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Abstract: Models for keyword spotting in continuous recordings can significantly improve the1

experience of navigating vast libraries of audio recordings. In this paper, we describe the de-2

velopment of such a keyword spotting system detecting regions of interest in Polish call centre3

conversations. Unfortunately, in spite of recent advancements in automatic speech recognition4

systems, human-level transcription accuracy reported on English benchmarks does not reflect5

the performance achievable in low-resource languages, such as Polish. Therefore, in this work6

we shift our focus from complete speech-to-text conversion to acoustic similarity matching in the7

hope of reducing the demand for data annotation. As our primary approach, we evaluate Siamese8

and prototypical neural networks trained on several datasets of English and Polish recordings.9

While we obtain usable results in English, our models’ performance remains unsatisfactory when10

applied to Polish speech, both after mono- and cross-lingual training. This performance gap shows11

that generalisation with limited training resources is a significant obstacle for actual deployments12

in low-resource languages. As a potential countermeasure, we implement a detector using audio13

embeddings generated with a generic pre-trained model provided by Google. It has a much14

more favourable profile when applied in a cross-lingual setup to detect Polish audio patterns.15

Nevertheless, despite these promising results, its performance on out-of-distribution data is still16

far from stellar. It would indicate that in spite of the richness of internal representations created17

by more generic models, such speech embeddings are not entirely malleable to cross-language18

transfer.19

Keywords: keyword spotting; speech embedding; Siamese networks; Automatic Speech Recogni-20

tion21

1. Introduction22

1.1. Keyword spotting23

The goal of a keyword spotter is to detect words of interest in continuous audio record-24

ings. These recordings can be provided either as prerecorded files of considerable length25

(offline processing) or real-time streaming data (online processing). Nowadays, key-26

word spotting is associated more often
:::::
more

:::::
often

::::::::::
associated with the latter scenario.27

The purpose of such a real-time detector is to catch utterances of a specific wake word28

provided by the user and activate a fully functional conversation with a personal digital29

assistant.30

However, offline usage of keyword spotting can be of great help when navigating31

vast libraries of audio recordings, pinpointing short regions of interest without the need32

to listen through the entire conversation. This feature is especially applicable to the33

mundane task of reviewing lengthy call centre recordings.34
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1.2. Paper overview35

In this paper, we describe a case study of developing such a proof-of-concept solution36

for spotting keywords in call centre recordings of a Polish bank. The system’s goal37

was to provide rapid localisation of predefined words of interest when reviewing call38

centre conversations with the client, which would help bank employees process clients’39

complaints more efficiently.40

1.3.
:::::::::
Approaches

::
to

:::::::
keyword

:::::::
spotting

:
41

In general, there are two main approaches that we can utilise for creating keyword42

spotters: speech-to-text conversion or audio similarity matching. Both of them have43

their strengths and weaknesses.44

1.3.1. Speech-to-text conversion45

The first approach consists of a full-scale automatic speech recognition (ASR) system46

transforming incoming audio streams into a textual representation. In this way, searching47

for regions of interest is converted to a trivial problem of finding words in a text stream.48

This approach has several advantages.49

First of all, the generated output has a much more desirable form. Instead of only50

locating particular keywords, the system provides the user with a complete transcription51

of the reviewed conversation. Such an output form can then be utilised for numerous52

additional purposes.53

A textual representation also helps when extending the dictionary of the system.54

As long as the speech recogniser generates a high-quality transcription, localising com-55

pletely new keywords is trivial and can be performed ex-post.56

Typical ASR systems have another advantage over audio content similarity match-57

ing, as they combine acoustic and language modelling information. Processing whole58

sentences enables the model to refine its predictions and eliminate implausible responses59

based on the probability estimate of a
::
the

:
generated word sequence. Language mod-60

elling can thus help lower the word error rate (WER) in comparison to the processing of61

words in isolation.62

Unfortunately, a
:::
the

::::::::::
ASR-based

:::::::::
approach

::::
has

:::::::
several

:::::::::::
drawbacks.

::::
For

:::::::::
instance,63

:::
any

::::::
errors

:::::::::::
introduced

::::::
during

::::
the

::::::::::::
transcription

::::::
phase

:::
are

:::::
final

::::
and

::::::
cannot

:::
be

:::::
fixed

:::
in64

::::
post

:::
hoc

::::::::
analysis

:::
by

:::::::::
adjusting

:::
the

::::::::
detection

::::::::::
threshold.

::::::::
Another considerable drawback65

of training a complete ASR system is the data intensity of this process. Various esti-66

mates place the requirements on training data availability at 2,000 hours of transcribed67

recordings for a viable system [1] and as much as 10,000 hours for production-quality68

results [2].69

While the high cost of model training on such a scale [2] effectively prohibits any70

further experimentation with the baseline systems, it is not the most problematic factor.71

Unfortunately, in mid-2021, there were no publicly available resources of transcribed72

Polish speech that would remotely meet the required scope of such a project. Conse-73

quently, using a complete ASR system is still not a viable option when processing Polish74

speech, despite the numerous advantages of this approach.75

1.3.2. Audio similarity matching76

Due to the aforementioned problems with data availability, we have opted for the second77

option, i.e. developing a keyword detection system based on the perceptual similarity of78

acoustic fragments. Figure 1 presents a schematic depiction of this approach. The main79

principle of such a system lies in sequentially processing small fragments of an input80

recording. Each extracted fragment is then compared to a set of predefined exemplary81

patterns representing specific keywords. If a significant similarity is found, the system82

reports detection of a given keyword at a particular point in time.83

As our similarity detector, we employ a Siamese neural network model. It is a84

metric-learning model that has been widely used in similarity ranking problems and is85
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Figure 1. Keyword detection based on audio similarity matching. This schematic depicts a typical
pipeline. An input recording is processed sequentially with a short rolling window (e.g. 800 ms).
The system compares each extracted fragment to a set of exemplary patterns predefined for each
keyword. The model then outputs a decision based on the distance between the fragment and
each pattern. If the distance is sufficiently small, a keyword occurrence is emitted for a given
timestamp.

