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ABSTRACT

This paper proposes two novel variants of neural reprogram-
ming to enhance wake word recognition in streaming end-to-
end ASR models without updating model weights. The first,
“trigger-frame reprogramming”, prepends the input speech
feature sequence with the learned trigger-frames of the target
wake word to adjust ASR model’s hidden states for improved
wake word recognition. The second, “predictor-state initial-
ization”, trains only the initial state vectors (cell and hidden
states) of the LSTMs in the prediction network. When apply-
ing to a baseline LibriSpeech Emformer RNN-T model with
a 98% wake word verification false rejection rate (FRR) on
unseen wake words, the proposed approaches achieve 76%
and 97% relative FRR reductions with no increase on false
acceptance rate. In-depth characteristic analyses of the pro-
posed approaches are also conducted to provide deeper in-
sights. These approaches offer an effective hot-fixing meth-
ods to improve wake word recognition performance in de-
ployed production ASR models without the need for model
updates.

Index Terms— Neural model reprogramming, Hot-
fixing, End-to-end ASR, Wake word verification

1. INTRODUCTION

Automatic Speech Recognition (ASR) technology, driven
by neural end-to-end models [1], has become a vital user
interface in ubiquitous voice assistants like Alexa, Cortana,
Google Home, and Siri. These systems are invoked by a
wake word such as “Alexa”, and detection of these words
is central to a good user experience. To enhance customer
privacy, these assistants often employ wake word verification
using the ASR hypothesis to validate detection results from
on-device wake word models [2,3]], reducing the risk of false
acceptance. However, when an ASR system fails to recog-
nize a wake word which is actually present, it results in false
rejection, preventing customers from activating their devices.

*The author performed the work during an internship at Amazon.
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When such errors are detected, it is imperative to deploy
fixes to the production ASR system promptly to minimize
customer impact. These “hot-fixing” techniques have distinct
requirements compared to model adaptation or training, such
as prior knowledge of the ASR errors, a quick deployment
process enabling dynamic activation and deactivation with-
out touching the already deployed ASR model, and ensuring
minimal impact on runtime latency.

There are three places in a pretrained end-to-end ASR
model where we can apply the hot-fixing techniques: 1) ASR
model output, 2) within ASR model, and 3) ASR model in-
put. For hot-fixing the ASR model output, label mapping
techniques correct known errors in the output hypotheses,
using methods like word or regular expression replacements,
machine translation [4], or query rewriting [5]. These ap-
proaches are fast, but are limited by the mapping design
as it lacks knowledge of the input acoustic information.
Hot-fixing within the ASR model involves updating model
parameters or adding components for fine-tuning [[6H10],
such as adapters [[11] or LoRA [12]]. While effective, direct
ASR model updates are more computationally expensive and
slower for deployment compared to the other two techniques.
Examples for ASR model input-based hot-fixing include
techniques such as model reprogramming [13H15], input
prompting [16,/17]]. The approaches aim to learn input trans-
formations to adapt existing models for specific tasks. While
model reprogramming [|13}|18] is akin to speech prompting in
goal [19], the latter requires a particular model architecture
and possesses restricted utility in the context of existing ASR
systems employing different architectures.

The model reprogramming mentioned above [[13H15] pri-
marily focuses on reprogramming at acoustic embedding lev-
els. The input-sequence-based adaptation is still largely unex-
plored in the model input-based hot-fixing research for ASR.
In this paper, we delve into the potential of input-sequence-
based adaptation for streaming ASR and propose two variants
of the approach. The first “trigger-frame reprogramming”
adds a trainable input-frame-sequence at the beginning of the
speech feature sequence to initialize the encoder in the RNN-
T ASR model for better recognition of the target word for hot-



fixing. The second “predictor-state initialization™ approach is
equivalent to learning trigger-frames at token level for predic-
tion network initialization to improve recognition on the tar-
get word. We conducted experiments and analyses on wake
word verification tasks for streaming ASR systems to show-
case the effectiveness of our proposed methods and offer in-
sights into their limitations. While the proposed idea aligns
with the concepts of P-tuning [20,21]] and word-level adver-
sarial reprogramming (WARP) [22] in the NLP community, it
is worth noting that P-tuning’s training process takes place in
the embedding space and requires tokenization. In contrast,
WARP provides an alternative approach for input-text-based
adaptation, but its training process requires a trainable output
mapping. In summary, both P-tuning and WARP are designed
for NLP tasks and differ from our proposed approach, where
we aim to explore leveraging trainable parameters outside the
ASR model for adaptation.

