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Abstract
Neural sequence-to-sequence systems deliver state-of-the-art
performance for automatic speech recognition. When using ap-
propriate modeling units, e.g., byte-pair encoding, these sys-
tems are in principle open vocabulary systems. In practice,
however, they often fail to recognize words not seen during
training, e.g., named entities, acronyms, or domain-specific spe-
cial words. To address this problem, many context biasing
methods have been proposed; however, these methods may still
struggle when they are unable to relate audio and corresponding
text, e.g., in case of a pronunciation-orthography mismatch. We
propose a method where corrections of substitution errors can
be used to improve the recognition accuracy of such challenging
words. Users can add corrections on the fly during inference.
We show that with this method we get a relative improvement
in biased word error rate between 22% and 34% compared to
a text-based replacement method, while maintaining the overall
performance.
Index Terms: context biasing, pronunciation-orthography mis-
match, automatic speech recognition

1. Introduction
Up until a few years ago automatic speech recognition (ASR)
systems were implemented as Bayes classifiers in order to
search for the word sequence Ŷ , among all possible word
sequences Y , with the highest posterior probability given a
sequence of feature vectors X which is the result of pre-
processing the acoustic signal to be recognized:

Ŷ = argmax
Y

P (Y |X)

= argmax
Y

P (X|Y )P (Y ) (1)

In the context of ASR P (X|Y ) is called the acoustic model,
P (Y ) the language model. The space of allowed word se-
quences to search among was usually defined by a list of words,
the vocabulary, of which permissible word sequences could be
composed. Words that were not in the vocabulary could not be
recognized. In turn this means that by adding words to the vo-
cabulary and appropriate probabilities to the language model,
previously unknown words could be added to the ASR system.

In contrast, for neural end-to-end trained ASR systems
[1–3], this is no longer possible. In principle, end-to-end
systems are open-vocabulary systems, when using appropriate
modeling units, such as byte-pair encoded (BPE) [4] characters.
However, in practice, words not seen during training are often
not reliably recognized. This is especially true for named enti-
ties. The reasons are that, a) the end-to-end network implicitly
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Figure 1: Approaches: Top: Inference of the baseline context bi-
asing ASR model for two utterances containing the same named
entity ”Lottia” in the reference transcript; the model failed to
recognize the named entity. Middle: Approach context bias-
ing + replacement; the context biasing list contains the wrongly
recognized word ”Lodea” from another utterance mapped to
”Lottia” (for details how the model uses this see Section 3).
Bottom: Approach context biasing + text replacement oracle
for comparison; the replacement ”Latia” mapped to ”Lottia”
from the same utterance is used.

learns language model knowledge when being trained on tran-
scribed speech data, and b) especially named entities often have
a grapheme-to-phoneme relation that deviates from the general
pronunciation rules of the language, as learned implicitly by the
networks of the end-to-end system.

The recognition of words not seen during the training of
an automatic speech recognition system, e.g., named entities,
acronyms, or domain-specific special words, has been studied
in classical ASR systems [5–9]. Generally, the language model
P (Y ) in equation 1 was modified. More recently, other works
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have combined statistical or neural language models with end-
to-end ASR models using shallow fusion [10–14]. On the other
hand, many recent works have used attention-based deep bias-
ing [15–27]. Some of them use only textual context information
and some also include pronunciation information. The problem
with the former is that the model might not be able to relate
audio and corresponding text of previously unseen words. In
that case the model is not able to recognize the previously un-
seen word and users have no effective way to correct this. The
problem with the latter is that such information is difficult to
annotate by users.

In order to address this problem we 1) propose a method
(see Section 3) that can take advantage of corrections of substi-
tution errors provided during inference, 2) demonstrate that this
method achieves a relative improvement between 22% and 34%
in biased word error rate (BWER; see Section 4.4) compared to
a text-based replacement method, while maintaining the overall
word error rate, and 3) show that this method uses one correc-
tion of a substitution error more efficiently than the text-based
replacement method.

2. Background
An auto-regressive end-to-end ASR model directly estimates
the probability distribution

P (Yt|Y0, . . . , Yt−1;X) (2)

of the next token Yt given the already decoded sequence
Y0, . . . , Yt−1 and the audio input X . The model is then used
to find the word sequence Ŷ with the highest probability

Ŷ = argmax
Y

P (Y |X) = argmax
Y

T∏
t=1

P (Yt|Y0, . . . , Yt−1;X),

where Y0 is the start of sequence token.
We work with a transformer-based encoder-decoder ASR

model. First, Y0, . . . , Yt−1 is embedded:

E = Emb(Y0, . . . , Yt−1) ∈ Rt×d, (3)

with d ∈ N. Then, the decoder output is computed:

O = Dec(HX , E) ∈ Rt×d,

where HX = EncAudio(X) is the encoded audio input. Fi-
nally, the output and softmax layers are applied:

α = Linear(O) ∈ Rt×nvocab ,

p = Softmax(α) ∈ Rt×nvocab , (4)

where nvocab is the vocabulary size.
Based on that model, we trained a context biasing model

using the training scheme from [18] together with the architec-
ture from [27]. The method works as follows: Equation 2 is
replaced by

P (Yt|Y0, . . . , Yt−1;X;Z),

where Z is some context provided to the model. In our case,

Z = (Z1, . . . , ZL), L ∈ N,

is a list denoted context biasing list and each Zl, l ∈
{1, . . . , L}, is a word or short phrase the model is biased to-
wards.

2.1. Context encoding

The model incorporates the context biasing list by first tokeniz-
ing and embedding each item. Then, an encoder is applied in-
dependently for each item, followed by a mean pooling over the
sequence dimension. This results in one vector per list entry:

Zs = (Avg(EncContext(Emb(Tokenize(Zl)))))
L
l=1.

2.2. Context decoding

Then Zs is used to extend the vocabulary of the decoder. This
is done by extending the output layer, which maps the output
of the final decoder layer to the vocabulary, and extending the
embedding layer.

In particular,

αContext =
Linear2(O) · Linear3(Zs)T√

d
∈ Rt×L. (5)

is calculated and α in equation 4 is replaced by

Concat(α, αContext) ∈ Rt×(nvocab+L).

Furthermore, Y0, . . . , Yt−1 is replaced by Y ′
0 , . . . , Y

′
t−1, where

Y ′
0 , . . . , Y

′
t−1 is calculated by replacing all subsequences of

Y0, . . . , Yt−1 which correspond to a context biasing list entry
Zl with a dynamic token vl. Finally, E in equation 3 is replaced
by

E′ = Emb(Y ′
0 , . . . , Y

′
t−1),

where dynamic tokens vl are embedded by Linear4(Z
s
l ) and

the rest of the tokens is embedded using Emb.

2.3. Training

During model training, in each step, the context bias list Z is
sampled from the labels of the corresponding batch. Specifi-
cally, we used a batch size of 16 and sampled on average three
context biasing list entries per utterance of the batch. Then the
context biasing list is filled up to a length of 200 with distractors
sampled from other batches.

3. Method
The context biasing model (see Section 2) learns during training
to relate words in the context biasing list and the corresponding
audio. This works well and during inference the model can gen-
eralize to new words not seen during training [18,27]. However,
if this fails and the model is not able to relate audio and corre-
sponding text, e.g. when there is a mismatch between pronun-
ciation and orthography compared to what was learned during
training, the model is not be able to recognize such words.

An example of the Yodas test set (see Section 4.1) in which
this is the case can be seen in Figure 1. Both the audio fea-
tures X1 and X2 contain the named entity ”Lottia” in the cor-
responding reference transcript. However, the context biasing
model is not able to recognize that (see Figure 1, top). In the
first utterance the word ”Lodea” is recognized, in the second ut-
terance the word ”Latia” is recognized. Therefore, a text-based
replacement of e.g. Lodea→Lottia would not work for the first
utterance. The same is shown quantitatively in Section 5.

To deal with that problem, we noticed that for the words
we are interested in (named entities, acronyms, and domain-
specific special words) most of the time a substitution error oc-
curs (the results in Section 5 show that more than 84% of errors
can be resolved by a substitution). Let Z1 be the word that



should had been recognized and Z̃1 the wrongly recognized
one. When we add Z̃1 to the context biasing list and run the
model again, we observe that the model mostly predicts the to-
ken of Z̃1. Therefore, the idea is to use the summary vector of
Z̃1 (instead of Z1) in equation 5 but keep using Z1 for E′. We
denoted this approach as context biasing + replacement and use
a context biasing list entry Z̃1 → Z1 for illustration purposes
(see Figure 1).

In practice, our method would be applied as follows: Before
running the model, a context biasing list can be supplied that
contains words (named entities, acronyms, or domain-specific
special words) that are likely to occur in the speech. While
running the model to recognize speech, users can correct sub-
stitution errors of important words and add them to the context
biasing list. Our method then improves using these corrections
(as shown in Section 5).