specifically tailored to problems where examples of new classes are scarce, i.e. to few-shot86

learning [3]. We also compare Siamese models with prototypical networks [4], another87

solution popular in the domain of few-shot learning.88

The main advantage of such similarity-based approaches lies in more moderate89

data requirements, both in terms of quantity and quality of annotation. Instead of using90

detailed transcripts that are costly to procure, we can train detectors by providing pairs91

of word utterances with a binary “match”/“no match” label, a much more convenient92

data acquisition setup.93

Additionally, focusing on acoustic similarity allows for recognition of proper names94

that language modelling might filter out due to their rareness. The patterns might even95

represent data other than voice, as shown by Wang et al. [5]. By computing similarity96

in the domain much closer to the raw data representation, it is
::::::
would

:::
be also possible97

to search for fragments based on information usually lost during conversion, such as98

emotion, the rhythm of speech, and tone of voice.
:::::::::
However,

::
in

::::
this

:::::
work

:::
we

:::::
focus

::::::
solely99

::
on

::::::::
phonetic

:::::::::
matching

:::
of

:::::::::
keywords.

:
100

1.4.
:::::::
Research

:::::::::
hypothesis101

::::
Our

::::::::
research

::::::::::
hypothesis

::
is
:::::

that
:::::::
keyword

::::::::
spotting

::::::
models

::::
that

:::::::
employ

:::::::
acoustic

:::::::::
similarity102

::::::::
matching

::::::
should

:::::
allow

:::
for

:::::::
keyword

:::::::
retrieval

:::::
from

:::
call

::::::
centre

::::::::::::
conversations

::
in

::
a

:::::::::::
low-resource103

:::::::
language

::::::
setting

:
.
:

104

1.5. Research outcome105

Our experiments show that with a relatively diverse pool of examples used to train the106

acoustic embedding model, the performance of acoustic similarity matching is satis-107

factory when evaluated on synthetic benchmarks. Unfortunately, while such training108

resources are obtainable for the English language, we were unsuccessful in creating an109

equivalently robust model for Polish speech, as the project’s resources for annotating110

additional Polish recordings were limited. This performance gap underlines how prob-111

lematic it is to create keyword spotting systems for low-resource languages.112

However, as the pattern matching in such systems relies solely on acoustic similarity113

metrics, it should be, at least partially, language-agnostic .
:
–
:::
as

:::::::::
evidenced

:::
by

:::
the

:::::::
results114

::
of

:::::
Wang

::
et
:::
al.

:::
[5].

:
Therefore, a plausible solution would be to train a model on a high-115

resource language and use it directly on the low-resource language, hoping that such116

perceptual matching will be sufficiently accurate, despite the language difference. To this117

end, we perform several experiments by initially training models on various standard118

English datasets and using Polish patterns in further detection steps. Unfortunately,119

such models exhibit weak generalisation when switching between languages, even when120

augmented with additional Polish data during training. This problem could indicate121
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that the internal representation created by these models is highly specialised and attuned122

to the particular dataset.123

As a way to potentially overcome this issue, we also evaluate an approach that124

utilises more generic speech embeddings created with a model provided by Google [6]125

that was pre-trained on 200 million English audio clips from YouTube. Our analysis126

shows that this embedder creates a more nuanced internal representation of the keyword127

classes, capturing additional variability factors present in the dataset. It is also better128

at detecting Polish patterns, despite being trained on non-Polish speech. Although the129

handicap of an enormous training dataset definitely helps in the few-shot cross-language130

setup, the results are still far from stellar. A final evaluation on out-of-distribution target131

recordings shows viability only for a very limited subset of potential Polish keywords.132

1.6. Related works133

1.6.1. Automatic speech recognition134

The history of automatic speech recognition dates as far back as 1952 when Bell135

Labs released Audrey, a software that could recognise simple numbers. The next breakthrough136

came in the mid-1970s when researchers began to use hidden Markov models (HMMs).137

This approach has led to the development of many popular ASR systems, e.g. SPHINX138

[7]. Nowadays, with the introduction of more extensive datasets, faster computers,139

and GPU processing, a new ASR paradigm, end-to-end speech recognition with deep140

learning, has mostly supplanted other methods.141

For instance, in 2014, Hannun et al. [8] developed a recurrent neural network142

system called Deep Speech, which outperformed previously published results on the143

widely studied Switchboard Hub5’00, achieving 16.0% error on the full test set. This144

concept was refined in further instantiations of the model [2,9].145

In 2016, Oord et al. [10] introduced WaveNet, a probabilistic and autoregressive146

generative model designed for speech synthesis. However, it can also be used discriminatively147

for speech recognition. The authors report a phone error rate (PER) of 18.8% on the TIMIT148

dataset.149

A year later, in 2017, Microsoft combined convolutional neural networks with bi-150

directional-LSTM layers in a conversational speech recognition system [11]. This setup151

yielded a 5.1% word error rate on the 2000 Switchboard evaluation set.152

Nowadays, fully convolutional end-to-end acoustic models, like Jasper [12] or153

QuartzNet [13], report a WER below 3.0% on LibriSpeech test-clean evaluation when154

combined with transformer-based language models.155

An even more recent approach, Conformer [14], proposes a convolution-augmented156

transformer model for speech recognition, achieving state-of-the-art accuracies on the157

