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Abstract
While speech large language models (SpeechLLMs) have ad-
vanced standard automatic speech recognition (ASR), contex-
tual biasing for named entities and rare words remains challeng-
ing, especially at scale. To address this, we propose BR-ASR: a
Bias Retrieval framework for large-scale contextual biasing (up
to 200k entries) via two innovations: (1) speech-and-bias con-
trastive learning to retrieve semantically relevant candidates; (2)
dynamic curriculum learning that mitigates homophone confu-
sion which negatively impacts the final performance. The is
a general framework that allows seamless integration of the
retrieved candidates into diverse ASR systems without fine-
tuning. Experiments on LibriSpeech test-clean/-other achieve
state-of-the-art (SOTA) biased word error rates (B-WER) of
2.8%/7.1% with 2000 bias words, delivering 45% relative im-
provement over prior methods. BR-ASR also demonstrates high
scalability: when expanding the bias list to 200k where tra-
ditional methods generally fail, it induces only 0.3 / 2.9% ab-
solute WER / B-WER degradation with a 99.99% pruning rate
and only 20ms latency per query on test-other.
Index Terms: contextual bias, speech retrieval, contrastive
learning, speech large language model, speech recognition

1. Introduction
The integration of speech processing into large language mod-
els (SpeechLLMs) has advanced speech tasks like automatic
speech recognition (ASR), achieving state-of-the-art perfor-
mance in general domains [1], making them more applicable
in real-world scenarios such as voice assistants. However, chal-
lenges arise in accurately recognizing and understanding bias
words (also known as hotwords), which are rare terms such as
names, locations, or uncommon slang [2, 3, 4, 5]. To address
this issue, many contextual biasing ASR systems are developed
to improve the bias word recognition accuracy without dropping
the overall ASR performance [6, 3, 7].

A straightforward approach is to post-process ASR hy-
potheses with bias words by leveraging text-only LLMs’ lin-
guistic reasoning ability [8, 9]. However, these text-only
approaches inherently lack speech modality awareness (e.g.,
accent, prosody), resulting in suboptimal performance com-
pared to speech-grounded methods [10]. This limitation has
driven recent efforts to develop prompt-based contextual bi-
asing through multimodal SpeechLLMs [11, 10, 6, 12, 13,
14], where acoustic-textual alignment enhances robustness and
recognition accuracy. In these methods, the prompt typically
comprises a bias word list or domain-specific instructions.
However, three critical limitations persist: (1) Excessive prompt
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length induces LLM hallucinations, leading to unrealiable ASR
outputs; (2) Increased computational complexity from lengthy
prompts degrades inference efficiency. (3) Bias list is limited to
dozens of entries, severely limiting the scalability.

To scale contextual biasing in ASR, recent approaches
adopt retrieval-augmented generation (RAG) paradigms from
LLMs [15] integrating external knowledge database. RAG
Methods like [16, 17, 18] use LLMs for ASR hypotheses post-
processing. However, two more challenges in scalability and
efficiency exist: (1) Domain-specific knowledge bases lack fine-
graind alignment with exact bias words, limiting the bias recog-
nition accuracy. (2) Retrieval mechanisms rely on rough cross-
modal similarity withou deep speech-text modality alignment.

Current fine-grained biasing methods exploit localized
acoustic or semantic patterns. Phoneme-RAG [19] employs
multi-stage pipelines, where entities are detected at the first
stage and then retrieved from the whole database and fed to
the LLM. CTC-filter [7] utilizes CTC N-best hypotheses to fil-
ter relevant bias words. However, Phoneme-RAG’s two-stage
inference incurs significant latency with limited performance
improvement. CTC-filter suffers from irreversible errors when
correct candidates are absent from CTC N-best hypotheses.
While achieving better accuracy, both methods scale poorly be-
yond 10k entries and lack dynamic database integration, funda-
mentally limiting their industrial applicability.

Recent attention-based advancements focus on frame-level
features, and extend the bias number to 40k–100k entries
through Dual-NAM [20], and VQ-RAG [21]. However, the per-
formance still degrades linearly beyond 10k entries with exces-
sive computational overhead. This underscores the unresolved
trade-off between bias list size, accuracy, and inference speed
in large-scale contextual biasing ASR.

