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Abstract

Despite recent advances in end-to-end speech recognition meth-
ods, the output tends to be biased to the training data’s vo-
cabulary, resulting in inaccurate recognition of proper nouns
and other unknown terms. To address this issue, we propose
a method to improve recognition accuracy of such rare words in
CTC-based models without additional training or text-to-speech
systems. Specifically, keyword spotting is performed using
acoustic features of intermediate layers during inference, and
a bias is applied to the subsequent layers of the acoustic model
for detected keywords. For keyword detection, we adopt a wild-
card CTC that is both fast and tolerant of ambiguous matches,
allowing flexible handling of words that are difficult to match
strictly. Since this method does not require retraining of exist-
ing models, it can be easily applied to even large-scale models.
In experiments on Japanese speech recognition, the proposed
method achieved a 29% improvement in the F1 score for un-
known words.

Index Terms: speech recognition, contextual biasing, CTC,
wildcard paths, self-conditioning

1. Introduction

In recent years, the rapid progress of deep neural networks has
brought about a dramatic improvement in the performance of
end-to-end (E2E) automatic speech recognition (ASR) models,
such as connectionist temporal classification (CTC) [1], recur-
rent neural network transducers [2], attention-based encoder-
decoders [3, 4], and decoder-only architectures [5, 6]. These
models are now widely employed in real-world applications, in-
cluding conference transcription and Al dialog systems. How-
ever, their performance heavily depends on the training data.
Consequently, it remains challenging to accurately recognize
rare words such as internal jargon, personal names, and spe-
cialized technical terms when these words are rarely observed
in the training corpus.

Traditional approaches have often relied on constructing or
adapting decoding graphs using weighted finite state transduc-
ers (WESTs) [7, 8, 9] to improve recognition performance for
these rare words. While WFST-based decoding graph genera-
tion has proven effective, updating or rebuilding these graphs is
not suitable for E2E models such as CTC, which are inherently
designed to operate without decoding graphs.

In contrast, deep biasing [10, 11, 12, 13, 14, 15, 16] has
recently garnered attention. Deep biasing directly intervenes in
the ASR training process, integrating a specified keyword list to
enhance recognition of rare terms. Concretely, the approach en-
codes the keywords into the model’s encoder, subsequently ap-
plying bias through mechanisms such as cross-attention. How-
ever, this technique complicates model training and introduces

the possibility that the set of recognizable rare words might be
influenced by the keywords seen during training.

Another emerging research direction leverages speech lan-
guage model (LM) [6, 17] to enhance recognition performance.
In this approach, the LM directly accepts a context biasing list
via prompts, allowing for more flexible biasing. Nevertheless,
practical constraints arise due to limitations on the number of
prompt tokens. Additionally, if the acoustic model fails to cor-
rectly recognize the rare words in the first place, the biasing
effect is diminished, ultimately necessitating biasing within the
acoustic encoder itself [17].

A more practical approach that requires neither model re-
training nor the construction of decoding graphs is keyword
boosted beam search (KBBS) [18]. In KBBS, beam search
paths are dynamically adjusted by boosting the scores of speci-
fied keywords to encourage their appearance in the final recog-
nition output. However, if a targeted keyword never appears
in any beam hypothesis, boosting cannot be applied. This
shortcoming is particularly problematic for languages such as
Japanese, where there is significant variability in written forms.
Moreover, CTC-based models tend to produce sharp posterior
distributions [19], making it unlikely for rare words to appear
among beam hypotheses. To address these issues, InterBias-
ing [20] extends the self-conditioned CTC [21] by injecting
keywords into the intermediate layers of the acoustic encoder.
In this approach, pre-generated text-to-speech (TTS) samples
are decoded to collect error patterns. During inference, these
patterns are used to correct the intermediate predictions, and
the acoustic encoder is conditioned on the corrected target key-
words. While this method is effective, it requires an additional
TTS module and entails a more complex decoding process.