LibriSpeech benchmarks.158

While these results on English benchmarks are remarkable, the problem with current159

approaches lies in their data intensity. The referenced models were trained on datasets160

containing hundreds or even thousands of hours of transcribed English speech. Simple161

adoption of these techniques to Polish ASR systems is thus impossible.162

1.6.1. Keyword spotting163

Since the advent of deep learning models in speech processing, researchers have also164

proposed numerous variants of such approaches for keyword spotting. Many of these165

models have been smaller-footprint versions of typical video and audio processing166

solutions. Unfortunately, most initial evaluations of models employing convolutional167

neural networks [15] and recurrent neural networks [16] used proprietary recordings168

for training and validation. More recently, by introducing the Speech Commands169

dataset [17], Warden established a popular public framework for benchmarking keyword170

spotting systems.171

The most prevalent evaluation protocol for Speech Commands v1 employs an172

80:10:10 split between training, validation, and testing data, selecting 10 of the 30 words173
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in the dataset as target commands. The remaining 20 words create a single negative174

category (unknown word), while additional ambient recordings serve as a silent class,175

resulting in 12 classification options. Standard training data augmentation consists of176

random shifts and noise injection.177

The baseline method provided by the author [17] attains a top-1 classification accu-178

racy of 85.4% with a simple convolutional architecture [15] operating on 40-dimensional179

log-mel filter bank features. Slightly better performance is achievable with convolutional180

neural networks using 40-dimensional MFCC features [18]. By combining a broad hy-181

perparameter sweep with depthwise separable convolutions, Zhang et al. were able to182

bring the accuracy up to 95% even with resource-constrained architectures [19].183

In a similar vein, de Andrade et al. [20] applied a recurrent neural attention model184

to the task of speech command recognition achieving an accuracy of 94.1% on Speech185

Commands v1 with 80-band mel spectrograms. Zeng and Xiao [21] reported similar186

levels for baseline LSTM/CNN architectures, which they were able to improve up to187

96.2% through the application of BiLSTM layers to a DenseNet model. What is even188

more noteworthy, these kinds of results are attainable even with low-footprint models189

suitable for speech recognition at the edge with less than 100,000 parameters (96.3%190

with EdgeSpeechNets [22], 96.1% reported for CNNs with temporal convolution over191

spectrograms [23], 96.4% with parametrized sinc-convolutions [24], and 97.5% with a192

bigger version of MatchboxNet [25]). When the number of parameters is not an issue,193

current state-of-the-art approaches can achieve even higher accuracy levels with MoEx194

(moment exchange) feature regularisation on wide ResNet models (98.0% with WRN-28-10195

consisting of 36.5 million parameters) [26].196

Considering these stellar results, it might seem that keyword spotting is a solved197

problem. However, the accuracy of classifying isolated excerpts from the Speech Com-198

mands dataset might not translate to actual performance when working on continuous199

audio streams. Real scenarios involve unknown word boundaries, more variance in200

noisy conditions, and a highly imbalanced class distribution between trigger words201

and background information. This fact was brought up even in the original Speech202

Commands paper [17]. It has shown that a baseline model, with 88.2% accuracy of203

classifying isolated words from version 2 of the dataset, detects keywords with a 46.0%204

true positive rate when applied to a synthetically generated one-hour audio stream.205

While some papers were able to report much more promising results in this area of206

streaming keyword spotting, they were either limited to a detection of a single wake-207

word [27] or used proprietary datasets of unprecedented scope, e.g. 1 million training208

utterances of “OK/Hey Google” [28,29]
:::
and

::::::::::
recordings

::
of

:::::::
several

:::::::::
hundred

:::::::::
thousand209

:::::::
subjects

::::::::::
interacting

:::::
with

:::::
Alexa

:::::::
devices

::::
[30].210

1.6.2. Speech recognition in low-resource settings211

::::
Over

::::
the

:::::
years,

::::::
many

:::::::::
successful

::::::::::
approaches

:::
to

:::::::
English

::::
ASR

::::::::
[2,8–14]

::::
have

::::
been

:::::::::
proposed212

::
in

:::
the

:::::
form

::
of

:::::::
various

:::::
deep

::::::::
learning

:::::::
models.

::::::::::::::
Unfortunately,

:::::
these

:::::::
models

:::::
were

:::::::
trained213

::
on

::::::::
datasets

::::::::::
containing

::::::::::
hundreds

::
or

:::::
even

::::::::::
thousands

:::
of

::::::
hours

::
of

:::::::::::
transcribed

::::::::
English214

:::::::
speech.

::::::
Simple

:::::::::
adoption

::
of

:::::
these

::::::::::
techniques

::
to

::::::
Polish

:::::
ASR

:::::::
systems

::
is

::::
thus

:::::::::::
impossible.

