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Abstract

On-device end-to-end (E2E) models are required to handle
long-tail vocabulary and a large number of acoustic conditions.
With finite amount of training data some of these conditions and
vocabulary words are unseen during training, which often leads
to recognition errors. Text-based contextual biasing is intended
to mitigate this problem, yet it works well only when sufficient
textual context is provided, and when the speech signal is well
modeled by the ASR system. In this work, we propose to extend
biasing to operate directly in the audio domain. We address a
scenario where audio samples and the associated transcriptions
are available, as is the case of manually corrected voice typing.
We propose to directly compare incoming audio embeddings
against a list of Audio Exemplars (AE), each associated with
a text correction. We demonstrate the effectiveness of our ap-
proach by correcting the outputs of a production-quality RNNT
model, which results in relative-WER reduction of 21.7% (one-
shot) and 33.7% (multi-shot) on the Wiki-Names data set.
Index Terms: on-device end-to-end models

1. Introduction

Automatic Speech Recognition (ASR) systems are required to
handle a large vocabulary and a large number of acoustic con-
ditions, in order to be useful. To obtain such large coverage
End-to-end (E2E) models, which map audio directly to text, are
typically trained with a large and diverse data set (as in [1]),
augmented with an inference-time ability to inject context into
the recognition process (e.g. contact names or phone numbers,
which are often misrecognized).

Injection of context information (often referred to as “bias-
ing”) in E2E ASR systems is typically done via direct mod-
ification of the recognition lattice, thus operating in the text
domain [2, 3, 4]. This works well when a prefix (or suffix)
is used to trigger biasing (as in “call john”). Other works at-
tempt to inject the text directly into the ASR model and learn
the contextualization process in an E2E manner - reducing the
need for a triggering prefix [5, 6, 7, 8]. These model-based
approaches attempt to modify the model’s internal representa-
tions to better match the given context phrases. These methods
tend to work well only if the acoustic conditions at test time
are well represented in the training data (e.g. accent and noise
conditions). Another problem with text-based biasing systems
is non-standard spellings, which can be somewhat mitigated by
using phonetic representations as in [9].

In this work we explore the extension of biasing to the audio
domain by utilizing Audio Exemplars (AE). Our system learns
from user-corrections of misrecognized utterances by extract-
ing audio exemplars from them and associating them with the
corrected text. In test-time, these exemplars are compared to
incoming audio and the ASR hypotheses are corrected if there
is a good match. See Fig. 1 for a system overview.

In our experiments we use Recurrent-Neural-Network-
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Figure 1: System Overview: (a) A user edits a recognized ut-
terance, and the system performs an extraction of the corrected
text, paired with the corresponding audio-exemplar, which is
then placed in an Exemplar Database (DB). (b) In test time an
incoming utterance is matched against the entire DB frame by
frame. (c) Matching exemplars are aligned to the test utterance
and the ASR output is corrected (patched) with the associated
text.

Transducer (RNNT) [10] both as an ASR system and as a source
for audio-representations, used as exemplars.

Our proposed system can work with a single audio-
exemplar (one-shot) or with multiple ones (multi-shot), corre-
sponding to first-time or a repeated user-correction. Our system
can handle mismatched acoustic conditions and words unseen
in training, including rare stylization (e.g. "Ke$ha”).

Our system is suitable for on-device streaming recognition
(for simplicity, we present a non-streaming implementation in
this paper, but all computations can be made streaming in prin-
ciple). Furthermore, our system can be integrated with existing
RNN-T solutions without a need for an architectural change or
even a dedicated training phase.

Exemplar-based systems have been used in ASR systems
before. Some examples include [11] where text-exemplars are
used with nearest-neighbours database for text-domain biasing.
In [12, 13] audio-exemplars are used for keyword detection, and
in [14] a database of frame-embedding is used to improve an
Acoustic Model. However, our work is the first, to the best of
our knowledge, that uses Audio Exemplars to improve large-
vocaublary speech recognition in an E2E setup.

We demonstrate the effectiveness of our Audio-Exemplar
approach on a new version of the Wiki-Names dataset [15],
where it achives relative-WER reductions of 21.7% (one-shot)
and 33.7% (multi-shot). We also combine our system with the
Neural Associative Memory (NAM) system, introduced in [7]
where we obtain 39.5% one-shot relative-WER reduction.

The reminder of the paper is organized as follows. In Sec-
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tion 2 we describe our method. In Sections 3 and 4 we describe
our experiments and results, and conclude in Section 5.

2. Corrections with Audio-Exemplars

The proposed correction process is depicted in Fig. 1. In this
section we describe it in more details.

