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Abstract
Contextual information plays a crucial role in speech recog-
nition technologies and incorporating it into the end-to-end
speech recognition models has drawn immense interest recently.
However, previous deep bias methods lacked explicit super-
vision for bias tasks. In this study, we introduce a contex-
tual phrase prediction network for an attention-based deep bias
method. This network predicts context phrases in utterances
using contextual embeddings and calculates bias loss to as-
sist in the training of the contextualized model. Our method
achieved a significant word error rate (WER) reduction across
various end-to-end speech recognition models. Experiments on
the LibriSpeech corpus show that our proposed model obtains a
12.1% relative WER improvement over the baseline model, and
the WER of the context phrases decreases relatively by 40.5%.
Moreover, by applying a context phrase filtering strategy, we
also effectively eliminate the WER degradation when using a
larger biasing list.
Index Terms: End-to-end Speech Recognition, Deep Biasing,
Contextual List Filter

1. Introduction
In recent years, end-to-end automatic speech recognition (ASR)
systems have made remarkable progress, driven by the rapid
development of deep neural networks, and have become the
mainstream of speech recognition research. Various end-to-
end ASR methods, such as connectionist temporal classifica-
tion (CTC) [1, 2], recurrent neural network transducer (RNN-
T) [3, 4], and attention-based encoder-decoder (AED) [5, 6, 7],
have been widely used in scenarios such as voice assistants and
online conferences. However, since deep learning techniques
are highly data-dependent, the recognition accuracy of end-
to-end ASR systems tends to be significantly reduced for rare
phrases in the data, such as entity names, technical terms, etc. In
practical applications, these rare phrases can often be obtained
in advance as contextual information. For example, for voice
assistants, contact names in the address book and the names
of installed applications are likely to appear during the recog-
nition process. Therefore, informing the model of contextual
information is crucial to accurately predict the corresponding
phrases. As a result, research on infusing contextual knowledge
into end-to-end ASR models for biased decoding has become
increasingly important.

In previous studies, a typical bias method is LM fusion [8,
9, 10, 11, 12], with shallow fusion being the most commonly
used approach. In [9], an n-gram of contextual phrases is com-
piled into a weighted finite-state transducer (WFST) and the

* Corresponding author.

state of the decoded path in the WFST is maintained during
decoding. When a specific word is decoded, the score is added
to the path, thereby biasing the recognition process toward the
contextual phrase. While LM fusion can intuitively increase the
posterior of tokens related to contextual phrases, it has limited
performance improvement on the bias list and requires testing
to determine the optimal fusion weight.

Another approach to address this problem is the deep bias
method based on neural networks [13, 14, 15, 16, 17], which in-
troduces a separate biasing component in the end-to-end model
for modeling contextual phrases. Compared with LM fusion,
the deep bias method is more flexible and allows quick adap-
tation to different contextual phrase lists for various scenarios.
Several previous works have modified basic end-to-end speech
recognition models to obtain contextualized models, such as
CLAS [18] and CATT [19]. However, these methods lack ex-
plicit supervision for bias tasks and are often limited to specific
model structures.

To solve this problem, we propose a novel approach called
contextual phrase prediction network (CPP Network) for deep
biasing, which combines a bidirectional long-short term mem-
ory network (BLSTM) based contextual encoder with an atten-
tion mechanism to extract embeddings of context phrases. Un-
like CLAS [18] and CATT [19], our model predicts the biased
phrases that appear in the utterance using the contextual phrase
prediction network and calculates a CTC loss between the pre-
dicted phases with labels that only contain context phrases as
the bias loss. This loss function provides explicit supervision
for the bias task, allowing the contextualized model to learn
to focus on context phrases appearing in the audio while min-
imizing the impact on the original recognition results when
there are no context phrases. The contextual phrase prediction
network can be easily integrated into mainstream end-to-end
speech recognition models, such as CTC, AED, and Transducer,
to achieve contextualized recognition. Our proposed techniques
achieve an average relative WER improvement of 12.1% on
LibriSpeech, with a relative improvement of 40.5% in the WER
of phrases included in the biasing list.