:
215

There were some previous attempts to create speech recognition systems for216

::::::::::
specifically

:::
for

:::
the

:
Polish language. However, they are mostly several years old and217

based on non-neural network methods. Some examples include systems based on hid-218

den Markov models [31], k-nearest neighbours [32], and speech n-grams [33]. Results219

achieved with these methods are not satisfactory, therefore they were not considered220

further in our project.221

A recent development in global ASR research is the introduction of models trained222

on large amounts of unlabelled data. These methods swap the effort in data collection223

for computational time. By analysing vast collections of raw recordings, they can create224

more robust and powerful speech representations that can also facilitate knowledge225

transfer to low-resource languages.226
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An example of this approach is the wav2vec 2.0 framework introduced by Face-227

book [34]. It uses a contrastive self-supervised learning procedure to create latent speech228

representations. After pre-training on unlabelled data, the Connectionist Temporal Classifi-229

cation (CTC) loss is used to refine the model further on downstream tasks with labelled230

data. The main advantage of this approach is the tremendous drop in the requirements231

for data annotation. Wav2vec 2.0 can achieve a WER of 2.9% on LibriSpeech test-clean232

with as little as one hour of labelled data. For such an outcome to occur, a high price233

has to be paid when training the model. The most performant variant consisting of 24234

transformer blocks needs the equivalent of roughly 2 GPU years of training on a V100 to235

process the 53,200 hours of LibriVox recordings.236

An extension of this concept has led to the introduction of XLSR-53 [35], a large237

model pre-trained on 56,000 hours of recordings in 53 languages. It has shown re-238

markable reductions in phone error rates when evaluated on various languages of the239

Common Voice dataset, with as little as one hour of labelled data required for fine-tuning240

the final model. Based on these results, XLSR-53 seems to be the most promising ap-241

proach for speech recognition in low-resource languages to date. Due to its complexity,242

recreating such a model requires a considerable implementation effort and access to a243

GPU cluster. Unfortunately, Facebook released the pre-trained model only near the very244

end of 2020, after the conclusion of our project’s development. Nevertheless, for future245

endeavours in Polish ASR, it is an interesting possibility to explore.246

However, in our work, we have opted for the help of a different pre-trained solution.247

In 2020, a team from Google Research released a speech embedding model trained on248

200 million 2-second audio clips from YouTube [6]. This convolutional model aims to249

convert an audio stream into a stream of 96-dimensional features vectors. Each generated250

embedding vector encodes speech content in windows of approximately 800 ms, every251

80 ms. To ensure the reusability of these embeddings, the model was pre-trained on252

an arbitrary set of 5,000 keywords split randomly over 125 keyword spotters sharing253

the embedder backbone. After 40 GPU days of training, the embedding backbone254

has been released on TensorFlow Hub for reuse. The authors have shown that these255

generic embeddings could limit the amount of data needed for creating a robust Speech256

Commands keyword classifier. They were also successful in partially substituting real257

training data with synthesised speech. Therefore, we have chosen this approach as a258

potential solution for our data availability problem.259

1.6.3. Voice datasets260

Various voice datasets suitable for speech recognition and keyword spotting tasks are261

used for training neural network models. While many datasets are strictly proprietary, a262

handful of them are distributed with more permissive licenses.263

One of the most popular in this area is the already mentioned Speech Commands264

by Google [36]. Its second version consists of 35 different words in English, spoken by265

2,618 different speakers, totalling 105,829 utterances. The Speech Commands dataset is266

available for download from the TensorFlow Datasets catalogue.267

Common Voice [37], an initiative of the Mozilla Foundation, is on the way to become268

the most significant publicly available dataset of voice recordings. It contains various269

sentences read by volunteers in many languages and is freely distributed under the270

Creative Commons Zero license. Everyone can contribute to the development of this271

dataset by recording their voice through a browser or a mobile phone. The quantity of272

sentences varies between languages, with English having the most significant share.273

Initially, the dataset incorporated new languages when a sufficient number of274

recordings was amassed. Hence, the Polish version was publicly distributed for the275

first time only in Common Voice Corpus 5.1, in the later stages of our project’s timeline.276

Nevertheless, the total length of validated recordings, reaching approximately 100 hours,277

would be insufficient for training a complete ASR system either way. In mid-2021,278
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more than 70 languages are publicly available. However, the distribution of recordings279

between languages remains very uneven.280

Common Voice Single Word Target Segment was a spin-off dataset published281

alongside Corpus 5.1, resembling an extension of the Speech Commands concept across282

multiple languages. It contains recordings of spoken digits, as well as the words yes, no,283

hey and Firefox. Number of speakers varies greatly by language.284

Another popular voice dataset is LibriSpeech [38]. It is a collection of around 1,000285

hours of sentences in English. Recordings are annotated on a sentence rather than word286

level, making it more suitable for speech recognition tasks than keyword spotting.287

The Spoken Wikipedia Corpus [39] is a collection of Wikipedia articles read by288

volunteers. It contains 182 hours of word-aligned transcriptions in English, 249 hours289

in German, and 79 hours in Dutch. Based on this dataset, Wang et al. [5] have suc-290

cessfully employed prototypical networks for few-shot keyword detection, also in a291

cross-language evaluation. However, their problem formulation assumed that, in the292

detection phase, the keyword spotter is provided with exemplary patterns belonging293

to the same speaker as the speaker in the analysed recording. This availability of very294

similar patterns is in contrast to our project’s assumptions. We expect keyword search-295

ing to function equally well in a cross-speaker regime, generalising to completely new296

speakers not encountered in the training set.297

When deploying speech recognition models, some problematic aspects concerning298

voice datasets have to be considered. For instance, although the datasets described in299

this section use permissive licenses, many other datasets may come with limits on their300

research and commercial usage.301

Another very significant problem is language availability. Numerous datasets are302

available in English. However, finding a good dataset in other languages is often not303

easy, as they tend to have much less data or insufficient quality. This deficiency makes304

speech recognition and keyword spotting tasks outside English very difficult. Although305

several authors, apart from the Common Voice project [37], have prepared Polish voice306

corpora, they are either limited in recording length [40–42], not easily downloadable for307

offline use [43,44] or proprietary [45]. An interesting dataset that we encountered only308

at the time of writing
::
A

::::::::::
potentially

::::::::::
interesting

::::::
dataset

:
is SNUV (Spelling and NUmbers309

Voice database) [46] that contains 220 hours of Polish speakers reading numbers and310

spelling words. However, due to the lack of complete word utterances
:::::
(only

::::::::
spelling),311

its usability in training keyword spotters might be limited.312

2. Materials and Methods313

During the development of our keyword spotting system, we have conducted several314

experiments with various training and evaluation datasets, both in English and Polish.315