2. PROPOSED APPROACH

2.1. Problem Formulation

ASR is a sequence-mapping process converting an input
speech feature vector sequence X = {xi,@9,....,xN},
where N is the number of input feature frames, to a word
label sequence Y = {y1,y2, .., Yi, -.., Yyu }, where U is the
number of words in the ASR hypothesis. In the context of
streaming ASR, the transformation occurs in an autoregres-
sive fashion, i.e. the prediction of output label y; depends
on the input speech features X, and the output labels Y;_
observed so far as shown in Eq. [T]

yi = [(X4, Y1) (D

The ASR model f(.) may sometimes predict some of the
output word labels, y;, incorrectly. For the incorrect output
labels, in this paper, we annotated them with a superscript ©,
e.g.,

y; = f(X, Y1) 2

The goal of our neural model reprogramming is to
find a reprogramming function g(.), where X, Y;_; =
9(X:,Y;_1), that fixes consistent recognition errors with-
out updating the ASR model f(.), i.e. Egq. becomes
y; = f(X;,Y;_1). The reprogramming function g(.) can
be trained using the standard gradient descent with back-
propagation from regular ASR losses, e.g., the RNN-T loss,
while freezing the ASR model f(.) during training. In this
paper, we specifically address ASR errors occurring at posi-
tion 7 = 1 for wake word recognition. However, the approach
should ideally be applicable to any position ¢ in the utterance.

2.2. Trigger-Frame Reprogramming

The trigger-frame reprogramming is realized by choosing the
transformation function g(.) in the following form:

9( X, Y1) = [T; X4],Yi 3)

, where T = (%1, ...,t5s) represents a sequence of M train-
able vectors with the same dimension of feature frames x;.
M is a tunable hyperparameter and is empirically set to 40
in this paper, where we experimented with different M's and
found that M = 40 worked the best on our validation data.
Note that the trigger-frames are prepended to the original fea-
ture sequence X; so that they will be fed into the streaming
ASR model before the real feature inputs, which provides the
opportunity for the trigger-frames to adjust the model hidden
states for better wake word recognition.

2.3. Predictor-State Initialization

In addition to applying the transformation at the input speech
feature, we may also choose ¢(.) to transform the output label
Y. 1, namely, g(X:,Y;—1) = X;,[T;Y;-1]. The advan-
tage of applying g(.) on Y;_; over X} is that the output label
has less frequent refresh rate, which means the effect of the
prepended vector may last longer while new observation vec-
tors come in. Also note that the effect of prepending vectors to
label sequence is to some extent equivalent to initializing the
hidden states of the prediction network in the RNN-T-based
ASR model, which is the implementation used in this paper.
In essence, rather than training the trigger-frame at the token
level, we directly learn the hidden-state vectors for the pre-
diction network initialization. This approach is referred to as
“predictor-state initialization.”

3. EXPERIMENTS

3.1. Experimental Setup
3.1.1. Data

Experiments are conducted on Text-to-Speech (TTS) syn-
thesized SLURP [23]] utterances with five different wake
words: Alexa, Cortana, Disney, Google, and Siri. We used
TTS from the ESPNet toolkit [24] to generate the audio
for the SLURP-based sentences with speaker profiles from
the LibriTTS dataset [25]. To ensure the correctness of the
TTS audio generation, we carefully removed all the SLURP
sentences where the ESPNet TTS system has pronunciation
errors. This is done by decoding all the TTS generated data
with the HUBERT XLarge [26] model from the TorchAu-
dio Wav2Vec2ASRBundle and manually examining all the
utterances where ASR hypothesis differs from the original
SLURP sentence. We adopt SLURP dataset training, vali-
dation, and evaluation partitions and selected approximately
half of the original SLURP sentences from each partition for
experiments.