To improve on InterBiasing [20], we propose WCTC-
Biasing, a novel approach that does not require any additional
training or TTS modules. Specifically, during inference, we
employ wildcard CTC [22] to compute the CTC paths for tar-
get keywords at an intermediate layer of the acoustic encoder,
thereby enabling keyword detection. We then bias the acous-
tic encoder towards the detected keywords by conditioning the
subsequent layers on these keyword candidates within the self-
conditioned CTC [21] framework. In the acoustic encoder,
wildcard CTC treats all non-keyword segments as “wildcards,”
allowing efficient computation of CTC paths for only the target
keywords. Moreover, because CTC utilizes both forward and
backward paths, this method remains robust to pronunciation
ambiguities and partial omissions. Even at lower layers of the
encoder, where output hypotheses may be inaccurate, the ap-
proach can still flexibly detect keywords. The key feature of the
proposed method is that it requires neither additional training
nor a TTS module, making it particularly easy to integrate into
large-scale CTC-based models.
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2. Background

This section describes CTC [1], self-conditioned CTC [21] and
InterBiasing [20], which are the backbone of WCTC-Biasing.

2.1. Connectionist Temporal Classification

E2E ASR aims to model the probability distribution of a token
sequence Y = (y; € V |1 =1,..., L) given a sequence of D-
dimensional audio features X = (x; € RP |t = 1,...,T),
where V is a token vocabulary. In the CTC framework [1],
frame-level alignment paths between X and Y are introduced
with a special blank token €. An alignment path is denoted by
7= (meV|t=1,...,T), where V' = V U {e}. The
alignment path can be transformed into the corresponding to-
ken sequence by using the collapsing function 3 that removes
all repeated tokens and blank tokens. A neural network is
trained to estimate the probability distribution of 7;. We de-
note the output sequence of the neural network by Z = (z: €
(0, 1)"’/‘ | t = 1,...,T), where each element z;  is inter-
preted as p(m¢ = k|X). The training objective of CTC is the
negative log-likelihood over all possible alignment paths with
the conditional independence assumption per frame, as follows:

ﬁctc(Z, Y) = —lOg Z Hztﬂrt- (1)
TeB-1(y) t
The estimated token sequence Y is obtained as follows:
Y = B(argmax(Z)). 2)

2.2. Self-conditioned CTC encoder

Our model adopts an N-layer Conformer encoder [23] along-
side the self-conditioned CTC framework [21]. Let X be the
subsampled input features. The n-th encoder transforms its in-
put X *=1 jnto X():

X™ = Encoder™ (x*7V), x©@=x. (3

After the final layer, we apply a linear projection and softmax
to obtain the output sequence Z:

7 = Softmax(LinearDH‘Vq(X<N))). @)

To improve training stability, we incorporate the idea of Inter-
mediate CTC [24]. Let Z(™ be the softmax output at layer n:

Z<"> = Softmax(LinearDHIV’\(X(n)))' ®)

Each Z™ is used to compute the intermediate CTC loss and
combined with the encoder output CTC loss as

A
W 2 Lee(27Y),©
neN

Lie=(1-XNLe(Z,Y)+
where ) is a mixing weight, Y is the ground-truth sequence, and
N indicates the encoder layers for intermediate supervision.

Self-conditioned CTC [21] further leverages these interme-
diate outputs to condition subsequent layers. Specifically, each
ZM s linearly mapped back to the encoder dimension D:

C(n) = Linearwq_,D (Z(n)), (7)
and then added to X ™ to yield X'(™):
o _ X O (neN), ®)
X (n ¢ N).
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By injecting the intermediate predictions back into the en-
coder, the model refines its latent representations in higher
layers, which improves CTC-based speech recognition perfor-
mance [25].

2.3. InterBiasing: TTS-based keyword error collection and
Inter-layer biasing

To improve rare word recognition performance, InterBias-
ing [20] has been proposed. InterBiasing, an extension of the
self-conditioned CTC framework, injects the correct target key-
word into the intermediate encoder layers instead of the recog-
nition hypotheses. This method requires generating TTS audio
for each keyword x € K, where IC denotes the set of target
keywords, as Xrrs,» = TTS(k), to collect misrecognitions of
unknown keywords. By applying Eqs.3, 5 to Xrrs,x, the in-

termediate predictions YT(T"S)’K can be obtained. The recognition
hypotheses of keyword « at layer index My;as are selected as
the trigger word set Wiigger,« !