4. Experiments
4.1. Data

To evaluate our method, we created a test set from the English
data of the Yodas data set [28]. Our goal was to identify cases
where a standard context biasing model consistently fails on the
same rare words — a necessary condition for meaningfully as-
sessing whether our method can improve. Following [19], we
define rare words as words appearing in the references that oc-
cur infrequently overall yet are specific to a single YouTube
video. Concretely, we retained words occurring at least four
times but exclusively within one YouTube video. This yielded
6363 utterances (47.8 hours of audio) containing 8510 rare word
occurrences across 1360 unique rare words. For each utterance,
we ran our context biasing model using exactly the rare words of
that utterance as the biasing list, reflecting an oracle biasing sce-
nario. To focus our evaluation on the cases most relevant to our
method, we filtered this set to retain only utterances in which
at least one rare word was misrecognized, and only rare words
that were misrecognized in at least two distinct utterances. The
resulting test set comprises 300 utterances (2.24 hours of audio)
with 379 rare word occurrences spanning 94 unique rare words
on which the baseline context biasing model reliably struggles.

We applied the same procedure to Earnings-21 [29], Lib-
riSpeech [30], Fleurs [31] and Voxpopuli [32]. The resulting
test sets to evaluate misrecognized rare words were too small to
yield a statistically meaningful evaluation. For example, in the
Earnings-21 test set, only 5 rare words were misrecognized at
least twice.

4.2. Models

We use Whisper [3] (whisper-large-v2) as our speech founda-
tion model. The context biasing list is tokenized / embedded
using the Whisper tokenizer / Whisper embedding, and the con-
text is encoded using a transformer encoder (the encoder of
mBART-50 [33]).

We trained the context biasing model on Common voice
[34]. We only trained the context encoder and the added lin-
ear layers. In contrast to [27], we did not train the embedding
and output layer. This has the advantage to prevent catastrophic
forgetting [35] of the representations learned by the baseline
model. Since we do not have access to the training data of the
baseline model, this approach yielded substantially better over-
all performance.

During decoding of the test set, the context biasing list con-
tains the rare words belonging to the utterance which is cur-

rently decoded. Optionally, we add all other rare words from
the test set to the context biasing list as distractors.

4.3. Approaches

To generate the changed context biasing list for the approach
context biasing + replacement, we manually annotated the
substitution errors Z̃1 → Z1 of the approach context biasing
for all rare words. This resulted in 228 and 226 replacements
for the hypotheses without and with distractors, respectively.
Finally, we add to the rare words of an utterance the replace-
ments Z̃1 → Z1 of other utterances which contain the same
rare word (see Figure 1, middle). Examples for the replace-
ments are: Lodea→Lottia, Latia→Lottia, Röding→Rekin,
Röging→Rekin, Lindstra→Lenstra, Lunster→Lenstra,
PPAL→PIPOW, PayPal→PIPOW.

To investigate the effect the number of replacements has,
we restrict the number of added replacements per rare word be-
tween 1 and 4 and randomly sample this number of replace-
ments. We have no rare word with more than 4 different re-
placements. When not using distractors, we obtain for a maxi-
mum of 1, 2, 3 and 4 replacements per rare word in total 244,
344, 380 and 382 replacements, respectively. When using dis-
tractors, we obtain for a maximum of 1, 2, 3 and 4 replacements
per rare word in total 242, 340, 371 and 376 replacements, re-
spectively. The number of replacements is higher than 228/226
because one replacement can be used for multiple occurrences
of the same rare word.

For comparison, we compare with two approaches:
1) Context biasing + text replacement: For this approach, we
do not run the context biasing model with a context biasing list
containing replacements, instead we take the hypotheses of the
approach context biasing and apply the respective replacements
that are used in the approach context biasing + replacement on
the hypotheses.
2) Context biasing + text replacement oracle: This approach
is similar to the previous approach; however, the replacements
Z̃1 → Z1 for the context biasing list are not taken from other ut-
terances containing the same rare word but only from the same
utterance (see Figure 1, bottom).

4.4. Metrics

The performance of an ASR system is typically measured us-
ing the word error rate (WER). To measure how well a context
biasing method is working, [19] extended this metric to UWER
(unbiased WER measured on words not in the biasing list) and
BWER (biased WER measured on words in the biasing list),
given a test set together with a corresponding context biasing
list. We evaluate these metrics along with WER to compare
different approaches.

5. Results
The results for the Yodas test set can be seen in Table 1.

By construction of the Yodas test set (see Section 4.1) the
BWER of the Context biasing approach (without distractors)
is very high (82.8%). Note, that the BWER is not 100% be-
cause some utterances contain a rare word multiple times and
not every instance of the rare word is misrecognized. On the
other hand, the BWER of the approach Context biasing + text
replacement oracle is only 13.2%. Therefore, over 84% of er-
rors can be resolved by a substitution.

When comparing the approach Context biasing + text re-
placement (without distractors), we see that it is between 44%



Table 1: Results on the Yodas test set: BWER/UWER/WER in % for the different approaches depending on the maximum number of
added replacements per rare word with and without adding distractors.

