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Abstract
Contextual Automatic Speech Recognition (ASR) systems have
made significant advancements. However, contextual ASR
models face challenges when dealing with a large number of
bias words. This paper focuses on addressing the limitations of
contextual ASR models in handling a substantial number of bias
words. First, to guide the model to focus on the most important
words, we propose a novel network serving as a scorer for bias
word ranking and selection. Second, as an example, we explore
the use of the proposed scorer in conjunction with the contex-
tual Whisper model. We create a new bias word list using a
named-entity recognition (NER) model, which is closer to real-
world scenarios. The results on the LibriSpeech dataset with
the IS21 bias words list demonstrate that bias word ranking and
selection can significantly enhance the model’s performance in
recognizing bias words, achieving a relative reduction of over
40% in the Biased Word Error Rate.
Index Terms: automatic speech recognition, contextual bias-
ing, Whisper

1. Introduction
In recent years, end-to-end automatic speech recognition (ASR)
systems have seen significant advancements [1]. They generally
fall into three main categories: connectionist temporal classifi-
cation (CTC) models, attention-based encoder-decoder models,
and transducer-based models, each offering distinct advantages
that have driven their widespread adoption in modern ASR tasks
[2, 3]. Despite achieving strong benchmark performance, stan-
dard ASR systems still face challenges with rare words, proper
names, and other low-frequency terms. This issue arises from
the long-tail distribution of infrequent terms in the training data,
which results in inaccurate transcriptions.

In response to these challenges, contextual biasing tech-
niques, such as shallow fusion and deep fusion, have proven
effective in enhancing ASR performance by integrating contex-
tual information into the ASR process. Shallow fusion com-
bines a pre-trained Language Model (LM) with the acoustic
model during decoding [4, 5, 6, 7, 8, 9, 10, 11]. In contrast,
deep fusion [12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22] trains both
the acoustic model and LM jointly, enabling deeper interaction
between them during inference. Recent research efforts have
delved into integrating large-scale foundation models with con-
textual ASR techniques, such as [23, 24, 25, 26, 27, 28, 29, 30].
This integration aims to leverage the capabilities of these ad-
vanced models to enhance the performance of automatic speech
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recognition in contextual scenarios, potentially improving the
accuracy of recognizing rare words, domain-specific terms, and
handling various language nuances more effectively.

However, when confronted with a vast number of potential
bias words (e.g., over 1000), contextual ASR models often be-
come overwhelmed and struggle to manage such a large volume
efficiently. Specifically, models built upon large-scale foun-
dation models are extremely sensitive to the quantity of bias
words. This sensitivity can be attributed to limitations in the
contextual length and computational efficiency. The restricted
contextual length restricts the model’s ability to process and in-
corporate a large number of bias words, while computational
efficiency constraints impede the model’s capacity to handle
the exponentially increased complexity that comes with a large
number of bias words, ultimately affecting the overall perfor-
mance of the contextual ASR system.

In this work, in order to guide the model in focusing on
the most relevant bias words, we reduce the total number of
bias words through a carefully designed ranking and selection
process before incorporating them into the ASR system. We in-
troduce a novel scorer network to prioritize and select the most
relevant bias words. First, we use a text-to-speech (TTS) model
to convert bias words into corresponding bias audio, enabling
seamless integration with the speech audio. A pre-trained audio
encoder then extracts features from both the speech and bias
audios. Cross-attention mechanisms are employed to capture
cross-modal relationships, improving the model’s ability to as-
sociate bias words with the speech content. Next, a convolu-
tional neural network (CNN) extracts local patterns from these
features, followed by a global pooling layer to aggregate them
into global features. Finally, a softmax layer generates scores
for each bias word, with higher scores indicating a stronger like-
lihood that the word is a true bias word in the reference text.
Top-k selection reduces the number of bias words fed into the
model, thus significantly improving scalability by enabling the
model to focus on the most relevant words.