To bridge these gaps, we propose BR-ASR: an efficient
and scalable Bias Retrieval framework that fundamentally miti-
gates scalability bottlenecks for contextual ASR. Our approach
begins with a contrastive learning mechanism that optimizes
speech-bias matching via two different bias encoding strategies,
enabling effective retrieval between speech inputs and large-
scale bias entries. Besides, speech encoding and bias encod-
ing procedures are inherited from SpeechLLMs, simplifying
the training procedure. Building on this foundation, we de-
sign a dynamic curriculum scheduler that automatically mod-
ulates hard negative sampling ratios during training, specif-
ically homophone confusion, a critical bottleneck in large-
vocabulary biasing. The proposed BR-ASR framework is eval-
uated on the LibriSpeech benchmark with Rare5k [22]. The
proposed framework achieves 93% / 91% retrieval accuracy on
test-clean / -other subsets and delivers state-of-the-art B-WER
of 2.8% / 7.1% over all previous methods. As the number of
bias words scales up to 200k, it preserves a stable performance
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Figure 1: The proposed Bias Retrieval Framework with training (1) and decoding (2) procedures for Contextual SpeechLLM.

with only 0.3% / 2.9% absolute WER / B-WER degradation on
the test-other subset, resolving the long-tail coverage issues.
With the help of FAISS [23], the retrieval latency is only 20ms
when querying 200k entries on GPU. Crucially, our framework
demonstrates strong generalization: when integrated with third-
party ASR systems, it consistently improves rare-word recogni-
tion without architectural modifications.

2. Methodology
2.1. Revisiting Contextual Biasing in SpeechLLM-based
ASR Systems

The contextual ASR (C-ASR) can be formally defined through
three core components: (1) the input audio spectrogram X ∈
RM×T , where M denotes mel-frequency bins and T temporal
frames, (2) a predefined bias list B = {b1, b2, . . . , bN} contain-
ing N domain-specific terms or rare entities (where the oracle
bias words is defined as Bsentence, s.t. |Bsentence| ≤ N ), and (3)
the target transcription y. The objective is modeled as an au-
toregressive conditional probability:

P (yi+1|X,y1:i,B) = C-ASR(ϕ(X),y1:i, ψ(B)), (1)

where SpeechLLM implementations involve two critical pro-
cesses: (1) Speech encoding ϕ(·): Audio inputs are encoded
through ϕ(·) into latent representations H, which serve as
speech latent features for the SpeechLLM. (2) Bias integration:
The bias list B is incorporated via ψ(·), implemented either as
textual prompts (e.g., “Related bias words are b1, b2, · · · ”. [10,
24, 6] or through dedicated bias encoders [25, 26].

2.2. Bias Retrieval Framework
2.2.1. Contrastive Learning for Speech-and-Bias Alignment

Direct similarity computation between textual bias words and
raw speech signals proves ineffective due to modality discrep-
ancies and granularity mismatches. To address this, we redesign
contrastive language-audio pretraining (CLAP) [27] for speech-
and-bias alignment, as illustrated in Fig. 1 (1).

Our modified training procedure introduces two encoding
network, speech encoding network Es, and bias encoding net-
work Eb, the pre-training procedure can be formulated as:

X̂ = Pool · Es(X), b̂ = Eb(b), (2)

L = 0.5 ∗ (la(S) + lb(S)),where S = τ(X̂ · b̂⊺), (3)

where X̂ ∈ Rd, b̂ ∈ Rd are encoded speech/bias features of
dimension d, and Pool(·) is a special network to make speech
features the same length as the bias features. For the objective
loss, S is the dot-product similarity score, τ is a learnable tem-

perature and lk is the sum of logits along text and audio axes
respectively. Following CLAP [27], let Nneg be the number of
negative samples during training, we randomly selectNneg bias
words from the bias database Btotal \ Bsentence, where Bsentence is
the oracle bias list for each sentence.

2.2.2. Frozen Encoding Priors

To prevent catastrophic forgetting and ensure feature consis-
tency, we fully freeze speech/bias encoding network Es, Eb

shown in Fig. 1 (1).
Frozen Encoding Priors: As a well-trained speech encoder is
available in SpeechLLMs, we reuse the speech encoderEs(·) =
ϕ(·), and thereby the dimension mismatch between speech
latent and bias latent can be simplified into two parameter-
efficient ways for different bias encoding network:

• AcousticBias: The bias word is firstly synthesized to au-
dio, then the same encoding network is applied as Eb(b) =
Es(TTS(b)). This approach simplifies cross-modal align-
ment by projecting both speech inputs and bias terms into
the same acoustic space.

• TextualBias: We also directly employ the same LLM back-
end to extract textual bias features, i.e. Eb(b) = LLM(b).
This preserves linguistic semantics while maintaining model
interoperability. For this setup, Es(·) = Projection ·
Speech-Encoder(·).

