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Abstract

Recently, Transformer based models have shown compet-
itive automatic speech recognition (ASR) performance. One
key factor in the success of these models is the multi-head at-
tention mechanism. However, for trained models, we have pre-
viously observed that many attention matrices are close to di-
agonal, indicating the redundancy of the corresponding atten-
tion heads. We have also found that some architectures with
reduced numbers of attention heads have better performance.
Since the search for the best structure is time prohibitive, we
propose to randomly remove attention heads during training and
keep all attention heads at test time, thus the final model is an
ensemble of models with different architectures. The proposed
method also forces each head independently learn the most use-
ful patterns. We apply the proposed method to train Trans-
former based and Convolution-augmented Transformer (Con-
former) based ASR models. Our method gives consistent per-
formance gains over strong baselines on the Wall Street Journal,
AISHELL, Switchboard and AMI datasets. To the best of our
knowledge, we have achieved state-of-the-art end-to-end Trans-
former based model performance on Switchboard and AMI.
Index Terms: speech recognition, end-to-end, self-attention,
Transformer, stochastic attention head removal

1. Introduction

In self-attention based models such as Transformers [1], each
self-attention layer uses multi-head attention to capture a set
of different inputs representations, and have given competitive
ASR results [2-10]. However, we previously observed that
not all of the attention heads are useful [11]. We found that
in trained Transformer ASR models, the attention matrices of
some attention heads are close to the identity matrices, indicat-
ing that the attention mechanism is just an identity mapping.
Thus, the input sequence (after a linear transformation) can be
directly used as the output of the corresponding attention head.

This observation leads to a question: if there are redundant
attention heads in trained Transformer models, then when we
train a model from scratch, can we remove some attention heads
without harming the model performance? In our experiments,
we found some architectures with reduced numbers of attention
heads offer better accuracies. However, searching for the best
structure is time consuming. To address this, we propose to
randomly remove attention heads during training, and keep all
the attention heads at test time. Through this method, the trained
model is an ensemble of different architectures.

Our method also enables the networks to better utilize the
representation power of the multi-head attention architecture.
The redundancy of attention heads in the baselines indicates
some heads learn the most crucial patterns while other heads
merely extract inessential features which can be disregarded
(this is also observed in [12]). In contrast, our method forces
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all attention heads to learn crucial features — since heads are
randomly removed during training, the model cannot only rely
on some specific heads for extracting key features. Thus, the
proposed method forces each head to learn useful information
and enables the model to better use the representation power of
the multi-head attention structure. Our experimental results and
analysis on attention matrices support our arguments.

We employ the proposed method to train Transformer and
Conformer [10] ASR models. Our method offers consistent
accuracy improvements on datasets of different ASR scenar-
ios, including Wall Street Journal (WSJ) [13], AISHELL [14],
Switchboard (SWBD) [15] and AMI [16]. On SWBD and AMI,
to the best of our knowledge, we have achieved state-of-the-art
(SOTA) performance for end-to-end Transformer based models.

2. Related Work

At first sight, the proposed method appears to be similar to
dropout [17]; however the objectives of these two methods are
different. Dropout randomly drops units in neural networks to
prevent the co-adaptation between these units. In this work, we
randomly remove entire attention heads, motivated by the ob-
servation that some architectures with reduced numbers of at-
tention heads can lead to better performance, but avoiding the
need for a time-consuming search for the best architecture. In-
stead, we effectively train an ensemble of different structures.
Furthermore, we observe our method forces the attention heads
which are redundant in the baseline systems to learn useful pat-
terns. We also have employed dropout in our experiments and
found it is complementary to our method.

Previous works have proposed to use a development set [18]
or a trainable hard gate head [12] to drop attention heads. These
methods remove attention heads in a static manner — once an at-
tention head is removed during training, it will never be present
in the structure. Also, little performance gain is obtained by
these methods. Our proposed method removes attention heads
randomly and consistently yields better accuracies.