In experiments using the LibriSpeech dataset and the IS21
deep bias word list, ranking the bias words in ascending order
and selecting the top 50 resulted in a remarkable reduction of
over 40% in the Biased Word Error Rate (B-WER) compared
to using all bias words. Additionally, applying our method
to the TCPGen-based Whisper model and the NER bias word
list yielded relative B-WER reductions of over 10% and 30%,
respectively. These consistent improvements across different
models and bias word lists highlight the robustness and adapt-
ability of our approach. Our method not only demonstrates ef-
fective performance in various experimental settings but also
lays a solid foundation for future advancements in ASR systems
and practical applications.
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2. Methodology

Figure 1: Model architecture. We employ a network scorer to
rank and select from a large number of bias words. The ranked
and selected bias words are then fed into the contextual ASR
model. The speech audio is inputted into both the contextual
ASR model and the scorer, where it serves as a reference audio.

2.1. Prompt-based Contextual ASR

Contextual ASR models usually involve speech audio and bias
words as inputs for generating domain-specific recognition re-
sults. Currently, prompt has been a popular approach to inject
bias bias words, capitalizing on the language modeling capabil-
ities of the Whisper decoder or Large Language Model (LLM).
In this paper, we also adopt the prompt-based approach and ex-
tend it to cope with a wide range of bias word scales, as shown
in Figure 1.

We expored two primary methods for providing the prompt:
a naive approach and a spoken-style approach. In the naive ap-
proach, we simply concatenate the biasing words, separating
them with commas and spaces. Conversely, the spoken-style
prompt endeavors to arrange the words in a more conversational
style . In this study, as per the approach in [31], we use the
format “The topic of today’s speech is, ah, {prompt words1,
prompt words2, ...}. Okay, then I’ll continue.”

In real-world applications, the number of bias words can
easily scale up to over 1000, leading to a largely diluted bi-
asing effect and computational inefficiency in existing prompt-
based contextual ASR approaches. To tackle this challenge, we
propose leveraging an auxiliary scorer to dynamically rank and
select the most relevant bias words, effectively achieving high
ASR accuracy while reducing the computation overhead.

2.2. Scorer architecture

The proposed scorer takes as input a predefined list of bias
words and the speech audio for ASR, and performs an efficient
comparison between the speech and all bias word candidates
in the latent space. To map the bias words and speech audio
to the same laten space, we utilize a pre-trained TTS model,

which converts each bias word into a spoken audio. Leverag-
ing the unified representation of both speech and bias words in
the audio domain, we can then efficiently calculate the pairwise
similarity between the speech and bias word audios, which is
further used for bias word ranking and selection.

Specifically, a pre-trained audio encoder is utilized to ex-
tract features from both speech audio and bias audio sepa-
rately. Subsequently, a linear projection layer is employed for
dimensionality reduction, thus improving the overall efficiency
for similarity calculation. We then employ the cross-attention
mechanism to extract the cross-modal features between speech
audio and bias audio, as shown in Eqn 1. In the first step, we
use the speech audio features Fspeech as the query, and the bias
audio features Fbias as both the key and value in the cross-
attention mechanism. This focuses the model on the most rel-
evant bias words to the speech input. Similarly, we reverse the
roles in the second cross-attention step, where the Fbias serve
as the query, and the Fspeech are used as the key and value.
This dual cross-attention approach allows the model to learn
bidirectional relationships between the speech and bias words,
enhancing its ability to link bias words with the speech context.

Fspeech→bias = cross-att(Fspeech,Fbias,Fbias)

Fbias→speech = cross-att(Fbias,Fspeech,Fspeech)
(1)

We compute multiple cosine similarity matrices for mul-
tifaceted comparison between speech and bias word features.
The first similarity matrix measures the cosine similarity be-
tween the speech features and the bias word features, providing
a direct comparison of the two modalities. Additionally, we
compute similarity matrices for different combinations of fea-
tures: the cosine similarity between Fspeech and Fbias→speech,
the cosine similarity between Fspeech→bias and Fbias, and the
cosine similarity between Fspeech→bias and Fbias→speech, as
shown in Eqn 2. These matrices allow the system to capture
multiple aspects of the relationship between speech and bias
word audios.

