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Abstract

Recently, Automatic Speech Recognition (ASR) that sup-
ports prompts has shown remarkable versatility. For contex-
tual biasing with these systems, a pivotal factor lies in ob-
taining well-matched prompts. To address this issue, Con-
trastive Language-Audio Pre-training is exploited to retrieve
matched entities from a user-specified list. Instead of only con-
fining contrastive learning to the sentence level, we propose the
Global-Local Contrastive Language-Audio Pre-trained model
(GLCLAP). On the global scale, semantic information is ex-
tracted from audio and text, enabling a holistic understanding
of the input. On the local scale, detailed local word information
of individual segments is focused. This multi-scale information
has led to a remarkable improvement in bias word retrieval ac-
curacy. By using the GLCLAP bias word retrieval system as the
prompts generation component, the accuracy of the final ASR
decoding result is significantly improved without finetuning.
Index Terms: Speech Recognition, Contrastive Learning, Con-
textual biasing

1. Introduction

In recent years, with the help of large-scale datasets, speech
recognition models such as Whisper have manifested significant
capabilities. Beyond high recognition accuracy, they also sup-
port multiple languages and prompt functionality [1, 2]. Dur-
ing the evolution of ASR, the demand for personalized recog-
nition has become particularly pressing. Usually, personalized
speech recognition is specifically known as contextual biasing,
which entails integrating contextual knowledge into the ASR
system [3, 4, 5, 6, 7, 8, 9] to improve recognition accuracy for
domain-specific vocabulary. This approach can quickly and ef-
fectively enhance recognition performance and meet the needs
of specific scenarios.

In traditional contextual biasing ASR solutions, two pri-
mary paradigms exist. The first one relies on pronunciation dic-
tionaries, such as the Weighted Finite-State Transducer(WFST)
based methods [10, 11, 12, 13]. These systems leverage the
pre-defined pronunciation information to improve the accuracy
of recognizing specific terms.

The second one involves directly incorporating the bias-
ing mechanism into the architecture of the ASR model. This
is achieved by jointly training the biasing mechanism with the
ASR model [14], such as SeAco-Paraformer [15] and Contex-
tual Phrase Prediction Network [16].

Neither of these two systems is conducive to handling bi-
asing words in the context of contemporary prompt supported
ASR scenarios. For WFEST-based system, it is difficult to obtain
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pronunciation dictionaries for minority languages or dialects.
While, end-to-end contextual biasing typically requires modifi-
cations to the ASR model and joint training process, which is
not flexible for updating and iterating within the prompt sup-
ported model paradigm. It is cumbersome since training large
models demands substantial time and computational resources.

The integration of the prompt mechanism in large lan-
guage models (LLMs) with Retrieval-Augmented Generation
(RAG) [17] offers great hints. RAG obtains the desired out-
put by optimizing the prompts without modifying the network
structure of the LLM or conducting finetuning. Inspired by this
paradigm, biasing prompts generation can be decoupled as an
independent module from the recognition process. In this way,
the model does not need to rely on pronunciation dictionaries,
nor does it need to depend on ASR model during training. This
approach aligns seamlessly with the current large-model frame-
work, leveraging the RAG approach for large-scale contextual
biasing enhancement.

Contrastive Language-Audio Pre-training (CLAP) [18] is
a multimodal pre-trained model based on contrastive learning,
designed to learn the joint representation of audio and language
through pre-training on an extensive corpus of audio-text pair
data. It is capable of extracting embeddings that contain seman-
tic information from both text and audio, laying the foundation
for the subsequent calculation of the similarity between audio
and text. By obtaining the most matched audio-text pairs, meth-
ods can be used to provide bias prompts for subsequent ASR
systems. However, CLAP emphasizes the complete matching
of the entire audio and text sentences, while biasing words of-
ten only correspond to a segment within the audio. Aiming
at this issue, we propose Global-Local Contrastive Language-
Audio pre-trained model (GLCLAP), which models both global
and local information simultaneously, thus augmenting CLAP’s
applicability to the biasing prompts generation task. Our key
contributions are as follows:

¢ Using audio-language pre-training for user-defined biasing
prompt generation.