2.1. Audio Representation

One basic requirement from an audio representation is robust-
ness to different acoustic conditions. This can be achieved by
using any pre-trained audio encoder. In this work we propose to
use the same RNN-T encodings that are used by our ASR sys-
tem. The main benefit from this choice is simple system deploy-
ment on devices that already support the RNN-T model. The
raw RNN-T embeddings can be read from any of the encoder’s
layers, and we denote them as X; € R with t € {1...T'}, for
a length 7" utterance. Individual features are denoted as X it

In order to reduce the variance in the raw features we per-
form whitening of the input features Xt by mapping them to
Xit = (Xit — pi)/o; where ; and o; are respectively the
feature’s mean and standard deviation across time.

2.1.1. Vector Suppression

Some vectors are too common to be used in an alignment (e.g.
those that corresponding to silence or background noise), and
might results in false matches (for example, see the dark region
at the start of the utterances in Fig. 2). We would like to sup-
press these vectors and exclude them while matching. To test
how common a vector is we compute the cosine similarity be-
tween all the frames in a given utterance and suppress the ones
with a large equivalence class. As neighbouring vectors are of-
ten similar to each other we only count vectors that are at least
C' frames away, and suppress the ones that are equivalent to at
least Cs such other vectors.

2.2. Exemplar Extraction

A user-correction is an edit operation that the user performs on
a span of text within the top recognized hypothesis, e.g. “fext
Jjoe mo” is corrected to “fext jomon” as in Fig. 1.a. We denote
by Yerr and Yeorr the misrecognized and corrected text spans
respectively.

Our first task is to find the start and end frames of Y,
which we denote ¢; and t.. We could set these to be the first
and last frames associated with the word-pieces of Ye,., but
this does not work well for RNN-T which tends to delay its
outputs and emit <blank> symbols while doing so. Therefore,
we include the <blank> outputs preceding Y.,, and push ¢
”backwards”, until hitting either a non-blank output symbol or
a suppressed vector (as defined in Sec. 2.1.1). With that our
exemplar is the vector sequence V' = X;_...X;, and we store it
in the exemplar database as the tuple [V, Yeorr].

‘We note that the estimation of both ¢, and t. may be inex-
act, and we account for this both in alignment generation (Algo.
1) and in the top hypothesis patching phase (Sec 2.5).

2.3. Exemplar Database Search

Given a test utterance U, we search all of its frames in the Ex-
emplar DB (Fig. 1.b). We group the set of matching vectors
returned from the database by exemplar-id, and only consider
exemplars with sufficient hits” for alignment.
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To reduce the DB search cost, any approximate nearest
neighbour search algorithm can be used (e.g LSH [16]). Mem-
ory footprint can be reduced by lowering the exemplar’s pre-
cision: we actually found that keeping just the sign (1 bit) is
sufficient for our whitened feature value distributions.

User-corrected: "Beyoncé (Vyasa) became an adult..”

Auto-corrected: “Rather we also (Vyasa) was believed..”
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Figure 2: A cosine distance map between all the frames of a
user-corrected utterance U (y-axis) and an auto-corrected test
utterance. The exemplar from U is extracted between times t
and t. (See details in sections 2.2 and 2.4). The dark region in
the start of the utterances is due to silence.

2.4. Exemplar Alignment

We now describe the alignment process (Fig. 1.c).

We align the frames of our test utterance U against detected
tuples {(V, Yeorr)}, returned from the exemplar DB. We start
by computing the cosine distance matrix M between all the fea-
tures of the test utterance U and V/, as in Fig. 2. Next, we use a
Dynamic Time Warping (DTW) [17] matching procedure with
insertion and deletion penalties (Algo. 1) that allows us to reject
poor matches.

We trace back the steps in the distance matrix D returned
by the alignment algorithm (Algo. 1) to obtain an initial partial
alignment between U and V. In order to improve recall we fur-
ther refine the alignment by allowing it to extend a few frames
in each direction. This refinement step is done on a smaller
search space then the first one thus does not require much addi-
tional computation. We note that the back tracking step can be
replaced by beam-search for streaming applications.

DTW allows local pace changes in the alignment, which
might lead to unrealistic false matches. To avoid these, we only
keep the largest span of matching frames that contract or expand
the aligned times by a factor of 3 or less.

2.4.1. Aligning Multiple Positive Exemplars

An advantage of our system over text-based systems is the abil-
ity to leverage multiple positive examples (same text, different
audio). The simplest approach for handling multiple positive
cases is to align each one of them separately and accept the
one with the best match. This is indeed the approach we take
in our experiments in Section 4.1, while leaving more complex
approaches as future work.