S1 = sim(Fspeech,Fbias)

S2 = sim(Fspeech,Fbias→speech)

S3 = sim(Fspeech→bias,Fbias)

S4 = sim(Fspeech→bias,Fbias→speech)

S = stack(S1, S2, S3, S4)

(2)

These similarity matrices are then stacked and fed into a
series of CNN layers to extract a powerful feature representa-
tion that captures both local and global dependencies between
speech and bias words. Finally, to obtain the global features for
a final prediction, we use a global pool layer to merge all fea-
tures from the CNN layers into a set of global features. These
global features are then passed through a linear layer followed
by a softmax layer to compute the final scores for each bias
word relative to the entire speech input. The higher the score,
the more likely that the bias word corresponds to a true bias
word present in the reference text of the speech. This ranking
mechanism allows the system to determine the most relevant
bias word, providing a confidence score for whether a specific
term or entity is present in the speech. Finally, we utilize the
confidence scores to rank the bias words and select the top k
words with the highest scores.

To further refine the model and enhance its robustness, we
generate more challenging negative samples compared to those
randomly selected[32]. Specifically, we base this generation on

5184



the edit distance, choosing the bias word with the minimum
edit distance as the negative sample. The edit distance-based
approach creates negative samples that are more difficult for
the model to distinguish from the true bias words, forcing the
model to learn better feature representations and thus improv-
ing its overall performance.

3. Experimental Setups
3.1. Datasets

We use the LibriSpeech [33] dataset, a widely used benchmark
for ASR, to validate our proposed approach. It consists of ap-
proximately 1,000 hours of English speech from audiobooks,
divided into clean and noisy subsets for both training and eval-
uation. In this work, due to the relatively small size of the net-
work, we use train-clean-100 as the training dataset, dev-clean
for validation, and test-clean and test-other for testing.

3.2. Biasing list

3.2.1. IS21 deep bias words list

We first follow the IS21 deep bias word list approach[34], where
the entire vocabulary is initially defined by the word frequency
distribution. Specifically, it removes the 5,000 most common
words. The remaining words, regarded as rare, are used to com-
pile the biasing list. In total, there are 209,291 rare words. Ad-
ditionally, it introduces distractors by randomly sampling from
the set of rare words in the training vocabulary, with different
numbers of distractors N = {100, 500, 1000, 2000} used for
each test utterance.

3.2.2. NER bias words list

As a second alternative, we use an NER model2, to generate the
complete word set for LibriSpeech. This approach is closer to
real-world scenarios, where biasing lists for ASR systems often
include contact names, phone numbers, personal names, and
location names.

We split the words in the LibriSpeech text by spaces and
apply the NER model to filter them one by one. After the com-
pletion of the filtering process, we successfully obtain a com-
prehensive bias words list consisting of 4365 words.

3.3. Training configurations

In our approach, we utilize edge-tts3 as the TTS model and
Whisper-turbo4 as the ASR model. We employ a linear layer
to project the 1280-dimensional features extracted from the
Whisper-large-v3 model down to 368 dimensions. For the
cross-attention mechanism, we utilize an 8-head configuration
with a dropout rate of 0.1 during the training phase. The CNN
consists of four layers. The output channels of these layers are
set to 32, 64, 128, and 256 respectively, with a uniform kernel
size of 3 for all layers. We apply an adaptive average pooling
layer to aggregate the features into a single 256-dimensional
vector.

During the training process, we adopt different learning
rates for different bias words list. For the is12 deep bias words
list, we set the learning rate to 0.00005. Given that the number

2https://huggingface.co/FacebookAI/
xlm-roberta-large-finetuned-conll03-english

3https://github.com/rany2/edge-tts
4https://huggingface.co/openai/

whisper-large-v3-turbo

of bias words in the NER bias words list in training is relatively
small, we use a larger learning rate of 0.0001. Regarding the
selection of negative words, 40% of the negative samples are
chosen based on the edit distance, while the remaining 60% are
randomly selected. This mixed-rate approach enriches the train-
ing data and improves the model’s robustness.