To alleviate the gradient vanishing problem and build very
deep networks, previous works have proposed to drop self-
attention layers randomly or following a schedule [3, 19].
Rather than dropping self-attention layers, our method removes
individual attention heads randomly. The motivation of our
method also differs from the previous works. Thus, the pro-
posed method is complementary with these previous works.

Peng et al [20] proposed to train subsets that contain h — 1
elements of the h attention heads. During testing, the output
is a linear combination of the outputs of these subsets. In our
work, the attention heads are randomly removed. Therefore, the
number of trainable attention heads changes dynamically.

Zhou et al [21] proposed a similar method of training self-
attention models for natural language processing (NLP). How-
ever, the related work does not analyse where the benefits of
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such methods come from, whilst in contrast, we independently
derive our method based on our previous work which studies
the usefulness of the attention heads [11]. Additionally, in this
work, our detailed analysis of the proposed method reveals why
dynamically removing attention heads is helpful. Furthermore,
the previous work relates to NLP while our method focus on
models which are specifically designed for ASR.

3. Transformer Based Models

In this section, we briefly review Transformer [1] and Con-
former [10]. The basic building block for Transformer based
models is self-attention [1]. A self-attention layer takes a
3-tuple of sequences as its input. Each self-attention layer
has a multi-head attention (MHA) component and a feed-
forward component. Each attention head A; in the MHA
uses a linear transformation to map the input sequences to
a Query/Key/Value triplet, which is denoted as (Q, K, V).
Then, it uses the dot product to compute the similarity between
each element of the K sequence and each element of the @ se-
quence. Using these similarities as weights, each element of the
output sequence of the attention head is the weighted sum of the
V sequence. Thus, an attention head A; can be described as:

Q. K/
vV

(XWR X WK xVwY) @

Ai(XQ XK XY = softmax( (1)

(Qi, K, Vi) =

M M .

where X2 ¢ R™4" XX XV e R™*?" are inputs and

m,n denote the lengths of the input sequences; WiQ, WK ¢
aMxdk v dMxaV : :

R and W' € R are trainable matrices.

The multi-head attention MHA is a linear combination of

the outputs of the h attention heads (A1, Az, -, Ap), which
can be described as:
MHA(X?, X, XV) = (A1, A, -+, AR) UY, (3)

where U™ is a trainable matrix and UY ¢ RdHXdM, dt =
h x dV. A residual connection links the the output of the MHA
and the query sequence X <:

X' = X9 MHA(X?, x¥ xV) )
Finally, there is a feed-forward component upon the MHA:

Y = X' +ReLUX'S +b)Z + 7 &)
where § € RY" 4"z ¢ R p e RY andr € RV

are trainable matrices and vectors.

Transformer is a self-attention based model, which has a
self-attention encoder to encode the input sequences and a self-
attention decoder to decode the encoded sequences. For each
self-attention layer in the encoder, X8 = XX = XY and
each sequence is the speech signal or its hidden representation
from the previous layer. Each self-attention layer in the decoder
has two MHA components and one feed-forward component.
The first MHA attends the previous output tokens or the out-
puts of the previous layer. Then, the second MHA looks at the
encoded speech signal, XX = XV are the final hidden repre-
sentations of the input speech sequence, and X & is the output
of the previous MHA (with the residual connection).

Since self-attention encodes sequences through attention
mechanisms, it can model dependencies within any range.
However, previous works have shown it is less effective in cap-
turing local information [11,22]. Nevertheless, acoustic events
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usually happen within short periods and thus local informa-
tion is essential for ASR tasks. Since convolution neural net-
works (CNNs) are suitable for capturing local context, Gulati et
al [10] propose Conformer, which augments self-attention layer
encoders with CNNs. A Conformer layer can be described as:

X=X+ 1FF(X) (6)
X’'=X +MHA(X, X, X) (7
X" = X'+ Conv(X") 3
Y = LayerNorm (X" + §FF(X”)) ®

where FF denotes the feed-forward component [10], Conv de-
notes the convolution component [10] and LayerNorm denotes
layer normalisation [23]. The half-step feed-forward networks
%FF have resulted in better accuracies compared to the vanilla
feed-forward network [10]. In the original Conformer model,
long short-term memory (LSTM) [24] is used as the decoder.
In this paper, we use “Conformer” to denote the Conformer
Encoder-Transformer Decoder structure.