In addition, using a biasing list containing thousands of
contextual phrases as input for a contextualized ASR model
poses challenges in retrieving meaningful contextual encod-
ings from the biasing layer. Moreover, the biasing layer re-
quires computations on thousands of contextual phrase encod-
ings, leading to a noticeable increase in inference time. In-
spired by [20], we employ a two-stage contextual phrase fil-
tering method. Firstly, the model performs inference using an
empty biasing list to calculate posterior score confidence and
sequence order confidence for each context phrase in the actual
biasing list. Then, we use the filtered biasing list to generate
the final bias output by combining it with the audio embed-
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Figure 1: (a) The proposed contextual phrase prediction network, where the CTC linear shares parameters with contextualized models.
(b) Biasing layer via multi-head attention (MHA) (c) Contextualized CTC model (d) Contextualized Transducer model

dings retained from the first stage through a small amount of
computation. This approach reduces the computational burden
and inference time, while ensuring that only relevant contextual
phrases are used for biasing. Compared to [20], we extended
this contextual phrase filtering method to be applicable to mul-
tiple structures, rather than being limited to Transducer models
with cascaded encoders.

2. Contextual Bias with CPP Network
In this section, we introduce the modification on contextual bias
module with our proposed CPP Network. Different modifica-
tions made on different ASR framework including CTC, AED
and Transducer will be introduced respectively.

2.1. Contextualized CTC/AED

For both contextualized CTC and AED frameworks, we made
modifications only to the encoder. It should be noted that we
also deploy CTC as auxiliary training criterion for AED en-
coder. Thus these modifications for both frameworks were simi-
lar. Generally, we add a context encoder, a multi-head attention-
based biasing layer, and a contextual phrase prediction net-
work (CPP Network) for the framework to integrate contextual
information, as shown in Figure 1(c).

The context encoder is used to encode the custom contex-
tual phrase list into embeddings with the same length. Each
phrase in the list is tokenized with the same tokenizer as the
base CTC model, and the token sequence is used as input for
the BLSTM. The hidden state and cell state of the last time step
from both the forward and backward LSTM are concatenated
and then passed through a linear layer to obtain the embedding
hCE
i for the contextual phrase. In addition, we added a phrase

to the contextual phrase list that contains only a single blank
token, referred to as no-bias, to enable the model to focus on it
when there is no contextual phrase in the audio and ignore other
contextual phrases.

The biasing layer (Figure 1(b)) is a multi-head atten-
tion (MHA) layer designed to help the model learn the relation-
ship between contextual phrases and speech. While computing
the MHA score, the audio embedding hE

t serves as the query,
and the contextual phrase embeddings hCE

i serve as the keys
and values to obtain the context representations cEt as:

αit = Softmax
((

Wqh
E
t

)(
Wkh

CE
i

)
/ sqrt (d)

)
, (1)

cEt =
K∑

i=0

αith
CE
i , (2)

where the scaling factor sqrt (d) is for numerical stability, and
K represents the number of contextual phrases. The context
embeddings and audio embeddings are then combined to obtain
context-aware audio embeddings hCA

t . The combiner consists
of a LayerNorm layer, a concatenation operation, and a feed-
forward projection layer. This process can be described as:

hconcat
t = [LayerNorm(hE

t ),LayerNorm(ct)] , (3)

hCA
t = FeedForward(hconcat

t ) . (4)

The CPP network consists of two feed-forward projection
layers and a Softmax function (Figure 1(a)), where the second
feed-forward projection layer shares parameters with the linear
layer in the CTC model that maps audio embeddings to a poste-
rior probability distribution over vocabularies, denoted as CTC
linear in Figure 1. Receiving the context embedding cEt as in-
put, CPP Network predicts the contextual phrases that appear in
the dialogue utterance. We use the posterior generated by CPP
Network as input and the contextual phrases in the transcript as
reference for CTC loss calculation. Such loss can supervise the
biasing layer to extract relevant contextual phrases information
from the audio embeddings hE when the contextual phrases ap-
pear and minimizes the influence of introducing additional in-
formation when no contextual phrases appear. Note that this
part of the model is only used for auxiliary training and does
not participate in model inference.

The final joint loss function for the CTC model is:

L = Lctc + λ2LCPP , (5)

where λ2 is a weight hyperparameter we set as 0.1 in experi-
ment.

For the AED model, with λ1 as the CTC weight, the final
joint loss function is:

L = λ1Lctc + (1− λ1)Latt + λ1λ2LCPP . (6)

2.2. Contextualized Transducer
For the Transducer, we augment the architecture with a con-
textual phrase prediction network to implement the contextual-
ized Transducer, as illustrated in Figure 1(d). Specifically, com-
pared to the standard Transducer, we add a context encoder, two
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Table 1: LibriSpeech results with different biasing list size N. Reported metrics are in the following format: WER (U-WER/B-WER).