* Proposing the Global-Local Contrastive Language-Audio
pre-trained model (GLCLAP). It extracts audio information
at different scales, which can significantly boost the biasing
prompt accuracy within the sentences.

 Integrating a GLCLAP based biasing prompt generation
component into the ASR model. This corrects decoding re-
sults without finetuning.

2. Proposed Method
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Figure 1: The architecture of the baseline CLAP model.

2.1. Local Subtext Extraction for CLAP

Our main objective is to align the audio embeddings with the
embeddings generated from the user-defined biasing list. By
calculating the similarity between these embeddings, we can
identify the bias that provides the best match. As shown in
figure 1, the original CLAP model is designed to capture the
semantic information of entire audio and text inputs. How-
ever, it is not fully compatible with biasing word retrieval tasks,
because biasing word is often a part of the whole sentence.
To overcome this limitation, we modify the training process.
Specifically, we randomly extract sub-text from the original text
annotations. This approach helps to enhance the model’s repre-
sentation ability for short contexts within the sentences.

For instance, if the original text transcription is “Have you
ever heard Taylor Swift’s songs”, a randomly selected subtext
could be "Taylor Swift”. In this way, the model can better learn
to handle and retrieve short biasing words during the training
process.

2.2. GLCLAP

To enhance the representations from both local and global per-
spectives, we design the training architecture of the Global-
Local Contrastive learning model for the data prepared in Sec-
tion 2.1, as shown in figure 2.

For the processing of text, besides the original process-
ing approach (referred to as a global branch), we have added
a local branch to process the subtext. Let f:(.) represent the
text encoder. The local and global branches share the same
weights and are followed by an average pooling layer p(.) to
reduce the word dimension. The global branch captures em-
beddings E! from the complete texts X* € RE*Y | while the
local branch focuses on extracting embeddings F,’ for subtexts

’ ’

X' € RBXN  where N represents the number of text tokens
’

N < N.

Et

= p(fe(X"))
EY =p

(fe(X*))

Both branches produce embeddings E?, E* of size [B, D],
where B denotes the batch size and D represents the embedding
dimension.

Similarly, in the audio branch, fa(.) represents the audio
encoder with audio mel spectrogram as input X¢ € REXT*F
where I are the number of Mel bins and T are the number of
frames.

When dealing with the audio branch, we perform con-
trastive learning both before and after average pooling. The
reason is to reduce local temporal information loss. The local
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audio embedding E* has a size of [B,T//4, D], where T/ /4
indicates that the audio encoder has performed a 4 times down-
sampling. While the global audio embeddings £ has a size
of [B, D], obtained by applying average pooling over the time
dimension T on the local audio embedding. The formulas are:

Ea’ _ fa(Xa) (2)
E® = p(E*)

Finally, we compute the contrastive loss for both local and
global representations of text and audio separately. The global
contrastive loss £, between the audio and text embeddings:

L, =UE"ET)+1(E*-E'T) 3)

And the local max-pooling contrastive loss £; is :
£y = U(max(E' CEYTY) + l(mtax(E“' CE'T))@)

where max; denotes to get the maximum value taken along
the time dimension. I(.) = & > log(diag(softmaz(.))),
where diag means taking the diagonal elements of the matrix
after applying the softmax function. This function is used to
measure the similarity between the predicted and target distri-
butions. For training LCLAP, only the £; loss is used. The total
loss for training GLCLAP is:

L=Ly+L )