4. Stochastic Attention Head Removal

We introduce the stochastic attention head removal (SAHR)
strategy in this section. In our previous work [11], we found in
trained Transformer ASR models, there are heads which only
generates nearly diagonal attention matrices. The high diago-
nality indicates these heads are merely identity mappings and
thus they are redundant. We further investigate if removing the
heads with high diagonality and retrain the model from scratch
will impact the performance. We use WSJ as the dataset and the
experimental setups are presented in Section 5. For the baseline
model, following our previous work, we plot the heatmap of the
averaged diagonality [11] on WSJ eval92 for each head in ev-
ery encoder layer. Then, we remove the heads whose averaged
diagonality are above a threshold and retrain the model. We
also test removing all the heads in the uppermost encoder layer
(near output), since all the heads in this layer have high diago-
nality. Figure 1 shows the heatmap and the structures with the
corresponding head removal strategy.

Table 1 shows the character error rates (CERs) for each
structure. We observe some architectures outperform other
structures. However, the search for the best architecture is time-
consuming. To address this, we propose to randomly remove
attention heads during training and keep all heads at test time.
The proposed method can be viewed as training different archi-
tectures and using the ensemble of these trained architectures as
the final model at test time. When processing a training exam-
ple, each attention head has a probability g of being removed,
where q is set as a hyper-parameter. If a head is kept, then the
output of that head is scaled by =

KT
A(X9Q XK XYY = LI softmax(Q’Kz Wi (10)
1-— VdK
At test time, the scale factor —— is removed and all the atten-

tion heads are always present. Tillus the expected output of the
attention head is the same during training and testing. During
training, if all the attention heads of a layer are removed for
an utterance, then that layer becomes a feed-forward layer. The
stochastic attention head removal strategy is applied for both the
encoder and the decoder. Table 1 shows the preliminary results
of our method. In Section 5, we further test applying the pro-
posed method to train both Transformer and Conformer ASR
models on other larger and more challenging datasets.
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Figure 1: The tested encoder architectures. The baseline has 12
self-attention layers. Each non-white cell represents an atten-
tion head. Each white cell denotes there is no attention head.
When all the attention heads of a layer are removed (four white
cells), the feed-forward component of that layer is preserved.
(a) heatmap of the averaged diagonality of each attention head.
(b-d) structures where some attention heads are removed.

Table 1: CERs on WSJ for different removal strategies. The
structures of the static removal methods are shown in Figure 1.
#heads/ denotes the number of attention heads.

Removal Method | #Heads | eval 92/dev 93

None (baseline) 48 3.5/4.6
Remove topmost heads 44 3.4/4.5
Remove heads diag > 0.95 42 3.4/4.6
Remove heads diag > 0.90 36 3.5/4.7
Random removal with ¢ = 48 | 3.4/4.5

5. Experimental Results
5.1. Setup

We experiment on datasets of a variety of scenarios. Table 2
describes these datasets. We use Kaldi [25] for data prepara-
tion and feature extraction — 83-dim log-mel filterbank frames
with pitch [26]. SpecAugument [27] is used on all datasets but
WSIJ. On all datasets, following the previous works [2, 4, 28],
we employ the 12layer Encoder-6layer Decoder architecture.
The multi-head attention components of the self-attention layers
have 4 attention heads and d¥ = d¥ = 64, d™ = 256. For the
feed-forward module of the self-attention layers, d¥" = 2048,
Below the encoder of the Transformer, there are two convolu-
tional neural network layers with 256 channels, with a stride of
2 and a kernel size of 3, which map the dimension of the input
sequence to d™. The structure of the self-attention component
of the Conformer is the same as the Transformer. The kernel
size of the convolution component is either 15 or 31 (depends on
the dataset). Input sequences to the encoder and the decoder are
concatenated with sinusoidal positional encoding [1,29]. Mod-
els are implemented using ESPnet [30] and PyTorch [31].