All the experiments in keyword detection adhere to the same pattern.316

First, we prepare the datasets by preprocessing the recordings into mel spectrograms317

and dividing the data into three parts, described in section 2.1:318

• training data - single-word utterances used for training the acoustic similarity319

model,320

• search patterns - keyword examples used as templates for comparison with frag-321

ments of the analysed evaluation recording,322

• evaluation recordings - longer recordings used to assess how well the model detects323

keywords.324

Following this step, we train the acoustic similarity model on single-word utter-325

ances. In our work, we consider two different types of models that we train from scratch:326

a Siamese convolutional neural network (Siamese) and a prototypical network (Prototyp-327

ical). We also use a pre-trained speech embedder (Google) for comparison. Section 2.2328

describes in more detail the architectures of these models and the training procedure.329
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After training, the similarity models work by calculating distances between a pro-330

vided recording fragment and predefined keyword patterns. For each time step, this331

mode of operation provides distinct similarity values for each of the analysed keywords.332

Therefore, as the last step, we use a detector to aggregate all this information into333

actual detection decisions based on the configured similarity threshold level. In this334

phase, we also introduce some temporal smoothing and filtering to make the predictions335

more robust. We provide more detailed detector configurations in section 2.3.336

2.1. Datasets and data preprocessing337

The main goal of our system was to detect 22 pre-selected keywords in Polish call centre338

recordings provided by our industrial partner. These recordings came as an unlabelled339

collection of couple hundred conversations of differing lengths (from minutes to more340

than an hour) registered with standard call centre equipment at 8 kHz. Unfortunately,341

privacy concerns with this dataset resulted in stringent local access policies that proved342

to be problematic in combination with the ongoing pandemic restrictions. Therefore,343

we could effectively use this dataset only to evaluate the final system, with potentially344

significant domain shift.345

In this less than ideal scenario, we had to resort to several other datasets, with346

different characteristics, for training and interim validation. Some of the datasets contain347

real audio recordings, while others are generated as synthetic mixtures. The original348

sampling rates of the datasets are varied, but we initially downsample all data to 8 kHz,349

which is the sample rate of the target recordings. We provide specific parameters of350

spectrogram preprocessing for each of the model types in Table 1.351

Table 1. Parameters of mel spectrogram preprocessing for each model type.

Model type Siamese Prototypical Google

Sample rate 8 kHz 8 kHz 16 kHz
Segment duration 0.8 s 0.8 s 0.775 s
Mel bands 40 40 32
FFT window 512 512 400
Hop length 160 160 160
Centring false false false

It is worth noting that the Google model has its processing sample rate set to 16 kHz.352

This setting aims to match the original training configuration [6]. However, as all our353

source recordings are initially downsampled to 8 kHz, the available information is the354

same for all models. Moreover, this discrepancy is also negligible as, effectively, the355

pre-trained speech embedder only uses log-mel features up to 3.8 kHz [6].356

2.1.1. Training data357

This section provides short descriptions of the training datasets. We use training folds for358

creating the similarity model and validation data for interim monitoring. Test folds either359

serve as the basis for evaluation mixtures or are discarded. We initially downsample360

all recordings to 8 kHz. Where needed, we also refactor the datasets for the purpose361

of prototypical training by further splitting the data into query and support subsets
:::
by362

::::::::
selecting

::::::::
speakers

:::::
with

:
a
:::::
75:25

:::::
ratio. Table 2 presents the aggregated statistics for the363

datasets.364

Speech Commands ( SC 1, SC 2, ΔSC)365

Speech Commands datasets [17] are defined as follows: SC 1 contains words from 30366

classes, SC 2 is a superset of SC 1 extended to 35 classes, while ΔSC contains words from367

the five classes that are present exclusively in SC 2. All recordings contain an utterance368

of a single word. We follow the original structure of the dataset by using the pre-defined369

data splits.370
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Table 2. Statistics of the training datasets.

Dataset Language Samples Classes Speakers Acronym

Speech Commands v1 64,727 30 1,881 SC 1
Speech Commands v2 105,829 35 2,618 SC 2
Speech Commands “delta” 7,967 5 663 ΔSC
Common Voice Single Word 26,070 14 3,519 CV
Common Voice Single Word 898 14 86 CV
Spoken Wikipedia Corpus 429,354 4,657 372 SWC
Warsaw University of Technol-
ogy

1,058 36 29 WUT

Text-to-Speech 39,809 5,687 7 TTS

Common Voice Single Word ( CV, CV)371

Common Voice Single Word datasets [37] are available both in English and Polish. Each372

recording contains a single word. We prepare the dataset by splitting it into train,373

validation and test folds with a 80:10:10 ratio.374

Spoken Wikipedia Corpus ( SWC)375

Spoken Wikipedia Corpus [39] contains English Wikipedia articles read by volunteers.376