Model N=0 N=100 N=500 N=1000
test-clean test-other test-clean test-other test-clean test-other test-clean test-other

CTC Baseline 5.59
(3.5 / 23.4)

12.17
(8.1 / 48.3)

5.59
(3.5 / 23.4)

12.17
(8.1 / 48.3)

5.59
(3.5 / 23.4)

12.17
(8.1 / 48.3)

5.59
(3.5 / 23.4)

12.17
(8.1 / 48.3)

CTC + bias 5.67
(3.6 / 23.4)

12.14
(8.2 / 47.3)

5.13
(4.2 / 12.7)

11.76
(9.9 / 29.0)

6.11
(5.2 / 13.7)

13.77
(11.8 / 31.5)

6.89
(6.0 / 14.7)

14.85
(12.9 / 32.6)

AED Baseline 4.22
(2.6 / 18.1)

8.88
(5.6 / 37.6)

4.22
(2.6 / 18.1)

8.88
(5.6 / 37.6)

4.22
(2.6 / 18.1)

8.88
(5.6 / 37.6)

4.22
(2.6 / 18.1)

8.88
(5.6 / 37.6)

AED + bias 4.29
(2.6 / 18.3)

9.16
(5.9 / 37.5)

3.40
(2.6 / 10.4)

7.77
(6.0 / 23.0)

3.68
(2.8 / 10.9)

8.31
(6.5 / 24.3)

3.81
(2.9 / 11.4)

8.75
(6.9 / 25.3)

Transducer Baseline 4.30
(2.8 / 17.2)

8.90
(5.9 / 35.5)

4.30
(2.8 / 17.2)

8.90
(5.9 / 35.5)

4.30
(2.8 / 17.2)

8.90
(5.9 / 35.5)

4.30
(2.8 / 17.2)

8.90
(5.9 / 35.5)

Transducer + bias 4.38
(2.7 / 18.3)

9.12
(5.9 / 37.6)

3.66
(2.8 / 11.2)

7.63
(6.0 / 22.1)

3.78
(2.9 / 11.5)

7.99
(6.2 / 23.4)

3.88
(2.9 / 11.9)

8.28
(6.4 / 24.5)

MHA biasing layers, and a contextual phrase prediction net-
work. Similar to CTC/AED framework, both the audio encoder
and the label encoder are followed by MHA biasing layers to
integrate contextual information from hCE

i . Then the context-
aware audio embeddings cAE and the context-aware label em-
beddings cLE are fed into the joint network.

For CPP Network, We use the context embeddings cAE
t ob-

tained from the audio encoder as input to predict the contextual
phrases contained in the speech and compute the bias loss.

Finally, we combine the bias loss with the standard Trans-
ducer loss as the optimization objective:

L = λ1Lctc + (1− λ1)Ltransducer + λ1λ2LCPP , (7)

where λ1 and λ2 are the weight hyperparameters for the CTC
loss and the CPP loss.

3. Contextual Phrase Filtering
Inspired by [20], we apply a two-stage filtering algorithm, using
the posterior of the CTC to filter the contextual phrases. Differ-
ently, we simplified the structure of the Cascade Encoders, per-
forming contextual phrase filtering without altering the original
model structure.

Firstly, the calculation is performed using a biasing list that
contains only no-bias to obtain the CTC posterior without bias.
The audio embedding hE is retained. The decoding results from
the CTC during the first pass inference can serve as streaming
results.

The contextual phrases are then filtered in two stages using
the CTC posterior. The first stage calculates the posterior and
the phrase score confidence (PSC), ignoring the order of the
contextual phrases. It computes the sum of the maximum pos-
terior values of each token contained in the contextual phrases
within a sliding window and normalizes it with the sequence
length. This stage eliminates most of the contextual phrases
with low correlation with the audio, retaining only the remain-
ing ones for the second stage of filtering. In the second stage,
the sequence order confidence (SOC) is calculated by using
a dynamic programming algorithm to compute the maximum
posterior sum of tokens contained in contextual phrases within
the sliding window, considering token order.