Pooling Strategies for speech representation To address
length mismatch between speech latent features and bias latent
features, we implement three strategies to pool the frame-level
speech features H from D × T ′ to the pooled feature X̂:

• Adaptive Average Pooling: The same pooling as CLAP [27].
• Attention Pooling: Let d be the dimension of attention calcu-

lations, the output is X̂ = Linear ·
∑

T ′(Attention(H)).

2.2.3. Dynamic Curriculum Learning for Homophone Debias

To mitigate homophone confusion (e.g., ”there” vs. ”their”), we
develop a phoneme-aware dynamic curriculum learning (DCL)
mechanism [28, 29, 30]. Firstly, we use grapheme-to-phoneme
(G2P) to generate phoneme sequence and and construct homo-
phone set Hi for bias word bi:

Hi = {hj |Lev(pi, pj) ≤ θ, hj ∈ B \ {bi}}, (4)

where Lev is Levenshtein edit distance and θ = 2 is the
phoneme mismatch threshold. Then we dynamically adjust the
homophone sampling ratio through sigmoidal scheduling:

αn = αmin + (αmax − αmin) ·
(

2

1 + e−γn
− 1

)
, (5)
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where n denotes the training steps, and γ is a controllable pa-
rameter. To further disperse homophone in training, we apply
an additional regularization term in the objective function:

Ltotal = L+ λ
∑

hj∈Hi

∥bi − hj∥22, (6)

where bi is the bias word embedding and hj is word embedding
from one of the homophones of bi.

3. Experiments
3.1. Experimental Setup

3.1.1. Dataset and Metrics

Experiments were conducted using LibriSpeech [31] for both
training and evaluation, where bias words are marked by
Rare5k [22]. Rare5k identifies the top 5k most frequent words
as common, with the remaining 209.2k words classified as rare
in the LibriSpeech train-960h set.

Following the same setup in [22], we evaluate word error
rate (WER) (%) and biased WER (B-WER) (%), where B-WER
is calculated over bias words on test-clean/-other subsets.

We further consider two extra evaluation dimensions to di-
rectly evaluate the retrieval performance by special recall vari-
ants*. (1) Bias Retrieval Recall: the recall rate (%) (↑) of bias
list over all sentences, i.e. RecallB =

∑
|Bsentence|∑
|Bretrieval|

, where Bretrieval

denotes the retrieved bias list. (2) Homophone Retrieval Re-
call: the recall rate (%) (↓) of all homophones over all sen-
tences, i.e. RecallH =

∑
|Hsentence|∑
|Bretrieval|

†.

3.1.2. Model setups and hyper-parameter selection

Two different SpeechLLMs are selected as the contextual
ASR backend, Qwen-Audio [32] and SLAM-ASR [33]. For
Contextual Qwen-Audio, we follow two different contextual
methods, i.e., bias-prompt (Prompt-QwenAudio) and bias-
encoder (BiasEncoder-QwenAudio) of [11]. The SpeechLLM
backend has been changed to the unchat version‡. The Prompt-
QwenAudio is trained using the bias size between 20∼80.
The BiasEncoder-QwenAudio is trained using the bias size
between 50∼1000, and the bias encoder is initialized from
gte-large-en-v1.5§. For the Contextual SLAM-ASR,
we reuse the pre-trained Prompt-SLAM-ASR [7], where the
training bias size is 5 on average.

For the proposed Bias Retrieval, hyper-parameters are set
as follows. For AcousticBias defined in Section 2.2.2, we
firstly synthesized all bias words from the database Btotal using
edge-tts¶ with the default voice “en-US-AnaNeural”. Then
both audio and bias encodings are fed to the same speech en-
coder used in SpeechLLMs. For TextualBias defined in Sec-
tion 2.2.2, the bias encoding reuses the textual LLM part from
SpeechLLMs, and the audio encoding is done by the speech
encoder with projection. Note that there is a dimension mis-
match between these encodings, so the same projection inher-
ited from SpeechLLMs is reused. For the contrastive learning

*Recall@X denotes the average retrieval number N retrieval when the
Recall = X% over dataset. Recall#X denotes the recall rate (%) when
|Bretrieval| = X for each sentence.

†Hsentence = {h|h ∈
⋃
i
Hi, ∀i ∈ Bsentence}

‡https://huggingface.co/Qwen/Qwen-Audio
§https://huggingface.co/Alibaba-NLP/gte-large-en-v1.5
¶https://github.com/rany2/edge-tts

proposed in Section 2.2.1, the temperature τ is initialized to
0.007 and clipped by at most 100 in Eq. 3. During training, we
use AdamW with a maximum learning rate of 1e−4 warmup ra-
tio of 0.05 and train the network for 10 epochs with 960h data.
As for the dynamic curriculum learning in Section 2.2.3, we set
the homophone distance threshold θ to 2, and the parameters as
αmin = 0.01, αmax = 0.5, γ = 0.05. The regularization loss
parameter λ in Eq. 6 is set to 0.1.