For the validation and evaluation data, we selected 1,049
and 1,524 SLURP sentences for data generation. Since
SLURP sentences are voice commands without wake words,



Table 1. Example of the original SLURP sentence (w/o WW)
and the simulated “WW-Cortana” sentence.

w/o WW
WW

Send a request to Martin
Cortana send a request to Martin

we simply add the wake word to the beginning of the sen-
tences to create voice commands with wake words. Table [I]
shows examples of an original SLURP sentence and its cor-
responding sentence with the Corfana wake word. For each
wake word, we create the validation and evaluation sentences
for the wake word using all the 1,049 and 1,524 original
sentences. For TTS audio, two speaker profiles (one male
and one female) were used for the audio data generation for
each sentence. There is no speaker profile overlap among
train / validation / evaluation partition. The final validation
and evaluation data for each wake word are 2,098 and 3,048
utterances. In addition to the TTS data, we also include
the LibriSpeech [27] test-clean set in the model evaluation
to measure the impact of the adaptation approaches on the
model performance on its original task.

For training data, we only select 60 sentences from the
SLURP training partition to synthesize the 120 training utter-
ances for each wake word following the same process. The
120 training utterances for each wake word are used for train-
ing WW specific hot-fixing systems. We limited the amount
to only 120 utterances for the purpose of investigating the ef-
fectiveness of proposed approaches with limited training data.

In this paper, data sets for a specific wake word are de-
noted “WW-<wake_word_name>", e.g., “WW-Alexa”, and
simply “WW” when referring to all of them collectively. The
data sets based on the original SLURP sentences without
wake words are denoted as “w/o WW?”. For the LibriSpeech
test-clean set, we denoted it as “Libri”.

3.1.2. Systems

Our baseline model is the LibriSpeech [27] pretrained Em-
former RNN-T model [28] from TorchAudio (denoted as sys-
tem B1). The model has 76M parameters including 20 trans-
former layers in the transcription network and 3 LSTM layers
in the prediction network. The model has a high averaged
False Rejection Rate (FRR) at 98.1% for the five experimen-
tal wake words (see Table3) as those wake words are under-
represented in LibriSpeech training data.

Three hot-fixing approaches are compared: fine-tuning
(B2), trigger-frame reprogramming (E1), and predictor-state
initialization (E2). For each wake word, we train a dedi-
cated hot-fixed system using each approach, utilizing the syn-
thesized training data for the wake word with RNN-T loss.
For the fine-tuning system, the whole ASR model is updated;
while for the trigger-frame and the predictor-state initializa-
tion systems, the ASR model is frozen and only the trigger-
frames and the predictor initialization states are updated in

Table 2. Number of trainable parameter inside and outside
the ASR model for each systems.

# Trainable # Trainable
System Param inside  Param outside

ASR Model = ASR Model
B2: Finetuning 76 M 0
El: Trigger-Frame 0 3,200
E2: Pred-State-Init 0 3,072

the back-propagation process. We tune the hyper-parameters,
e.g., learning rate, for each wake word using the validation
data. The final checkpoints are selected based on validation
loss and the Word Error Rate (WER) performance on the Lib-
riSpeech dev-clean set. Table |2 show the trainable parame-
ter count for each system inside and outside the ASR model.
We evaluate general ASR performance using WER and the
WW recognition performance using the FRR, and False Ac-
ceptance Rate (FAR).

Table 3. The averaged FRR and WER over the five wake
words for the four systems in the experiment.

