixed data speaker embeddings are trained on these ASR
datasets’ respective training sets.
5.2. Embedding models
For the untranscribed VoxCeleb data embeddings, we use pretrained models available online [25, 26]. Table 3 compares
these embeddings in a speaker verification task. Neural embeddings outperform i-vectors.
For the embeddings trained on the ASR data (we call this
the fixed data scenario), we adjust the embedding model hy-

perparameters to better suit these datasets, which are smaller
than the VoxCeleb datasets. For the i-vector model, we
choose 512 full-covariance Gaussians in the universal background model, and 100-dimensional i-vectors, without LDA.
For x-vectors, the configuration is otherwise the same as the
original VoxCeleb x-vector model [8], but the embedding size
is halved to 256, and the number of training epochs doubled
to 6. We arrived at these values using a heuristic: we pick the
values which yield the highest adjusted rand index (ARI) [27],
when clustered using spherical K-means. Spherical K-means
is L2-normalized, which was shown to be important in earlier
experiments. High ARI should reflect consistent embeddings,
which we believe should help in ASR, and the procedure is
computationally inexpensive. We first optimized the values
on the TED-LIUM data. On WSJ, the TED-LIUM i-vector
configuration resulted in a perfect 1.0 ARI, so we decided
to simply reuse the TED-LIUM-tuned configurations without
further optimization.
Furthermore, in the fixed data setting, we do not test the
thin-ResNet embeddings, because the implementation was not
readily available in the Kaldi toolkit.

i-vector [25]
x-vector [25]
thin-ResNet [9]

EER
5.3
3.1
3.22

Table 3. The pretrained VoxCeleb speaker embeddings compared in speaker verification, on the VoxCeleb 1 test set. In
speaker verification, the common performance metric is equal
error rate (EER). It is the error rate at which there are equally
many false acceptances and false rejections.

5.3. Post-processing the embeddings
For the i-vector and x-vector embeddings, we test standard post-processing procedures: subtracting the training
set mean, dimensionality reduction by LDA, and using L2normalization. The LDA transform is trained on the speech
recognition training set; we reduce the dimensionality to
200, which is the x-vector default. The thin-ResNet output
is already L2-normalized, which would be undone by any
post-processing, so therefore we use the thin-ResNet outputs
as they are.
Table 4 shows x-vector and i-vector results without LDA,
and either subtracting the global mean or not. These experiments indicate that with x-vectors the mean subtraction
hurts performance and with i-vectors it helps. We keep these
choices for all x-vector and i-vector experiments.
In the Kaldi toolkit [28] (which√we use for feature dumping), the default is to normalize to d, where d is the dimensionality of the embedding. In preliminary experiments, we
found that it is crucial to normalize to length 1. Otherwise, the

embeddings only hurt performance. Thus in all of reported
results, we have applied L2-normalization to unit length.
TED-LIUM
x-vector
x-vector subtract mean
i-vector
i-vector subtract mean

Test
No LM +LM
20.1
17.2
20.5
17.2
20.7
17.8
20.4
17.2

Dev
No LM +LM
20.9
18.1
21.0
18.2
21.5
18.7
21.0
18.3

Table 4. WER results with and without mean subtraction,
for the VoxCeleb i-vector and x-vector embeddings without
LDA.

5.4. ASR model configurations
With all of our models, we follow the same ESPnet recipes as
Delcroix et al. for their sequence summary network (SeqSum)
approach [5], except we do not use convolutional layers in the
encoder for speaker-aware models as explained in section 4.1.
We also train standard character level RNNLMs similar to
Delcroix et al. [5], on the datasets’ respective text resources,
although note that Delcroix et al. do not present LM results on
TED-LIUM. Details are omitted here for brevity. We achieve
very similar baseline results, and therefore we present some
of their results in comparison with ours.
In all models, the encoder consists of six 320-unit BLSTM
layers, which subsample the input in time by a factor of four.
The decoder has one 300-unit LSTM layer, and uses locationbased attention, followed by a softmax layer, which outputs a
distribution over characters (32 in TED-LIUM, 50 in WSJ).
The models are trained for 15 epochs with the adadelta optimizer, with a batchsize of 30. In decoding use beam search
with a beamsize of 20 for TED-LIUM and 30 for WSJ.
The encoders are trained with the multitask CTC-loss of
ESPNet, and this is incorporated in decoding [23]. We also
train some models on the WSJ task without the CTC-loss.
Without the CTC-loss we retune the language model weight
for the baseline model on the Dev93 set and use that same
weight in all other non-CTC-loss experiments.
Our input features are mean and variance normalized 80dimensional Mel-filterbank energies, and pitch information,
which might not contribute in English, but we retain it for
conformity. We extract one speaker embedding for the whole
utterance, and append it to each feature vector.
5.5. ASR Results
Table 5 shows the main results of our experiments. The models without the CTC multitask loss are not directly comparable, so their results are presented separately, in Table 6.
On the WSJ dataset, when not using an LM we get a better
baseline without the CTC-loss than with it. This is likely due