Finally, for the scalable retrieval, we use FAISS [23],
where vectors are pre-normalized and then retrieved with MET-
RIC INNER PRODUCT. The retrieval threshold is set to 50,
50, and 10 for Prompt-QwenAudio, BiasEncoder-QwenAudio
and Prompt-SLAM-ASR, respectively.

3.2. Main Results of Bias Retrieval Method

Table 1 compares the performance of contextual ASR mod-
els on LibriSpeech test sets. We firstly explore the per-
formance on QwenAudio variants. The baseline QwenAu-
dio achieves WER=2.0%/4.2% and B-WER=8.4%/18.4% on
test-clean/-other, respectively. Its fine-tuned version obtains
WER=1.7%/3.8% and B-WER=8.3%/18.5%, indicating that
pure domain adaptation fails to improve bias recognition ac-
curacy. We reproduce two implementations based on [11],
both surpassing the original CB-QwenAudio. Results show that
Prompt-QwenAudio suffers catastrophic failure (at N ≥ 100)
due to LLM hallucinations, and unreliable results for N ≥
1000 due to exceeded context limits. In contrast, BiasEncoder-
QwenAudio obtains better results when N = 1000, 2000.

With the proposed Bias Retrieval framework, both achieve
systematic improvements: Prompt-QwenAudio+BR reduces B-
WER by over 80% absolutely when N=500 (6.3% vs 32.1%),
and continues working well when N=1000/2000. BiasEncoder-
QwenAudio+Bias-Retrieval keeps the B-WER below 10.2% for
nearly all N values, which is attributed to its ability to maintain
better stability through the secondary text processing that effec-
tively disambiguates homophones.

Compared to conventional approaches, previous SOTA,
USTR-CT exhibits a B-WER increase from 4.4% to 7.6%. In
contrast, our method demonstrates superior robustness while
maintaining a stable B-WER (7.1% for Prompt+BR and 10.2%
for BiasEncoder+BR), by modeling speech-and-bias correla-
tion. This also represents 17.1% relative improvement over
USTR-CT’s best baseline performance when N=2000. Our
framework ultimately achieves breakthrough performance with
B-WER=2.8%/7.1% when N=2000, establishing a new SOTA
for large-scale contextual ASR.

In addition the results on the SLAM-ASR system also vali-
date our framework’s generalization capability, showing similar
trends in preserving the B-WER performance.

3.3. Ablation Studies

Based on the ablation study results in Table 2, we systematically
analyze key designs of the bias retrieval framework:

Speech Pooling Strategy: It shows that AcousticBias with
AdaAvgPool does not work effectively as RecallH@99 > 50.
In contrast, AttnPool provides a better pooling, focusing on
the semantic information and increasing the retrieval efficiency:
RecallB@99 reduced greatly from 54.1 to 38.7. This also im-
plies that almost all bias words can be successfully retrieved
within top-50 (RecallB#50). With AttnPool, the B-WER im-
proves by 32% relatively.

Dynamic Curriculum Learning: Although RecallH#50
is high, we found that there is a huge gap between N =
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Table 1: Performance of the contextual ASR baselines and our proposed Bias Retrieval method on LibriSpeech test-clean/-other sets.

Contextual ASR Model
N = |Bsentence| N = 100 N = 500 N = 1000 N = 2000
WER B-WER WER B-WER WER B-WER WER B-WER WER B-WER

DB-NNLM [22] - - 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
USTR-CT [34] - - 2.1/5.4 2.0/4.4 2.1/5.6 2.2/5.6 2.2/5.8 2.5/6.3 2.2/5.8 3.0/7.6

CB-QwenAudio [11] - - 1.6/3.8 5.5/13.5 1.9/3.9 6.0/14.2 - - - -
Prompt-QwenAudio 1.1/2.6 1.2/3.7 1.3/3.5 2.4/6.4 22.4/27.8 32.1/39.1 X X X X

+ Bias Retrieval 1.1/2.6 1.2/3.7 1.2/2.7 2.3/6.1 1.2/2.7 2.4/6.3 1.2/2.7 2.6/6.6 1.2/2.8 2.8/7.1
BiasEncoder-QwenAudio 1.4/3.3 3.8/9.0 1.5/3.6 5.0/13.0 1.6/3.7 5.6/13.8 1.7/3.9 6.2/14.7 1.8/4.1 7.4/18.1