After obtaining the filtered contextual phrases, subsequent
inference is performed with the previously retained audio em-
bedding cEt , resulting in a more accurate biased recognition re-
sult. The complexity of context phrase filtering is low for in-
ference. Compared to the original recognition process, only the
biasing layer, combiner, and CTC linear are repeated in the cal-
culation, and the increase in computation is relatively small.

4. Experiments
4.1. Data

A majority of our experiments were conducted on the Lib-
riSpeech corpus [21], which comprises 960 hours of English
audiobook readings. The model was trained on the complete
960 hours of training data to demonstrate its performance on
relatively low-resource tasks. The dev-clean and dev-other sets
were used for validation, while the test-clean and test-other sets
were used for evaluation. SpecAugment [22] was applied for
data augmentation.

During the training of contextualized models, we extract
three random phrases of word length between 1 to 3 from each
utterance and add them to the biasing list in the batch. Addi-
tionally, we incorporate a certain number of distractors into the
biasing list to maintain the list size at 60.

During testing, we utilized the biasing lists for the Lib-
riSpeech corpus provided in [16] as the contextual phrase lists.
As outlined in [16], the biasing lists were first formed for each
utterance by identifying words belonging to the full rare-word
list from the reference of each utterance, and adding a certain
number of distractor words.

To validate the model’s performance with larger amounts of
data, we also evaluate our method on GigaSpeech corpus [23]
and tested on Earnings21 dataset [24]. Earnings21 set consists
of earnings call transcripts from various publicly traded compa-
nies and provides a range of proprietary terms, including names
of companies, products, and executives.

4.2. Experimental Setups

The baseline CTC model consists of a 12-layer conformer with
256-dimensional input and 4 self-attention heads and the base-
line AED model uses 12 conformer layers for the encoder and
6 transformer layers for the decoder. The baseline Transducer
model uses a 12-layer conformer as the audio encoder and 2-
layer LSTM as the label encoder, referred to as C-T.

In the contextualized version, the context encoder consists
of a 1-layer BLSTM with a dimensionality of 256 and a linear
layer, while the biasing layer is an MHA layer with an embed-
ding size of 256 and 4 attention heads. The first linear layer in
the context prediction network maintains a 256-dimensional in-
put and output, followed by a tanh activation function, while the
second linear layer projects the input onto the vocabulary size
and shares parameters with the CTC linear.

In addition to the word error rate (WER), we also evaluated
the results using the biased word error rate (B-WER) and unbi-
ased word error rate (U-WER). U-WER is measured on words
that are NOT in the biasing list, while B-WER is measured on
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Table 2: Results of contextual phrase filtering on contextual
AED model with biasing list size N = 1000

Model without filter with filter
test-clean test-other test-clean test-other

CTC + bias 6.89
(6.0 / 14.7)

14.85
(12.9 / 32.6)

4.95
(3.72 / 15.3)

10.81
(8.3 / 32.7)

AED + bias 3.81
(2.9 / 11.4)

8.75
(6.9 / 25.3)

3.61
(2.6 / 12.1)

7.90
(5.9 / 25.8)

C-T + bias 3.88
(2.9 / 11.9)

8.28
(6.4 / 24.5)

3.76
(2.7 / 12.8)

7.96
(5.8 / 26.8)

Table 3: Comparison of proposed method and shallow fusion

Model test-clean test-other

AED baseline 4.29
(2.6 / 18.3)

9.16
(5.9 / 37.5)

+ SF 4.19
(2.7 / 16.8)

8.79
(6.0 / 33.1)

+ bias 3.88
(2.8 / 13.0)

8.47
(6.4 / 26.6)

++ SF 3.86
(2.9 / 12.4)

8.45
(6.5 / 25.5)

words that are IN the biasing list. For insertion errors, if the in-
serted phrase is in the biasing list, it is counted towards B-WER,
otherwise it is counted towards U-WER.

4.3. Contextual ASR Accuracy
In this section, we tested the contextual recognition models and
their non-contextual baseline on all these types of models. As
shown in Table 1, the results of experiments containing a non-
empty biasing list demonstrate a decrease in B-WER. The best
results were achieved when using a biasing list of 100, yielding
an average 40.5% relative improvement of B-WER compared to
the baseline. When the size of the biasing list increased to 1000,
B-WER still showed a noticeable decrease, but the reduction
was less significant, and U-WER was also impacted to some
degree. This suggests that the model is sensitive to the size of
the biasing list. We found that using more distractors during the
training process, or not sampling contextual phrases for some
utterances can reduce U-WER when using a large biasing list,
but will also decrease the improvement of B-WER.