o (n)
Ve

I/Vtrigger,m = (n S Mbias)~ ©)
During decoding, if the current intermediate prediction Y™

partially matches Wigger, «, the corresponding word is replaced
with « to form the text sequence y“b(,;? Next, Viterbi alignment

is applied:
Al — Viterbi(Y\™) | z(™

bias bias 7

),

and this alignment Ag;i is converted into a one-hot vector Z, égg
Subsequently, a weighted sum of the original softmax probabil-
ity Z™ and the bias one-hot vector is computed using a bias

weight 1:

(10)

Z'™ = Softmax((1 — ¢) 2™ + ¢ Z1)),

bias

an

and finally a linear layer transforms Z () to obtain the bias
(n).

features Cpg.:

ol

S = Linearjyr|p (2'™). (12)

This feature Céz)s is fed into Eq.8 to condition the subsequent

layer. If no trigger word is detected in Y™, the standard self-
conditioned CTC is used instead.

3. WCTC-Biasing: Wildcard CTC-based
keyword spotting and Inter-layer biasing

Figure 1 illustrates the proposed framework. Keyword spotting
is performed using intermediate outputs from the acoustic en-
coder. The detected keywords are converted into frame-level
bias features and injected into the subsequent layers.

3.1. Wildcard CTC-based Keyword Spotting

Although the standard CTC framework [1] (Section 2.1) effec-
tively learns a mapping between an audio feature sequence X
and a label sequence Y by summing over all possible alignment
paths, it assumes that each frame must be assigned to either a
blank symbol or one of the tokens in V. This can become prob-
lematic when certain segments (e.g., the beginning or end of
an utterance) are unlabeled or deliberately omitted. Wildcard
CTC [22] addresses this issue by introducing a special wildcard
token, denoted by “*.” This token can match any symbol includ-
ing blank at zero cost, allowing the model to ignore unlabeled
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Figure 1: Overview of the proposed WCTC-Biasing. During in-
ference, wildcard CTC is applied to an intermediate acoustic
encoder layer to detect the target keyword, which is then in-
Jected into subsequent layers.

or irrelevant parts. Formally, let V' = V U {¢} be the extended
CTC vocabulary, and let V, = V' U {x} include the wildcard
token. A wildcard CTC alignment path 7, is given by

me=(meV.|t=1,...,T). (13)

To encourage the model to assign the wildcard token to frames
with ambiguous or low-confidence predictions, we introduce a
threshold . Specifically, we define a biased indicator for each
time frame as follows:

OneHot,, if log}>, cp—1(. (Tt | 2™

B {07 otherwise,

where OneHot,. is a one-hot vector of dimension V' that has
a value of 1 at the index corresponding to x and O in all other
indices.

In summary, by allowing the wildcard token “x” to skip
irrelevant frames, wildcard CTC becomes well-suited for ro-
bust keyword spotting. This is because the model can focus on
whether the relevant keyword tokens appear in the encoder out-
put sequence, without forcing all frames to be strictly labeled.

Z(")

bias,k,t

(14)

3.2. Biasing Intermediate Predictions

To bias the intermediate predictions toward recognizing target
keywords, we interpolate the original output Z™) with the ag-

gregated biased features Zézz as follows:
Ziod =\ 2t (15)
KEK
z'™ = Softmax((1 — w)z™ + wZégz), (16)

where w € [0, 1] is a weighting factor that controls the con-
tribution of the biasing feature. Here, the Softmax function is
applied to normalize the combined scores into a valid proba-
bility distribution over the vocabulary. Note that the biasing
mechanism is applied only to the intermediate layers n in the
set S C {1,..., N}, which specifies the layers selected for
biasing. For layers n ¢ S, the original predictions are used
without modification. Next, the biased intermediate predictions
Z'™ are converted into the biasing features:

C’é?a)s = Linear|y/|p (Z/m)). an

) >0,
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C’éz)s is used in Eq.8 to condition the subsequent encoder layer.

4. Experiments

To evaluate the proposed method, we conducted Japanese ASR
experiments using the NeMo toolkit ! [26]. The models were
evaluated based on character error rates (CERs) and F1 scores.
Following previous studies [18], we used the F1 score as evalu-
ation metric for keyword recognition.