3.4. Evaluation metrics

We adopted two distinct metrics for evaluation, following [34].
First is the overall word error rate (WER), which gauges the
word error rate across all words. Second is the B-WER, a biased
metric that calculates the word error rate for words within the
biasing list. The aim of contextualization is to boost the B-WER
without notably increasing the WER.

4. Experimental Results
4.1. Results for Whisper with IS21 deep bias words list

4.1.1. Overall Evaluation

The WER and B-WER results for the LibriSpeech dataset, using
the IS21 deep bias word list as prompts with the Whisper-turbo
model, are summarized in Table 1. When the raw IS21 bias list
(size N = 100) is used, the Whisper model achieves a rela-
tive reduction of approximately 25% in B-WER compared to
the baseline model without prompts. However, when the bias
list size increases to N ≥ 500, the reduction in B-WER be-
comes negligible. In contrast, by selecting the top k = 50
bias words with the highest scores using our proposed scorer
network, we observe a significant 40% relative reduction in B-
WER. Notably, even with a smaller bias word list (N = 100),
the reduction in B-WER remains above 30%.

4.1.2. Ablation studies on Prompt-based Biasing

To further validate the effectiveness of the proposed approach,
we conducted experiments using different styles of prompts, as
described in Section 2.1. The results, presented in Table 2, show
that when only the true bias words are included, the B-WER
achieves its optimal value. However, this improvement comes
at the cost of a deterioration in WER, due to the hallucination
phenomenon. When the number of bias words is too large, the
additional content introduced by the spoken-style prompt dis-
tracts the model’s attention from the true bias words, leading to
increased errors in the transcriptions.

We also investigated the effect of word order on contex-
tual ASR performance. For the IS21 deep bias word list, in the
random order configuration, true bias words are randomly inter-
spersed with distractors. We also tested two additional ordered
arrangements. In the ascending score order, bias words with
higher probabilities are placed at the end of the list, while in the
descending score order, words with higher likelihoods are po-
sitioned at the beginning. All scores were generated using our
proposed scorer network. As shown in Table 3, when prompts
are directly input to the Whisper model, the model performs
best when the true bias words are placed at the end of the list,
i.e., following the ascending order.

4.2. Generalization of our method

To test the generalization of our method, we apply it to different
contextual ASR models and different bias word lists.

Generalization to different contextual ASR systems: To
assess the generalization of our approach to other contextual
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Table 1: WER (%) and B-WER (%) results for the Whisper model with prompts using the IS21 deep bias words list with the best in bold
and the second underlined. The baseline is the Whisper-turbo model without any bias prompt. All the results are obtained using the
naive prompt described in Section 2.1. When the proposed scorer network is used, we rank the key words in ascending order and select
the top k = 50 key words with the highest scores; otherwise, we directly use the entire IS21 deep bias words list. The reported metrics
follow the format: test-clean / test-other.

N=100 N=500 N=1000 N=2000
Method WER B-WER WER B-WER WER B-WER WER B-WER

DB-RNNT [34] 2.8 / 8.1 7.4 / 17.7 2.9 / 8.3 8.1 / 19.1 3.0 / 8.5 8.5 / 20.5 3.0 / 8.8 8.9 / 21.8
DB-RNNT+NNLM [34] 2.0 / 5.9 5.7 / 14.1 2.1 / 6.1 6.2 / 15.1 2.1 / 6.4 6.7 / 17.2 2.3 / 6.6 7.3 / 18.9
BPB [35] 2.8 / 5.6 6.0 / 12.0 3.2 / 6.3 7.0 / 13.5 3.5 / 7.3 7.7 / 15.8 - -