System FRR (%) w1 yﬁ%@\ Libri
’ B1: pretrained \ 98.1 \ 27.0 \ 7.8 \ 4.6 ‘
’ B2: finetuning \ 0.1 \ 4.0 \ 4.8 \ 4.7 ‘
E1: trigger-frame 22.9 11.5 8.9 4.8
E2: pred-state init 2.8 7.0 8.7 4.7

3.2. Experiment Results

Table [3| shows the performance of the four systems. The Lib-
riSpeech pretrained baseline B1 has very high FRR and WER
on the wake word test sets at 98.1% and 27.0%, respectively.
Fine-tuning the model (B2) with WW specific training data
reduces the FRR and WER to 0.1% and 4.0%, respectively.
However, this approach requires redeployment of the ASR
model. Both E1 and E2 reduce the FRR of the baseline B1
significantly as well with only 3k trainable parameters out-
side the pretrained ASR model B1. The E2 system has much
better FRR and WER on wake word test data, confirming our
hypothesis in section [2.3] that neural reprogramming applied
at output token level is more effective than reprogramming
at input feature level. All the hot-fixing systems have minor
WER degradation on Librispeech test-clean because of the
checkpoint selection criterion (section [3.1.2). The FAR for
all the systems is 0% for the same reason. Note that the WER
numbers for both E1 and E2 on “w/o WW” and “Libri” in
Table |3| are the decoding results with the trigger-frame and
predictor-state initialization applied ignoring the fact that we
already know there is no wake word presents in the utterance.



In the real wake word verification task, where the on-device
wake word result is available, the WER numbers will be much
closer to the baseline B1 as we only apply the hot-fixing when
on-device wake word result suggests so.

3.3. Utterance Position Limitation of the Approach

To gain a deeper understanding of whether the proposed ap-
proach can be applied beyond the initial utterance position,
we conduct an utterance position analysis. This is achieved
by adding different number of tokens before the wake word,
such as, “call” Cortana for position 2, “tell me” Cortana
for position 3, and so on. We then compare the miss recog-
nition rate for the wake word at the each position. Table
shows the text templates we used for each utterance position
analysis. Note that token sequences we add before the wake
word are popular phrases in LibriSpeech. This is designed to
ensure the pretrained LibriSpeech ASR model can correctly
recognize them so our miss recognition rate for each wake
word purely reflecting the error on the wake word. Figure
[ shows the result, where position 1 is the wake word re-
sult. Both trigger-frame (E1) and predictor-state initialization
(E2) show improvement over the baseline (B1) in all posi-
tions; however the magnitude of improvement reduces as the
target word moves further away from the beginning of the
utterance. This reduction is more significant for the trigger-
frame approach possibly because it operates at the acoustic
feature level, and the effect is diminished by the new incom-
ing feature frames. We plan to address this utterance position
limitation in our future investigation.

Table 4. Text templates used for each utterance position anal-

ysis.
Position Template
1 <wake_word_name> ...
2 Call <wake_word_name> ...
3 Tell me <wake_word_name> ...
4 How are you <wake_word_name> ...
5 Do me a favor <wake_word_name> ...

3.4. Understand how trigger-frames impact ASR output

Figure 2] provides visualizations of the learned trigger-frames
for hot-fixing the “Alexa” wake word at three stages during
the training process, along with their impact on the output
probabilities of the pretrained ASR model. Comparing the
input features and the token probability curves confirms that
the trigger-frame does not just replicate the wake word feature
sequence. Instead, it learns to utilize the frame content to
adjust the pretrained ASR model hypothesis, enabling it to
improve recognition of the target wake word.
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Miss Recognition Rate
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Fig. 1. The miss recognition rate for words at different utter-
ance position from the beginning of the sentence.
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Fig. 2. Visualization of the trigger-frames for “Alexa” and the
token probabilities for an “Alexa‘ wake word utterance in the
trigger-frame training process at step 0 (top), 200 (middle),
and 1,000 (bottom). “-” in token indicates word boundary.

4. CONCLUSION

In this paper, we introduce two innovative neural reprogram-
ming methods, namely, “trigger-frame reprogramming” and
“predictor-state initialization,” designed for streaming ASR
hot-fixing. Our experimental results on wake word verifi-
cation tasks highlight the effectiveness of both approaches,
showcasing a substantial reduction in FRR that is compara-
ble with whole-model fine-tuning, while utilizing a mere 3k
trainable parameters outside the ASR model. In-depth anal-
ysis shows predictor-state initialization out-performs trigger-
frame reprogramming in FRR at all utterance positions, de-
spite both constrained by utterance position limitations. Ad-
dressing these limitations is our future research focus.
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