2.3. GLCLAP for Contextual Biasing ASR

The GLCLAP model is capable of retrieving the best match-
ing biasing words as the prompts to help ASR model accurately
recognize rare words that are frequently misidentified. As de-
picted in Figure 3, the user-defined biasing list X}, X5... X%
(K 1is the size of the list) feed into the text encoder to generate
the associated text embeddings E¢._j with a shape of [K, C].
For each audio input X', it is sent to the audio branch without
average pooling. In this way, a temporal embedding sequence
containing local information can be obtained, marked as Ef/,
with a shape of [T, D]. Subsequently, a similarity matrix is
constructed by calculating the similarity between the audio and
text embeddings:
Sim = E{ - E}" (©)
The similarity matrix has a shape of [K, T'|. Then, we per-
form max-pooling in the temporal domain to obtain a vector of
shape [K], which corresponds to the similarity between each
text embedding and audio embedding. Ultimately, if there are
words whose similarity scores exceed the preset threshold, they
will be selected as part of the prompt. These selected words,
together with the original audio, are fed into the ASR model
to obtain the final recognition results. Our GLCLAP-based re-
trieval process provides the ASR model with well-matched bi-
asing words, and enhances the overall performance of the ASR
system in handling rare and misidentified words.

3. Experiments
3.1. Dataset

Training Datasets To train the GLCLAP model, we utilize
four datasets comprising two Chinese and two English datasets.
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Figure 2: The proposed GLCLAP model.
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Figure 3: The proposed GLCLAP based context biasing ASR.

Specifically, the Chinese datasets included WenetSpeech [19]
and Aishell [20], while the English datasets consisted of Gi-
gaspeech [21] and Librispeech [22].

Test Datasets We utilized the four datasets to evaluate the per-
formance of our contextual biasing ASR system. Specifically,
the following test sets were used:

¢ Aishell-1 test NT [15]: This subset contains approximately
808 examples, which are typically used to assess the perfor-
mance of Chinese named entity retrieval.

* PhoneCall Dataset: A private chinese dataset containing
queries designed to simulate real-world phone call scenarios
is used, with each query including a person’s name to eval-
uate the effectiveness of personalized speech recognition in
user authentication.

e STOP1: This dataset is extracted from the STOP [23] test
and evaluation datasets. It is filtered to include queries that
contain person name information.

o STOP2!: Similar to the STOP] dataset, this one is filtered to
include queries that contain location information.

3.2. Experimental Details

Hyperparameters The training process involves tuning several
hyperparameters to achieve optimal performance. The learning

IThe STOP1 and STOP2 datasets are available at: https://
github.com/GLCLAP/GLCLAP-stopl-stop2-dataset
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rate is set to Se-4, and the batch size is set to 64. The model is
trained for 100 epochs, with early stopping activated to prevent
overfitting.

Evaluation Metrics For the named entity retrieval, we utilize
Top-1 recall and F1 score to assess the hit rate of biasing words.
To evaluate the overall improvement of the ASR system, the
word error rate (WER) is used as the primary metric.

3.3. Models

The model architecture consists of multiple layers designed to
capture both local and global information from the speech and
text data. The CLAP and GLCLAP models in the experiment
are initialized with the same audio and text encoders:

Audio Encoder We utilize the same structure and pre-
training method as Data2Vec2.0-large [24]. Specifically, the
Data2VecAudioModel is employed, which is a transformer-
based architecture designed for self-supervised learning of
speech representations. It is pre-trained with a private dataset,
including both English and Chinese data.

Text Encoder The text encoder is initialized with
bert-base-multilingual-uncased 2 It consists
of 12 layers of transformer layers, which enables the model to
capture contextual information effectively [25].