Based on the provided annotations, we extract single word fragments that fit our con-377

straints: they have a sample duration between 200 ms and 1,000 ms, a keyword length378

of at least three characters, at least five unique speakers for a given keyword, and at379

least ten samples in total. We limit the number of samples per single keyword/speaker380

combination to five occurrences. We then split the created collection into 80:20 training381

and validation folds.382

Warsaw University of Technology ( WUT)383

Warsaw University of Technology dataset is a small collection of single word utterances384

based on our list of target Polish keywords extended with 14 classes with high acoustic385

similarity. The word examples are recorded with personal devices by employees of the386

Artificial Intelligence Division at the Warsaw University of Technology and the personnel387

of mBank SA. The dataset is used exclusively for training purposes.388

Text-to-Speech ( TTS)389

Text-to-Speech keywords dataset contains Polish spoken words generated with Azure390

and Google text-to-speech services. We use two forms of this dataset. For pattern391

matching, we limit the keywords to the 22 classes of the target evaluation. For training392

purposes, we extend the vocabulary with additional words found while scraping the393

bank’s website. This process results in a total of 5,687 classes generated with seven TTS394

voices.395

Combined datasets ( ALL, ALL)396

Combined datasets, as the name suggests, are composed from the datasets described397

earlier. For English language, we merge Speech Commands v2 ( SC 2), English398

Common Voice Single Word ( CV) and Spoken Wikipedia Corpus ( SWC). For399

Polish language, the combined dataset consists of the Polish Common Voice Single Word400

( CV), Warsaw University of Technology ( WUT) and Text-to-Speech recordings401

( TTS).402

2.1.2. Search patterns403

Herein, we briefly describe the collections of recordings that we use in our experiments404

as keyword templates in the matching process.
:::
For

::::
each

::::::::
keyword

::::
we

:::
use

:::
10

::::::::::
recordings405

::
as

:::::::::
templates.

:
406
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Speech Commands ( SC 1, ΔSC)407

Speech Commands search patterns are generated directly from the respective SC 1 and408

ΔSC datasets. For each keyword, we select ten random examples from the datasets’409

merged training and validation folds. The datasets consist of 30 and 5 classes, respec-410

tively.411

Target keywords ( KW)412

We create these search patterns based on the Warsaw University of Technology and413

Text-to-Speech recordings. The dataset contains ten examples for each of the 22 target414

keywords, although only 19 keywords are actually present in the evaluation recordings.415

2.1.3. Evaluation recordings416

This section describes the datasets we use for evaluation purposes.417

Synthetic mixtures ( SC 1Mix, ΔSCMix, KWMix)418

We create synthetic evaluation recordings by combining the utterances from the Speech419

Commands datasets ( SC 1 and ΔSC) as a single continuous audio stream. The420

utterances come from the respective test folds. In each case, we place 20 keyword421

samples per recording with random delays between each occurrence. We generate 50422

random evaluation mixtures in this way. For the Polish language, we generate these423

mixtures based on 1,136 hand-annotated keyword examples from YouTube audio clips.424

:::
All

:::::
these

:::::::::
synthetic

::::::::
mixtures

:::::::
contain

:::::
only

:::::::::
keywords

::::::::
detected

:::
in

:
a
::::::

given
::::::::
scenario,

:::::
and425

:::
are

:::::::
merged

::::
into

::::::::::
continuous

::::::
audio

::::::
stream

:::
by

:::
us.

:
426

Speech Commands overlay on VoxCeleb (semi-synthetic) ( SC 1Vox )427

This evaluation dataset consists of Speech Commands keywords overlaid on various428

backgrounds in the form of VoxCeleb [47] conversations. For each evaluation recording,429

we use a single keyword occurrence and two conversation fragments with a total length430

of approximately 15 seconds. We generate 20 recordings for each keyword.431

Target keywords in YouTube recordings (authentic) ( KWReal)432

As our most realistic evaluation protocol, we use authentic fragments of continuous433

speech extracted from various YouTube audio clips. Each fragment contains at least434

one target keyword and lasts from a couple of seconds to more than a minute. We435

annotated these fragments by hand. The recordings are separate from the synthetic436

mixtures ( KWMix).
:::::
These

::::::::::
recordings

::::
are

::::
real,

::::
and

:::::::
contain

::::::::::
numerous

::::::::::::
background437

::::::
words

::::::
which

:::
are

:::
not

::::
the

:::::::::
keywords

:::
we

:::::
wish

::
to

:::::::
detect.

:
In total, we use 344 recordings438

with 511 keyword occurrences.439

Call centre target keywords ( CCReal)440

This dataset was provided by our industrial partner. It consists of several hundred441

recordings from the bank’s call centre, with conversation lengths varying from seconds442

to hours
:
,
::::::::
sparsely

::::::::::
distributed

:::::::::::
occurrences

::
of

:::::::::
keywords

::::
and

::::::
noise

::::::
typical

:::
for

::::
call

::::::
centre443

:::::::::
recordings. The recordings are provided in a typical call centre quality, an 8 kHz sample444

rate, and are unlabelled. During the project’s time frame, the keyword labelling was445

performed for about 20% of the provided recordings. The availability of the dataset446

was strictly limited due to stringent privacy regulations, so we only tested our final447

approaches on it, as it required much coordination and effort to launch it on the bank’s448

infrastructure.449

2.2. Similarity ranking models450

In this part, we briefly provide the specifications for our models and training procedures.451
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Figure 2.
:::
The

::::::::::
architecture

::
of

:::
the

::::::::::
embedding

::::::
model.