Algorithm 1: Dynamic Time Warping (DTW) with
Insertion / Deletion Penalties

Input:
Wins € R; // Insertion penalty
Wdel € R ; // Deletion penalty
M e R™™, // Cosine Distance

Output: D € RHDx(m+1)

Dij 0 Vi,j; // Initialize D

fori =0tondo
Do+t X Wyer ;
DO,'L’ — i X Wins 5

// Initialize D
// Initialize D
end

fori =1tondo

for j = 1tomdo

D;i_1j-1+ M;j ; // Match

Di,j — min
D;_1,j +wger; // Deletion

end
end

2.5. Hypothesis Patching

We now describe the automated correction process, which we
call patching (Fig. 1.c).

Given an alignment between a test utterance U and an ex-
emplar V' (associated with a correction Y.o,), we proceed by
determining a target range in U to be corrected. The target
range is determined by considering the largest range of frames
in U aligned to matching frames in V.

Next, we modify the top hypothesis transcript. We start by
determining the text span associated with the target range. Re-
placing that span directly may result in mid-word insertions, so
instead we extend both ends of the span until word boundaries
are detected. We then replace that span with Y,,-. While this
procedure might introduce word-deletions, it is found to per-
form well in practice.

3. Experiments
3.1. Datasets

We test our approach on a subset of the Wiki-Names cor-
pus [15](second version). The Wiki-Names corpus was de-
signed for entity mention personalization. This data set con-
tains read speech collected from 500 speakers. The text prompts
used for the data collection were extracted from US English
Wikipedia pages containing named entity mentions with type
“person” that are misrecognized by a reference ASR model.
This dataset is collected in a similar way to the first version [15],
but contains less accented speech, making it more suitable for
testing isolated user edits. We test on a 100 speakers, each asso-
ciated with 100 misrecognized utterances, covering 10 different
entities. We extract an exemplar from each utterance, discard-
ing exemplars shorter than 240ms (this happens in less than 1%
of the cases).

Each utterance also participates as a test utterance, where
it is tested against exemplars from other N, utterances with
matching entity (different audio) and N4 exemplars with dif-
ferent entity, which we call distractors. Altogether our exem-
plar database has size of N = Npos + Nneg, testing a sce-

D; j—1+ wWins; // Insertion
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nario in which a user has already made IV corrections. We set
Nneg = 80, unless specified otherwise and Ny, is varying
by experiment. The constants in our system were tuned over a
small held-out dev set.

3.2. ASR Model and Audio Embedding

The model we use for both speech recognition and audio em-
bedding is an RNN-T model with Cascaded Conformer En-
coder as in [18]. The model was trained with FastEmit [19]
which encourages the model to emit prediction earlier, this con-
tributing to the accuracy of the audio-to-wordpiece alignment.
The model was trained with multi-domain data, as described
in [1] and [20]. The encoder contains 12 causal (streaming) con-
former blocks followed by 5 non-causal (non-streaming) con-
former blocks. As input, the model uses 128-dimensional log-
Mel pre-processed as in [7]. We used a word-piece model with
vocabulary size of 4096 for the transcript tokenization.

For audio embedding we use 512-dimensional vectors read
as the outputs of the 10th causal conformer block, accounting
for 60ms of audio. We perform our experiments with 32bit pre-
cision but note that the memory footprint can be reduced by
keeping just the sign of the exemplar’s features (1bit per fea-
ture, or 61KByte per 1 minute of audio) - this seems to have
only a minor effect on WER.

3.3. Audio-Exemplars Detection and Correction Setup

For the Exemplar Search Phase (Section 2.3) exemplars are re-
turned from the database only if thay have at least 4 match-
ing vectors (cosine similarity of 0.7 or more) with a test vector.
These values where found to filter out 95% of the database with
no significant recall loss. For the Exemplar Alignment phase
(Section 2.4) We use wins = wqer = 0.2. For the refined align-
ment we extend the original match by 3 frames on each side and
realign with wins = wqer = 0.3. We accept an alignment of a
given exemplar if the number of test vectors marked as "Match’
by DTW (Algo 1), surpasses a specified Accept Threshold. Fi-
nally the top accepted exemplar (largest match) is used for text
patching (Sec. 2.5).

For vector suppression (Section 2.1.1) we use C's = 2 and
Cw = 3, and use the mean similarity of vectors separated by
Cy + 1 frames as equivalence-threshold.

3.4. Neural Associative Memory

Neural Associative Memory (NAM), introduced in [7] is a re-
cently proposed neural architecture that allows RNN-T model-
based-biasing by modifying the encoded audio representations
to account for given text bias phrases. We use the same setup as
in [7], but replace the underlying ASR system with the same one
as in our setup (Sec. 3.2). The NAM layer is placed on top of the
casual encoder (above the 12th conformer block), downstream
from the conformer block used for Audio-Exemplar extraction
(block 10). We provide NAM with a list of text bias phrases
from our exemplar DB. We test NAM in a setup that has one
correct match and 10 unique distractors.