The training schedule follows [2]. Dropout rate 0.1 is used.
The training lasts 100 epochs for WSJ and 50 epochs for other
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Table 2: Datasets Description

datasets language  hours speech style
WSJ EN 81 read
AISHELL ZH 170 read

SWBD EN 260  telephone conversation
AMI EN 100 meeting

Table 3: WERs on SWBD for Transformer models.

SWBD/Callhome (WER %)
Removal Probability | seed1 | seed2 | seed3
Transformer Models
0/48 (baseline) 9.0/18.1 | 9.1/18.2 | 9.1/17.9
4/48 8.9/17.5 | 8.7/17.6 -
6/48 8.6/17.2 | 8.7/16.9 | 8.7/16.8
8/48 8.8/17.6 | 8.9/17.2 -
Transformer [4] 9.0/18.1
Very deep self-attention [3] 10.4/18.6
Multi-stride self-attention [5] 9.1/-

datasets. The averaged parameters of the last 10 epochs are used
as the parameters of the final model [2]. Adam [32] is used as
the optimizer. The output units for WSJ/AISHELL/AMI are
characters and the output tokens for SWBD experiments are
tokenized at word-level using Byte Pair Encoding (BPE) [33].
The batch size is 32. Label smoothing with smoothing weight
0.1 is used. Besides the loss from the Transformer’s decoder
LP, a connectionist temporal classification (CTC) [34] loss
LCTC is also applied to the Transformer/Conformer encoder
[35]. Following [4], the final loss L for the model is:

L=(1—-\LP+xL°"C. (11

where A = 0.2 for SWBD and A = 0.3 for other datasets.
Following our preliminary study (Table 1), considering both the
encoder and the decoder has 48 attention heads, we test removal
probability values starting from 4%.

5.2. Results and discussion

We use WSJ to derive the proposed method and the experimen-
tal results are shown in Table 1. Table 3 shows the results of
applying the proposed method to train Transformers on SWBD.
We run the experiments with three different random seeds, and
have obtained consistently reduced word error rates (WERs)
with all the seeds. To further show our method has statistically
significant gains, we apply Matched Pairs Sentence-Segment
Word Error significance tests (mapsswe) [36] for the best Trans-
former models. On both SWBD/Callhome test sets, p < 0.001.

We further use our method to train Conformer models on
SWBD. Noticing that in the Transformer experiments the prob-
ability values which lead to the best models are within the range
of 0.1 to 0.2, we test use 0.1 or 0.2 as the removal probability.
That is, we test not considering the total number of attention
heads when setting the removal probability. In addition, we
augment SWBD by speed perturbation [37] with ratio 0.9 and
1.1 and decode with a recurrent neural network language model
(RNNLM) [38]. Table 4 shows our method is effective in this
set of experiments. We train Conformer models using a fixed
random seed. The only random factor is how the attention heads
are removed in each training update and the performance of the
baseline is constant. We apply a two-tailed t-test to examine if
the mean WERs of the five runs of the conformer models trained
with removal probability 0.2 are significantly different from the
baseline Conformer. On SWBD p < 0.003 and on Callhome
p < 0.02, which shows the gains are statistically significant.



Table 4: WERs on SWBD for Conformer models. * indicates the
number is the average of 5 runs. In these five runs, the WERs
on SWBD/Callhome ranges from 6.7 to 6.8/13.5 to 13.9.

Removal Probability [ SWBD/Callhome (WER%)
Conformer Models

0.0 (baseline) 8.4/17.1
0.1 8.2/16.4
0.2 8.1/16.4
+Speed Perturbation + RNNLM

0.0 (baseline) 6.9/14.0
0.1 6.4/14.0
0.2 6.7*%/13.7*
Conformer [39] 7.1/15.0

Table 5: CERs on AISHELL of stochastic head removal.