::::::
Layer

::::
types

:::::::
denoted

:::
as:

::
D
::

–
:::::::
dropout,

::::
BN

:
–
:::::
batch

::::::::::::
normalisation,

::
C
::
–
::::::::::::
convolutional,

:::
MP

::
–
:::::::::::
max-pooling,

:::::::
LReLU

:
–
:::::::::::

LeakyReLU.
::::
Both

::::
the

::::::
Siamese

::::
and

::::::::::
prototypical

:::::::
models

:::
use

:::
the

::::
same

:::::::::
embedder

::::::::::
architecture,

:::::
albeit

:::::
with

:::::::
different

::::
loss

:::::::
functions

::::
and

:::::
input

::::::::::
formulation.

2.2.1. Siamese convolutional neural network452

As our primary similarity ranking model, we use a Siamese neural networkwith
:
.
::::
The453

::::
goal

::
of

::::
this

::::::
model

::
is

::
to

::::
map

:::::
pairs

:::
of

::::::::
examples

::::
into

:::::
pairs

:::
of

::::::::::
embedding

:::::::
vectors.

::::::::
During454

::::::::::::
optimisation,

::::::::::::
embeddings

::
of

:::::::::
examples

::::::::::
belonging

::
to

::::
the

:::::
same

:::::
class

::::
are

::::::
placed

::::::
close455

:::::::
together

:::
in

:::
the

::::::::::
embedding

::::::
space.

:
456

::::
The

::::::::
network

:::::::
consists

::
of

:
two identical convolutional branches serving as a speech457

embedder. In practice, we employ only one instantiation of the convolutional embedder458

as both branches are identical clones, with shared parameters.459

The convolutional embedder uses a typical VGG-like architecture,
:::::::::

depicted
:::
in460

::::::
Figure

::
2,

:
with four convolutional blocks, two dense layers, and a linear embedding.461

Each block combines 3 × 3 padded convolutions with batch normalisation, Leaky ReLU462

activations, max pooling, and 10% dropout. We use 32-64-128-64 filters, accordingly.463

After each dense layer (128 and 256 neurons), we add batch normalisation, Leaky ReLU,464

and 10% dropout. The final embedding has an output size of 128 features. We normalise465

the input recordings with 10% dropout and single-channel batch normalisation.466

::::
The

:::::::
Siamese

::::::
model

::::::::
training

:
is
::::::
based

:::
on

:::
the

::::::::::
contrastive

::::
loss,

:::
i.e.

:::
for

:::::
pairs

::
of

::::::::
training

::::::::
examples

::::::::

⟨

Xi,Xj
⟩

:::::::
created

:::::
with

::
a
:::::
given

:::::::::
selection

::::::::
strategy

:::::::::
(⟨i, j⟩ ∈ P)

::::
we

::::::::
calculate

::::
the

:::
loss

::::::
value

:::::::::
according

::
to

:::
the

::::::::::
following

::::::::
formula:

(W, X,Y) = 1
|P|

∑

⟨i,j⟩∈P

(

(1 − Y
⟨i,j⟩) ⋅DW(Xi,Xj) + Y

⟨i,j⟩ ⋅max
(

0, m−
√

DW(Xi,Xj)
)2)

:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

(1)

::::::
where

::
W

:::::::::
specifies

:::
the

::::::::
weights

:::
of

:::
the

:::::::::::
embedder,

::::
Y
⟨i,j⟩:::::

term
::::::::

defines
::
if

:::
the

::::::::::
examples

::::::
(Xi,Xj)::::

are
:::::::
similar

:::::::::
(Y

⟨i,j⟩ = 0)
:::
or

:::::::::
dissimilar

::::::::::
(Y

⟨i,j⟩ = 1),
::::
DW:::

is
:::
the

:::::::::
similarity

::::::::::
(distance)

:::::::
function

::::::::
defined

:::
for

:::
the

::::::::::::
embeddings

:::::::::::::::::

⟨

GW(Xi), GW(Xj)
⟩

,
::::
and

::
m

::
is

:::
the

:::::::
margin

::::::
value.

:::
In

:::
our

::::
case

:::
we

::::
use

::::::::
squared

:::::::::
Euclidean

:::::::::
distances,

::::
i.e.:

DW(Xi,Xj) =
‖

‖

‖

GW(Xi) −GW(Xj)
‖

‖

‖

2

2
::::::::::::::::::::::::::::::

(2)

::::
This

::::
loss

:::::::::::
formulation

::::::
keeps

:::
the

::::::::::::
embeddings

::
of

:::
the

::::::
same

::::
class

::::::
closer

::::::::
together.

::::
On

::::
the467

:::::
other

:::::
hand,

:::
the

::::::::::::
embeddings

::
of

::::::::
different

:::::::::
keyword

::::::
classes

:::
are

:::::::
pushed

::::::
away,

::
so

::::
that

:::::
they468

::
do

::::
not

:::
fall

::::::
inside

:::
the

::::::::
margin,

::
as

:::::::::
illustrated

:::
in

::::::
Figure

::
3.

:
469

We train the model for 100 epochs, using the Adam optimiser with default hy-470

perparameters and a learning rate of 0.001, by optimising the contrastive loss based471

on squared Euclidean distances with a
::::
with

::
a
::::::::::
contrastive

:::::
loss margin of 1.0. We use472

50,000 training examples per epoch. In each epoch, we generate a number of
:::
200

:
training473

episodes, consisting of 25 classes per episode and 10 samples per class. Our pair selection474

procedure uses the hard negative variant, i.e. we first create all possible positive pairs475

(matching keywords)
::::
from

:::
the

::::::::
samples

:::
in

:::
the

:::::::
current

:::::::
episode, and then we generate476

a corresponding
::
an

:::::
equal

:
number of negative pairs selecting examples with the smallest477

distances.478
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Figure 3.
::::::::
Overview

::
of

:::
the

:::::::
Siamese

:::
and

::::::::::
prototypical

:::::::
training

::::::::::
approaches.