Baseline
SeqSum [5]
i-vector100
x-vector256
i-vector200-LDA
i-vector400
x-vector200-LDA
x-vector512
thin-ResNet512

+VoxCeleb

Fixed

WSJ
Baseline
SeqSum [5]
i-vector100
x-vector256
i-vector200-LDA
i-vector400
x-vector200-LDA
x-vector512
thin-ResNet512

Test
No LM +LM
21.7
18.6
21.1
20.9
17.9
21.5
18.4
20.2
17.4
20.4
17.2
20.9
17.4
20.1
17.2
20.7
17.2

Dev
No LM +LM
22.6
20.0
21.7
21.4
18.9
23.0
20.0
20.7
18.2
21.0
18.3
21.6
18.6
20.9
18.1
21.0
18.3

Eval92
No LM +LM
17.5
9.3
16.3
8.7
17.6
8.5
16.2
8.6
17.2
9.1
15.3
8.0
18.8
9.5
16.2
8.7
16.7
8.7

Dev93
No LM +LM
22.1
13.2
21.3
13.2
22.3
11.3
20.3
11.6
21.2
11.9
20.5
11.7
25.0
13.5
20.5
11.2
20.4
11.6

Table 5. WER results of the main speech recognition experiments. SeqSum refers to the sequence summary network
approach of Delcroix et al. The embedding methods denote
dimension, and whether LDA was used, in subscript. The
+VoxCeleb sections present the results with the pretrained
VoxCeleb embeddings. The Fixed sections present results
with embeddings trained on the fixed ASR data.
to the original recipe being tuned for the performance with a
language model.
6. DISCUSSION
We achieve around 7% relative WER improvements with
the VoxCeleb speaker embeddings. The VoxCeleb embeddings consistently perform better than the fixed ASR data
embeddings, which obtain around around 4% relative improvements. The fixed data embeddings still consistently
outperform the end-to-end sequence summary method. We
see speaker-aware training as a useful competitive evaluation
baseline when developing true end-to-end methods, such as
the sequence summary network.
No single embedding type consistently outperforms others. However, when embeddings are trained on the larger
VoxCeleb dataset, the neural embeddings often outperform
i-vectors. We suspect the neural embeddings are better able
to leverage very large training sets. The thin-ResNet model
is, without any modification, a good candidate for end-to-end
finetuning in future work. For the x-vector approach, it seems
an L2-normalization layer is needed.

WSJ

+VoxCeleb

+VoxCeleb

Fixed

TED-LIUM

Baseline
i-vector200-LDA
i-vector400
x-vector200-LDA
x-vector512
thin-ResNet512

Eval92
No LM +LM
14.9
10.7
16.0
12.9
13.2
10.9
16.0
12.4
13.5
10.4
12.9
10.6

Dev93
No LM +LM
18.7
13.7
19.8
15.4
17.5
14.5
20.1
15.5
16.9
15.0
17.2
14.1

Table 6. Results without the CTC task, i.e. a purely attentional model. Again, the embedding methods denote dimension, and whether LDA was used, in subscript. All of the
speaker-aware methods used the Voxceleb embeddings.

Our hyperparameter tuning procedure for the fixed ASR
data embeddings was quite ad-hoc. The ARI metric is probably closer to the speaker verification metric than ASR. However, the VoxCeleb embeddings are also originally tuned for
speaker verification. Good, sound criteria, which could be
used to separately optimize speaker embeddings for speakeraware ASR training, are an open research question.
Of the embedding post-processing steps, we see that L2normalization is crucial. We suspect the additional sensitivity
of the normalization to unit length might not be universal,
but rather particular to our implementation. Mean subtraction seems to work for i-vectors, but not for x-vectors. In
most experiments, LDA did not help, with the exception of
the VoxCeleb i-vector embeddings on TED-LIUM. However,
we do not investigate different LDA dimension sizes.

7. CONCLUSIONS
We have shown that speaker-aware training is a competitive
speaker adaptation approach in attention-based end-to-end
ASR. We propose speaker-aware training as a viable strategy
to incorporate untranscribed, speaker annotated data. When
trained on large speaker annotated data, we find that neural
embeddings can outperform i-vectors in speaker-aware ASR.
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