4.4. Contextual Phrase Filtering Performance
As shown in Table 2, we tested the effect of contextual phrase
filtering on all these types of models with a biasing list of size
1000. After applying the filtering method, the impact of the bi-
asing list on U-WER was significantly reduced and largely re-
gressed to the level when an empty biasing list was used, while
B-WER showed only a slight increase compared to the results
without contextual phrase filtering.

4.5. Comparison with Shallow Fusion
In order to compare the proposed deep bias method and shal-
low fusion, we separately tested the effect of using each method
alone and using them together on the contextualized AED
model. To ensure fairness, we extracted the contextual phrases
in each utterance in the test set into a list, with a list size of
4250 for the test-clean set and 3838 for the test-other set. Two
methods use the same biasing list. When evaluating the results
of the shallow fusion, we used the shallow fusion method based
on OTF rescoring described in [25]. As shown in Table 3, the
shallow fusion method reduced the average U-WER by 6.9%
relative to the baseline and the proposed deep bias method re-
duced the average U-WER by 29.2%. Compared to shallow
fusion, the improvement in B-WER from deep bias was appar-

Table 4: Results of ablation study

Model N=100 N=1000
test-clean test-other test-clean test-other

AED + bias 3.40
(2.6 / 10.4)

7.77
(6.0 / 23.0)

3.81
(2.9 / 11.4)

8.75
(6.9 / 25.3)

- share 3.50
(2.7 / 10.2)

7.68
(6.2 / 21.0)

4.13
(3.3 / 11.3)

9.43
(7.7 / 24.4)

- loss 4.26
(2.6 / 18.0)

9.31
(5.9 / 39.0)

4.26
(2.6 / 18.0)

9.31
(5.9 / 39.0)

C-T + bias 3.66
(2.8 / 11.2)

7.63
(6.0 / 22.1)

3.88
(2.9 / 11.9)

8.28
(6.4 / 24.5)

- loss 4.05
(2.8 / 14.5)

8.65
(6.2 / 30.5)

4.24
(2.9 / 15.4)

8.99
(6.3 / 32.8)

Table 5: Results of contextualized AED model on Earnings21

Model WER Recall Precision F1

AED Baseline 14.96 58.66 91.52 71.50

AED + bias 15.12 79.11 80.67 79.88

ently greater, and the use of both methods together can further
reduce the B-WER, although the impact on U-WER will also
accumulate.

4.6. Ablation Study
Table 4 presents the results of ablation study. We tested the
performance of the contextualized AED model without sharing
the CTC linear parameters in the CPP Network and without the
addition of the bias loss. The results of not sharing the CTC
linear parameters showed better B-WER performance, but the
U-WER was more sensitive to the size of the biasing list. With-
out the bias loss, the contextualized AED model completely lost
its ability to perform bias recognition. When a larger biasing list
was used, there was a noticeable increase in the WER loss. In
the contextualized Transducer, when the bias loss is removed,
the resulting model is essentially CATT, which had the ability
to perform bias recognition, but the improvement in the B-WER
was not as significant as before.

4.7. Test on Earnings21
We trained a contextualized AED model on the GigaSpeech
dataset [23] and evaluated it on the Earnings21 dataset [24],
with results presented in Table 5. Similar to [24], we demon-
strate the WER and phrase-level recall, precision, and F1 scores
of two models on the Earnings21 dataset. When using the con-
textualized AED model and applying contextual phrase filter-
ing, the recall of contextual phrases is significantly improved,
resulting in a relative improvement of 33.2% compared to the
baseline. Although the precision was impacted to a certain ex-
tent, the overall F1 score still improves by 11.7% relative. Due
to the small proportion of biased phrases in the test set, contex-
tual biasing has a minimal impact on overall WER.

5. Conclusions
In this paper, we propose a deep biasing method based on the
contextual phrase prediction network. The context phrase pre-
diction network predicts context phrases contained in the ut-
terances and calculates CTC loss on the prediction results as
an auxiliary loss for the training of the contextualized model.
Compared with previous works, our approach achieves signif-
icant B-WER improvement on all CTC, AED, and Transducer
models. In addition, we apply a context phrase filtering method
to the final context-aware ASR model, which effectively re-
duces the U-WER loss when using a larger biasing list.
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