Whisper-turbo [36] 3.2 / 5.3 10.4 / 19.7 3.2 / 5.3 10.4 / 19.7 3.2 / 5.3 10.4 / 19.7 3.2 / 5.3 10.4 / 19.7
+ prompt 2.7 / 4.8 7.8 / 15.2 2.9 / 5.2 9.5 / 19.1 2.9 / 5.2 10.0 / 19.3 2.9 / 5.2 9.8 / 19.5
+ + proposed 2.3 / 4.2 5.4 / 10.0 2.4 / 4.3 5.4 / 10.7 2.4 / 4.4 5.6 / 11.3 2.5 / 4.5 5.8 / 11.7
+ TCPGen [37] 3.8 / 6.5 11.0 / 19.3 3.6 / 6.6 10.8 / 19.7 3.9 / 6.9 11.4 / 20.4 4.2 / 7.0 12.0 / 21.1
+ + proposed 3.9 / 6.2 9.5 / 16.8 3.8 / 6.2 9.5 / 17.0 3.8 / 6.5 9.8 / 17.2 4.0 / 6.4 10.2 / 18.2

Table 2: The influence of different prompt types, with the best re-
sult in bold and the second best underlined. The baseline is the
Whisper-turbo without bias prompts, and the ”no distractor”
scenario uses only the bias words in the reference text. Other
configurations use the IS21 deep bias list with N = 100.

prompt type WER B-WER
test-clean / test-other test-clean / test-other

baseline 3.23 / 5.33 10.38 / 19.72
no distractor 4.93 / 7.64 5.59 / 10.02

naive 2.67 / 4.78 7.78 / 15.21
spoken 2.91 / 4.95 8.30 / 15.50

Table 3: Table showing the impact of bias word order on model
performance, with the best WER and B-WER in bold. All bias
word lists are based on the IS21 list, with each sentence having
N = 100 bias words.

order WER B-WER
test-clean / test-other test-clean / test-other

random 2.67 / 4.78 7.78 / 15.21
ascending 2.37 / 4.14 5.73 / 10.15
descending 2.97 / 5.19 10.03 / 19.44

ASR methods, we also conducted experiments by feeding the
biasing words into the TCPGen-based Biasing Whisper [37] as
shown in Table 1. TCPGen is a tree-constrained pointer genera-
tor model that provides features to Whisper. Compared with the
prompt-based method, TCPGen offers greater robustness when
handling a large number of biasing words. However, despite its
robustness, as the number of biasing words increases, the per-
formance still experiences a relative decline of about 10%. By
using the scorer proposed in our study for ranking and selec-
tion, the performance can be relatively improved by about 13%
even when there are a large number of biasing words, reaching
a level comparable to that when there are fewer biasing words.

However, it is still important to note that the word order re-
mains a significant factor for TCPGen. In the study by [37],
distractors are directly appended to the end of the bias list,
which represents the ground-truth order. After employing the
proposed scorer network for ranking and selection in the de-

scending order, the system performance can approach that of
the ground-truth order.

Generalization of Different bias list: To better approxi-
mate real-world scenarios, we also examine the results using
4365 named-entity words filtered by the NER model from the
LibriSpeech-clean-100 dataset. The results are presented in Ta-
ble 4. For the Whisper-turbo model with prompts, selecting the
top k = 50 words results in a significant relative reduction of
B-WER (30%).

Table 4: Results for the Whisper model with prompt using NER
bias words list of LibriSpeech with the best in bold. We use
scorer network to rank and select top k = {10, 50, 100, 200}
words with the highest score from the all 4365 NER words list.

top k
WER B-WER

test-clean / test-other test-clean / test-other

0 (baseline) 3.23 / 5.33 16.70 / 25.15
10 2.93 / 5.23 13.51 / 19.46
50 2.78 / 5.16 11.51 / 17.74
100 2.86 / 5.17 12.92 / 18.64
200 2.85 / 5.13 12.92 / 18.64

5. Conclusion
In this work, we try to addresses the challenge of contextual
ASR models in handling numerous bias words. The proposed
scorer network for bias word ranking and selection proves ef-
fective, achieving over 40% relative reduction in B-WER on
the LibriSpeech dataset with the IS21 bias word list. It also
shows good generalization across different models and differ-
ent bias word lists. Insights into prompt types and word orders
are provided, and this research paves the way for future progress
in ASR systems, enabling better handling of rare and domain-
specific words in real-world applications.
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