Table 1: Summary of keyword set sizes and average character
length for OOV and 1V keywords in each testset.

|| Avg. char length
Dataset OOV/IV  OOV/IV
In-domain__ CSJevald  23/8 ~ 43/31
Out-of- Common Voice 59754 5.6/4.3
domain JSUT basic Sk 212/103 3.7/2.8
TEDxJP-10K 99 /78 4.0/3.6
4.1. Data

Our model was trained on the CSJ corpus [27], which consists
of Japanese public speeches on academic topics. The vocab-
ulary V comprised 3,260 character units, and 80-dimensional
Mel-spectrograms were used as input features. SpecAugment
[28] and speed perturbation [29] were also applied with the ES-
PNet recipe [30].

For evaluation, we tested on one in-domain testset (CSJ
eval3 [27]) and three out-of-domain testsets (JSUT-basic
5000 [31], Common Voice v8.0 [32], and TEDxJP-10K [33]).
The out-of-domain sets reflect typical real-world conditions
where the acoustic and lexical properties of unseen user data
differ from those in the training data.

Next, we describe how the bias keywords were selected.
First, we decoded each evaluation set using the CSJ-trained
model. By comparing the resulting hypotheses with the corre-
sponding reference labels, we identified misrecognized words.
These words were segmented using morphological analysis
with MeCab [34], and we retained only proper nouns and per-
sonal names consisting of two or more characters based on mor-
phological labels. Obvious segmentation errors were then re-
moved manually. Finally, the remaining keywords were cate-
gorized into in-vocabulary (IV) and out-of-vocabulary (OOV)
classes based on whether or not they were included in the origi-
nal CSJ corpus. Table 1 summarizes the number of IV and OOV
keywords in each evaluation set. Note that we did not use CSJ
evall or eval2 because we could not collect a sufficient number
of OOV keywords from these sets.

4.2. Model Configurations

SelfCond: We adopted the Self-conditioned CTC described in
Section 2.2, with 18 conformer layers (N = 18) and a hid-
den dimension of 512 (D = 512). The convolutional ker-
nel size was 31, and the model used 8 attention heads. The
model was trained for 50 epochs, and the final model was ob-
tained by averaging the 10 best checkpoints based on valida-
tion CER. The effective batch size was 120. The Adam op-
timizer [35] with 81 = 0.9, B2 = 0.98, the Noam Anneal-
ing learning rate scheduling [36] with 1k warmup steps was

Thttps://github.com/NVIDIA/NeMo



Table 2: CERs and F1 scores for Out-of-Vocabulary (OOV) and IV (In-Vocabulary) words in CSJ eval3, Common Voice, JSUT basic
5000 and TEDxJP-10K. Reported metrics are presented in the following format: CER / F1 of OOV words / FI of 1V words. “LM +
BS” indicates LM shallow fusion + beam search and “LM + KBBS” indicates LM shallow fusion + Keyword-boosted beam search. t
denotes the proposed method and v indicates that a TTS module is used.

CER (%) / OOV F1/1V F1

Methods Decoding TTS CSJ eval3 Common Voice  JSUT basic 5000 TEDxJP-10K
Greedy X 34/62/69.8 19.0/18.6/81.4 11.7/9.2/546 16.1/12.0/85.3
SelfCond [21] LM+BS X 34/92/727 17.3/18.6/82.8 11.5/9.2/549 15.8/12.0/85.6
LM + KBBS X 34/293/756 17.7/50.9/85.1 11.5/33.9/67.5 159/27.7/86.8
~ Greedy X 35/92/696 19.2/26.7/81.6 11.9/10.7/58.8 163/16.4/84.7
WCTC-Biasingt LM + BS X 34/93/71.7  17.6/227/825 11.5/12.8/599 159/18.5/86.6
LM + KBBS X 34/363/809 17.9/57.4/86.5 11.5/41.6/69.2 159/35.6/87.6
Greedy v 35/274/75.6 19.0/227/829 11.7/135/59.5 16.1/13.1/85.9
InterBiasing [20] LM + BS v 3.5/36.8/809 17.3/18.6/840 11.5/12.1/59.8 15.8/14.2/86.3
LM + KBBS v 33/624/833 17.7/523/858 11.5/41.5/70.2 15.8/33.0/87.4

used for training. Self-conditioning was applied at every layer
W ={1,2,...,17}).