+ Bias Retrieval 1.4/3.3 3.8/9.0 1.5/3.4 4.0/9.5 1.5/3.5 4.2/9.6 1.5/3.6 4.3/9.8 1.5/3.6 4.3/9.9

Prompt-SLAM-ASR [7] 1.1/2.7 2.8/6.0 7.4/17.9 24.8/44.1 X X X X X X
+ CTC-Filter [7] 1.1/2.7 2.8/6.0 1.3/2.7 3.7/8.0 1.3/3.0 3.9/9.0 1.3/3.0 4.2/9.3 1.4/3.2 4.4/10.0
+ Bias Retrieval 1.1/2.7 2.8/6.0 1.3/2.7 3.8/8.3 1.3/3.0 4.0/8.7 1.3/3.1 4.1/9.0 1.4/3.1 4.2/9.3

Table 2: Ablation Studies on LibriSpeech test-other set with N = 2000 (2k) of Prompt-QwenAudio as Contextual ASR system.
Bias

Modality
Speech
Pooling

Curriculum
Learning RecallB@99 (↑) RecallB#50 (↑) RecallH#50 (↓) WER B-WER

Acoustic
AdaAvgPool % 54.1 98.1% 98.7% 3.3 12.4

AttnPool % 32.8 99.9% 99.9% 3.0 8.6
AttnPool ! 42.2 99.7% 69.3% 2.9 7.4

Textual
AdaAvgPool % 58.5 97.3% 94.9% 3.1 10.3

AttnPool % 38.7 99.5% 91.3% 3.0 7.9
AttnPool ! 47.3 99.1% 58.4% 2.8 7.1
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Figure 2: The B-WER (%) performance across different bias
database (Btotal) scales from 10 to 200k entries. Specially, S =
|Bsentence|).

|Bsentence| (In Table 1, B-WER=3.7% on test-other) and N =
|Bretrieval-top-50|. We observed that homophones are mistak-
enly recognized (i.e., homophones confusion), as RecallH#50
is also high for both AdaAvgPool and AttnPool. The pro-
posed dynamic curriculum learning method greatly suppresses
homophone errors. When activated, the AcousticBias reduces
RecallH#50 from 99.9% to 69.3%, with another 23% relative
reduction on B-WER on test-other.

Bias Encoding Modality: To further mitigate homophone
errors during retrieval, we adopt TextualBias, as textual in-
puts avoid the domain mismatch between synthesized and real
speech, and are more robust to OOV words. Compared to
AcousticBias, TextualBias achieves competitive retrieval per-
formance and lowers the homophone recall rate (RecallH#50
reduced by 10%), with a 0.3% absolute reduction in B-WER.

3.4. Scalability Analysis

For large-scale bias database up to 200k entries, Fig. 2 shows
that the B-WER degradation is manageable. The BiasEn-

coder method shows relatively stable performance, where B-
WER only degrades by 2.9% (from 9.9% to 12.8%) as |Btotal|
expands from 2k to 200k (i.e., scaling up by 100x), as the
Prompt method performance deteriorates faster. The frame-
work achieves real-time efficiency through FAISS-accelerated
retrieval: on a single-thread CPU (Intel Xeon Gold 5318Y),
it processes 200k entries with 4096-dimensional vectors in
500ms under 7GB RAM, while GPU acceleration (NVIDIA
RTX 4090) reduces the latency to 20ms within 8GB VRAM.

4. Conclusion
In this paper, we present BR-ASR: a bias retrieval framework
that fundamentally resolves the scalability bottleneck in contex-
tual ASR. Our proposed method has 4 innovations: (1) Cross-
modal contrastive learning aligns speech inputs with textual
bias entries via pretrained speech and bias encoders, achiev-
ing 93% retrieval accuracy while pruning 99.99% of irrelevant
candidates at 200k-scale where the performance degradation is
only 0.3%/2.9% in terms of WER/B-WER for test-other set. (2)
Dynamic curriculum learning suppresses homophone errors by
30.6% absolute recall through progressive hard sample schedul-
ing. Evaluations on LibriSpeech test-clean/-other establish new
state-of-the-art performance: 1.2%/2.8% WER and 2.8%/7.1%
B-WER when N=2000. (3) It demonstrates industrial-grade ef-
ficiency with 20ms latency when querying 200k candidates. (4)
BR-ASR enables plug-and-play integration with diverse sys-
tems, by decoupling bias retrieval from ASR decoding.
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