Removal Probability [ Dev/Test (CER%)
Transformer Models

0.0 + speed perturbation + RNNLM 6.0/6.5
0.1 + speed perturbation + RNNLM 5.8/6.3
0.2 + speed perturbation + RNNLM 5.8/6.3
Transformer [4] 6.0/6.7
+ 5,000 hours pretrain [6] -16.26
Memory equipped self-attention [40] 5.74/6.46
Conformer Models

0.0 + speed perturbation + RNNLM 5.3/6.0
0.1 + speed perturbation + RNNLM 5.2/5.8
Conformer [39] 4.4/4.7

Further, to the best of our knowledge, we have achieved the
SOTA for end-to-end Transformer based models on SWBD.

Table 5 shows the results on AISHELL. We have applied
mapsswe. On the Dev set, p < 0.001 for both the Transformer
and Conformer models. On the Test set, p = 0.030 for the
Transformer and p = 0.023 for the Conformer. We notice there
is a performance gap between our Conformer models and the
previous work [39]. This is because of different training con-
figurations. We did not further tune our Conformer models on
AISHELL due to the large number of experiments and we have
indeed obtained statistically significant gains.

We use AMI to test our method on a more difficult ASR
task. We use the individual headset microphone (IHM) setup.
Table 6 shows our method has outperformed the baselines. Our
method has achieved the SOTA for Transformer based models
on AMI. We also applied mapsswe and p < 0.001 for both
Transformer and Conformer models on both dev and test sets.
Thus, we conclude on all the datasets, our method have offered
statistically significant performance gains.

We noticed that the performance of our method varies
among different removal probabilities. However, the probabil-
ities between 0.1 and 0.2 have given the best accuracies. We
propose to use a development set to choose the probability or
using an ensemble of models trained with different probabili-
ties as the final model, and we left these as further works.

We further study the effect of the proposed method. We
have plotted the training loss of the baseline Conformer and the
Conformer trained with removal probability 0.1 on SWBD. Fig-
ure 2 (a) shows the train loss curves. The proposed method has
higher train loss in each epoch. This is as expected since in each
training update only a fraction of the network is trained. We
also compute the averaged similarity of the attention matrices
of each attention head pair in each layer. We use the averaged
cosine similarity of rows of the same indices as the similarity
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Table 6: WERs on AMI for stochastic head removal.

Removal Probability [ dev/test (WER %)
Transformer Models

0.0 (baseline) 24.9/25.8
0.1 24.2/24.6
0.2 24.5/24.9
Conformer Models

0.0 (baseline) 24.9/25.8
0.1 24.1/24.2
2D Conv [41] 24.9/24.6
TDNN [41] 25.3/26.0
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Figure 2: The train loss and the averaged similarity between
attention heads of the baseline Conformer model and the Con-
former model trained with stochastic attention head removal
(SAHR) probability 0.1. “decoder-inter” denotes the MHA
component that interacts between the encoder and the decoder.

of attention matrices since each row vector shows how the at-
tention weights are distributed to encode the input at the row
index. Figure 2 (b) show that with the random removal, the sim-
ilarities between attention heads increase. Thus, it indicates the
proposed method forces each attention head to extract the most
essential patterns while allowing different heads to encode indi-
vidual additional information. The baseline model has a smaller
similarity between attention heads, further indicating each layer
relies on some attention heads to learn the most useful features
while other heads encode unessential information. Therefore,
the proposed method better utilizes the representation powers
of the multi-head attention and gives improved accuracies.

6. Conclusion

We observe there are redundant attention heads in Transformer
based ASR models. Instead of searching for the best structure
(which is time prohibitive), we propose to randomly remove at-
tention heads during training and keeping all the attention heads
at testing. The proposed method also forces each attention head
to learn the key patterns, and thus better exploits the representa-
tion power of the multi-head structure. Our method has offered
statistically significant improvements for Transformer and Con-
former models on datasets of different ASR scenarios. Further
work includes ensembling the models trained with different re-
moval probabilities. Source code: https://github.com/
s1603602/attention_head_removal
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