4. Results
4.1. Same Speaker Matching

Table 1 shows the system’s performance with several Accept
Thresholds for the case of 1 match and 80 distractors in the Ex-
emplar DB (One-Shot setup). Table 2 shows similar statistics
for 0 matches and 80 distractors. We find that with an Accept



Threshold of 8 matching frames (480ms) we are able to ob-
tain 21.76% relative WER improvement in the case of a single
match while sustaining a 3.1% relative WER degradation for
the no-match case.

Accept | Precision | Recall | Base | Exp Rel.
Thresh. WER | WER | WER
4 74.5 71.7 222 | 1820 | 20.6
6 80.6 61.2 222 | 17770 | 227
7 87.1 50.5 222 | 1758 | 23.0
8 93.0 40.8 222 | 17.83 | 21.7
9 96.8 33.1 222 | 1830 | 193
10 98.5 26.9 222 18.8 16.6

Table 1: Same speaker, Exemplar DB with 80 distractors and 1
match (One-Shot).

Accept | FA Base Exp Rel.

Thresh. | Rate | WER | WER | WER
4 46.6 | 222 | 27.6 | -259
6 27.0 | 222 | 253 | -14.8
7 137 | 222 | 23.7 -1.5
8 55 222 | 228 -3.1
9 2.0 222 | 224 -1.0
10 0.8 222 | 223 -0.4

Table 2: Same speaker, Exemplar DB with 80 distractors, and 0
matches.

In Table 3 we set a threshold of 8 frames and vary the num-
ber of matching exemplars, Np,s. We see that with 8 positive
exemplars (and 80 distarctors) we can obtain 33.3% relative
WER improvement.

Npos Base Exp Rel.
WER | WER | WER

0 22.2 22.8 -3.1

1 22.2 17.8 21.7
4 22.2 15.8 30.6
8 22.2 15.2 333

Table 3: Same speaker, Exemplar DB with 80 distractors, and
multiple matches (Multi-Shot). Accept Threshold is set to 8.

4.1.1. Comparison to NAM

In Table 4 we compare our Audio Exemplars (AE) method with
the NAM biasing method [7], which was trained and tested in
matching conditions to ours. We also test a simple combination
of NAM and our AE system by running both simultaneously -
this works well since NAM modifies the embeddings of a higher
layer than the ones used for AE. We see that NAM performs bet-
ter than AE and their combination performs the best. In Table 5
we show that AE and NAM are in fact complementary, as these
correct different utterances. We plan to explore a more nuanced
system combination in a future work.

System Base | Exp Rel.
WER | WER | WER
AE (ours) 22.0 18.1 20.4
NAM 22.0 142 | 354
NAM + AE | 220 133 | 395

Table 4: Comparison of our method to other systems.

4.2. Speaker Independent Matching

In Table 6 we test a Speaker Independent (SI) setup where the
exemplars are taken from a different speaker as in the test utter-
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NAM NAM

Rejects | Accepts
AE Rejects 23% 41%
AE Accepts 13% 23%

Table 5: How often NAM and AE perform a correction as frac-
tion of test utterances.

ance. We compare it to the Speaker Dependent (SD) setup, that
was used for previous results. We note that with Np,, = 1 (sin-
gle positive exemplar) the SI recall is much lower, but improves
much with V.5 = 8. We note that relative WER gains remain
low even when the recall improves, due to alignment problems.
This result suggest that the embeddings we use are somewhat
speaker-specific. Indeed, SI biasing remains a challenge for our
system and we plan to improve it in future work.

Setup | Npos | Precision | Recall | Rel.
WER

SD 1 93.8 45.6 21.7
SD 8 97.9 68.2 333

SI 1 95.7 273 4.6
SI 8 94.6 45.7 11.2

Table 6: Speaker Dependant (SD) and Speaker Independent (SI)
Results, Exemplar DB with 80 distractors and Npos matches.

4.3. Error Analysis

Since we opt to operate in a high-precision regime our system
tends to make recall errors, due to short or low-similarity exem-
plars.

A different type of errors, on correct accepts, are introduced
in the patching process (Sec. 2.5). When examining our out-
puts we find that many of these mistakes are related to missing
possessive (e.g. rafi” instead of “rafi’s”), deletion of articles
(e.g. “the madison” is corrected to “madson” instead of “the
madson”) and repeated words (insertions) for a multi-word ex-
emplars, aligned to too little audio. These could be avoided by
replacing our heuristic patching process with a learned one. We
leave this as future work.

5. Conclusions

In this paper we presented a flexible, Audio-Exemplar (AE)
Contextualization method for E2E ASR that not require archi-
tectural changes and has only a small number of hyper param-
eters. We demonstrated the effectiveness of AE, especially in
a speaker-dependent setup. We further demonstrated that our
method can be used jointly with a NAM model to achieve fur-
ther gains.
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