InterBiasing: For generating trigger words, we synthesized
speech using an in-house TTS engine. The resulting audio was
passed through the SelfCond model, where greedy decoding
was performed on intermediate layer outputs. We used a bias
weight of ¢ = 0.9. InterBiasing was applied to all layers from
ltol7(M ={1,2,...,17}).

WCTC-Biasing: We used a bias weight of w = 0.7. For key-
word spotting, the threshold 6§ was set to —40. WCTC-Biasing
was applied to every 3 layers (S = {3,6,9,...,15}).

Beam Search decoding: For LM shallow fusion, a 6-gram
model was trained with the text corpus from the speech train-
ing data with KenLM [37]. The beam size, LM weight, and
length penalty were set to 10, 0.5, and 0.2, respectively, based
on tuning with the CSJ dev set. The KBBS weight was 3.0.

4.3. Results

Table 2 summarizes the experimental results. First, we compare
the baseline model, Self-Cond [21], with the proposed WCTC-
Biasing. The results indicate that, for both greedy decoding and
LM beam search decoding, the proposed method consistently
improves the F1 score for keywords, regardless of whether the
data was in-domain or out-of-domain. In particular, with LM
+ KBBS decoding, the improvement is even more pronounced,
with a relative increase of 29% in the F1 score for OOV key-
words in the TEDxJP-10K testsets. This improvement can be
attributed to the biasing applied to the intermediate layers of the
acoustic model, which causes target keywords to appear more
frequently among the top candidates during beam search. Im-
portantly, despite the improvement in the F1 score, the CER
remains largely unchanged, suggesting that the recognition ac-
curacy for non-keyword content is not significantly degraded.
Next, we compare the proposed WCTC-Biasing with the
conventional InterBiasing approach [20]. It should be noted
that InterBiasing requires the use of a TTS module. The exper-
imental results reveal that while InterBiasing achieves higher
recognition accuracy on the CSJ eval3 and JSUT basic 5000
testsets, the proposed method outperforms it on the Common-
Voice and TEDxJP-10K testsets. These findings suggest that,
even with a simpler architecture that does not rely on a TTS
module, the proposed WCTC-Biasing can achieve recognition
performance comparable to that of the conventional InterBias-
ing approach. In our parameter tuning on the validation set, we

5181

567 8910 111213 1415 16 17 18 19 20 2122|2324 25 26 /272829 30| 31/32|33/34/35

Baseline| _ (] =

Frame

EN

)

Probability

40
Frame

Figure 2: Wildcard CTC path for target keyword. Bias keyword
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“PENSOGII B EEICE > TV B 7“7 s blank
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also found that using a relatively low threshold 6 yielded better
results. This suggests that detecting and biasing more a larger
number of candidate keywords increases the likelihood of cap-
turing partially matched or weakly pronounced keywords.
Figure 2 shows the alignment paths computed by the wild-
card CTC for a target keyword. Although the keyword was mis-
recognized by the baseline Self-Cond model, it was correctly
detected using wildcard CTC. The use of the wildcard allowed
the model to skip non-keyword frames, and the frame range cor-
responding to the detected keyword was appropriately captured.

5. Conclusions

In this paper, we proposed a method to improve the recogni-
tion of unknown words and proper nouns in existing CTC-based
models without requiring retraining. During inference, wild-
card CTC is applied to an intermediate layer of the acoustic
encoder to efficiently search CTC paths corresponding to tar-
get keywords. These paths are then used to bias subsequent
layers. By treating non-keyword segments as wildcards, the
proposed approach is robust to ambiguous alignments, enabling
keyword detection even at lower encoder layers, where predic-
tions are generally less reliable. In Japanese ASR experiments,
the method achieved a 29% improvement in the F1 score for
unknown words. Since no additional training or text-to-speech
modules are required, the method can be easily integrated into
large-scale CTC-based ASR models, reducing operational costs
while improving the recognition of target keywords.
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