Zhttps://huggingface.co/bert-base-multilingual-uncased



3.4. Results

Biasing Word Retrieval Evaluation We assess the top-1 re-
call of the proposed methods on the PhoneCall, STOP1, and
STOP2 datasets. The evaluation results are presented in Table 1.
The top-1 recall of the base ASR is calculated by matching
the biasing list with ASR recognition results. The ASR model
is based on the Conformer architecture [26] and has approx-
imately 130M parameters. It is trained on the WenetSpeech,
Gigaspeech, Librispeech, Aishell datasets, as well as the 20kh
private dataset. Notably, the performance of the base CLAP
is comparable to that of the base ASR, and neither of them per-
forms satisfactorily. Significantly, we observe that both the Sub-
Text and Global-Local components achieve substantially higher
recall values compared to the base model across data of dif-
ferent entity types and with different language. Specifically,
the SubText CLAP outperforms the base CLAP by 24.83%,
16.59%, and 30.14%, respectively. The LCLAP shows the most
significant improvement, with an increase of 40.85%, 23.29%,
36.23% on various test sets. Meanwhile, incorporating the
Global components further boosts the recall to 97.35%, 88.01%,
and 88.81%. Additionally, as shown in Table 2, we compared
the F1 scores of LCLAP and GLCLAP with SeACo-Paraformer
on the Aishell-1 test NT dataset. LCLAP achieved comparable
results, while GLCLAP improved the F1 score by 0.96%.

Table 1: Comparison of the proposed biasing word retrieval
methods.

top-1recall (%) PhoneCall STOP1 STOP2
Base ASR 46.52 39.87 37.0
Base CLAP 30.02 45.44 19.4
+ Subtext 54.85 62.03 49.54
+ LCLAP 95.70 85.32 85.77
+ GLCLAP 97.35 88.01 88.81
Table 2: Comparison of LCLAP, GLCLAP, and SeACo-
Paraformer.
F1 score (%) SeACo-Paraformer LCLAP GLCLAP

test Aishell-1 NT 96 96 96.96

Multi-Modal Alignment Evaluation To further analyze the re-
lationship between text and audio embeddings, a cosine similar-
ity matrix is calculated from different scales between the two
modalities. As shown in Figure 4, the matrix shows higher
similarity at the positions where the temporal audio features
and the text features correspond. Furthermore, we compared
the similarity matrices at different textual granularities such as
word and phrase levels. Accurate alignment of the text-audio
was achieved at both granularities. It allows the model to better
match audio segments with their corresponding named entities.
Contextual biasing ASR evaluation Finally, the results of the
ASR evaluation are summarized in table 3. Compared to the
original whisper small model, the application of GLCLAP-
based contextual biasing achieves an 16.08% 0.91% 3.31%
absolute WER reductions on the PhoneCall, STOP1, STOP2
datasets. These improvements are comparable to the results
obtained by providing the Whisper model with ideal contex-
tual biasing words. The relative WER reductions indicate that
the integration of GLCLAP biasing words retrieval significantly
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Figure 4: Text-audio similarity matrix at different scales. The
similarity values that are 0.5 less than the top-1 similarity value
are masked out.

Table 3: Comparison of the contextual biasing ASR systems.

WER(%)  PhoneCall STOP1 STOP2
Whisper Small 19.96 751  11.21
+ideal 3.48 6.21 7.63
+Base CLAP 19.14 7.23 9.93
+Subtext CLAP 10.82 7.01 9.53
+LCLAP 3.96 6.6 8.04
+GLCLAP 3.88 6.6 7.90

enhances the ASR system’s ability to recognize rare words and
named entities.

4. Conclusion

In this paper, experiments are conducted to investigate a
new contrastive learning pre-trained model for contextual bi-
asing ASR. Compared with traditional methods, contrastive
language-audio pre-training is considered to recognize user-
defined named entities. Rather than calculating the audio-
text similarity at the sentence level, a Global-Local Contrastive
Language-Audio pre-trained model is proposed to extract audio
semantic information from different scales, which has shown a
significant improvement in retrieval accuracy. Additionally, in-
tegration of the GLCLAP model into the ASR system provides
a dynamic and effective way to enhance recognition accuracy
without modifying the original model parameters. The results
show that the GLCLAP model is a valuable addition to the ASR
system, providing significant improvements in both named en-
tity retrieval and overall ASR performance.
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