Approach
Distractors

Number
repl. 1 2 3 4

Context biasing ✗ 82.8/6.4/7.8
Context biasing + text replacement ✗ 46.2/6.0/6.8 36.9/6.0/6.6 34.6/5.9/6.5 34.6/5.9/6.5

Context biasing + replacement ✗ 30.6/6.0/6.5 27.2/6.0/6.4 26.9/6.0/6.4 26.9/6.0/6.4
Context biasing + text replacement + replacement ✗ 24.5/5.9/6.3 21.6/6.0/6.3 21.6/6.0/6.3 21.6/6.0/6.3

Context biasing + text replacement oracle ✗ 13.2/5.7/5.9
Context biasing ✓ 83.6/6.6/8.1

Context biasing + text replacement ✓ 47.0/6.3/7.1 38.3/6.2/6.8 35.9/6.2/6.8 35.6/6.2/6.8
Context biasing + replacement ✓ 34.3/6.2/6.8 28.0/6.2/6.6 27.7/6.1/6.6 27.7/6.1/6.6

Context biasing + text replacement + replacement ✓ 26.4/6.2/6.6 21.4/6.1/6.4 21.4/6.1/6.4 21.4/6.1/6.4
Context biasing + text replacement oracle ✓ 14.5/6.0/6.2

and 58% (relative) better than Context biasing. Furthermore, a
higher number of replacements reduces BWER by 25%.

Next, we see that the BWER of Context biasing + replace-
ment is between 22% and 34% better than Context biasing +
text replacement. A higher number of replacements also helps
this approach in terms of BWER, but only 12% relative. To-
gether with the better performance for number replacements
1, this suggests that one given replacement per rare words is
used more efficiently than in Context biasing + text replace-
ment. We checked statistical significance using Bootstrap Re-
sampling [36] with one million samples and found that the dif-
ference (46.2% vs. 30.6%) is statistically significant with p-
value 2.0e−6. The same holds for number replacements 4,
where we have BWER 34.6% vs. 26.9% and a p-value of
3.9e−3.

The computational overhead when adding replacements to
the context biasing list is negligible. The context encoder output
can be reused when decoding multiple utterances and extending
the embedding / output layer is insignificant compared to the
vocabulary size (which is around 250k).

The approach Context biasing + replacement outperforms
Context biasing + text replacement in the cases where the model
predicts for different utterances containing the same rare word
different words instead of the rare word. In this case, the text
replacement does not match. Examples include: Lottia (genus
of sea snails), Rekin (name of a festival), Qama (name), Finotex
(company), BANI (concept), Chariklo (planet), Lenstra (name),
Parasuram (person name), PIPOW (framework name), Kirima
(name).

Combining the methods replacement and text replacement
delivers even better results: BWER is between 38% and 47%
better than text replacement alone. Furthermore, up to 88%
of the errors (which can be corrected by the oracle approach)
can be corrected by the combination of replacement and text
replacement. The oracle approach with BWER 13.2% is still
better than that, however, it has access to oracle information.

Looking at the performance with added distractors, we
see the same behavior compared to not adding distractors but
mostly with slightly lower performance in all metrics, which
is expected. Comparing the approaches Context biasing + re-
placement and Context biasing + text replacement, we have for
number replacement 1 (47.0% vs. 34.3% BWER) and 4 (35.6%
vs. 27.7% BWER) p-values of 1.6e−4 and 7.3e−3, respectively.

Finally, the UWER performance changes less than 2% rel-
ative (excluding the Context biasing and oracle approaches)
while the WER performance improves up to 7% between text
replacement, replacement and the combination of both because
the BWER performance improves.

5.1. Limitations

Our proposed approach context biasing + replacement can only
be applied if there is a substitution error, not if there is a deletion
error. Furthermore, if the substitution error produced a word
with a very high number of occurrences, our approach likely
will produce false positives. For such cases, it might be best
to keep the replacement in the context biasing list only for the
relevant session and then transfer the knowledge through con-
tinuous learning [37].

We also tried to generate the replacements automatically
from the utterances where the context biasing model was able to
correctly recognize a rare word compared to the baseline model
which failed to do so. However, this did not lead to improve-
ments, suggesting that manual corrections are necessary.

6. Conclusion
In this work, we addressed the challenge of recognizing words
where existing context biasing methods are not able to relate
audio and corresponding text, e.g. in case of a pronunciation-
orthography mismatch.

We proposed a method, context biasing + replacement, that
allows corrections of substitution errors provided during infer-
ence to enhance recognition accuracy. By incorporating these
corrections into the context biasing list, our method signifi-
cantly improves the recognition of such problematic words. Our
experiments demonstrated a relative improvement in BWER be-
tween 22% and 34% compared to a text-based replacement,
while maintaining the overall word error rate. Our method can
use one correction more efficiently compared to the text-based
replacement.
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