:::::::
Siamese

::::::::
networks

::::
use

:
a
:::::::::
contrastive

:::
loss

::
to
:::::
make

:::::::
pairwise

:::::::::::
comparisons

:::::::
between

::::::::
examples

::::
from

:::
the

::::::
dataset

::
X.

:::::::::
Examples

::::
from

:::
the

:::::
same

::::
class

:::
are

::::::::
attracted

::
to

:::::
each

:::::
other,

:::::
while

:::
the

::::::::
examples

:::::
from

:::::::
different

::::::
classes

::::
are

::::::
pushed

::::
back

::
if

::::
their

:::::::
distance

:
is
:::::
lower

::::
than

:::
the

:::::::
defined

::::::
margin

::
m.

::::
The

::::::::::
prototypical

::::::::
approach

::::
uses

::::::::
additional

:::::::
support

::::::::
examples

::
S.

:::::
Their

:::::
mean

:::::
vector

:::::::
defines

:::
the

::::
class

:::::::::
prototype.

:::::
Query

:::::::::
examples

:
Q
:::

of
:::
the

::::
same

::::
class

:::
are

::::::::
attracted

::
to

::::
this

::::::::
prototype,

:::::
while

:::::::
queries

::
of

:::::::
different

::::::
classes

:::
are

:::::::
pushed

::::
back

::
in

:::
the

::::
same

::::
way

::
as

::::
with

:::::::
Siamese

:::::::
training.

:

2.2.2. Prototypical network479

In prototypical network experiments, we use the same embedder architecture as in
section 2.2.1. We train the

:::
The

:::::
main

::::::::::
difference

::::::::
between

:::
the

::::::::
Siamese

::::
and

::::::::::::
prototypical

::::::::::
approaches

::::
lies

::
in

:::
the

:::::::::::
introduction

:::
of

::::
class

:::::::::::
prototypes.

::
In

::::::::
Siamese

:::::::
models,

:::
we

:::::::::
calculate

:::
the

::::::::
distances

:::
for

:::::::::::::::::
similar/dissimilar

:::::
pairs

::
of

:::::::::
individual

:::::::::
examples

:::::
from

:::
the

:::::::
dataset,

::::::::
whereas

:::::::::::
prototypical

:::::::::
networks

::::::
divide

:::
the

:::::::
training

:::::
data

::::
into

::::::
support

::
(S)

::::
and

:::::
query

:::
(Q)

:::::::
subsets.

:::
In

::::
each

:::::::
episode

:::
of

::::::::
training,

::
a

::::
class

::::::::::
prototype

::
is

:::::::
created

:::
for

::::
each

:::
of

:::
the

::
C

::::::::
selected

:::::::
classes

::
by

::::::::::
computing

::::
the

:::::
mean

:::::
value

:::
of

:::
the

::
K

:::::::
vectors

:::::
from

:::
the

::::::::
support

::::::
subset:

:

Sc =
1
K

K
∑

i=1
Sci ,

::::::::::::

(3)

::::::
where

::
Sc:::::::

denotes
::::::::
support

:::::::::
examples

::
of

:::::
class

::
c.

::::
The

::::
pair

:::::::::::
comparison

::
is

:::::
then

::::::::::
performed

:::::::
between

:::::
such

:::::
class

::::::::::
prototypes

:::::
and

::
all

::::::
query

:::::::::
examples

::::::::
selected

:::
in

:::
the

::::::
given

::::::::
episode,

::::::::
resulting

::
in

::
a

:::
loss

:::::::::
function:

:

(W, S,Q,Y, C) = 1
C|Q|

C
∑

c=1

|Q|
∑

i=1

(

(1 − Yci ) ⋅DW(Sc ,Qi) + Yci ⋅max
(

0, m−
√

DW(Sc ,Qi)
)2

)

,
::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::

(4)

::::::
where

::
Yci:::::::

defines
::
if

:::
the

::::::
query

::::::::
example

:::
Qi ::

is
::
of

:::
the

:::::
same

:::::
class

::
c

::
as

:::
the

::::::::::
prototype

::
Sc::::

(Yci480

:
=
::
0)
:::

or
::::::::
different

::::
(Yci :=:::

1).
:::

A
:::::
more

::::::::
intuitive

:::::::::
depiction

::
of

::::
this

::::::::::
procedure

::
is

:::::::::
presented

:::
in481

::::::
Figure

::
3.482

::::::
Using

:::
this

::::
loss

:::::::::::
formulation,

:::
we

:::::
train

:::
the

:::::::::::
prototypical

:
model for 200 epochs

::::::::::
comprising483

:::
100

::::::::
episodes

:::::
each,

:
by optimising the prototypical loss with squared Euclidean distances484

and a margin of 1.0. In each prototypical training episode, we take 5 support samples and485

15 query samples per class. Each episode consists of 25 classes.
::::
This

::::::
setup

::::::
results

::
in

::::
the486

:::::
same

::::
total

:::::::
number

:::
of

:::::::::
parameter

::::::::
updates

:::
for

:::
the

::::::::
Siamese

::::
and

:::::::::::
prototypical

:::::::::::
approaches.

:
487

2.2.3. Google speech embedder488

In the experiments involving the Google speech embedder, we use the pre-trained model489

provided as version 1 on the TensorFlow Hub1. When fine-tuning the network, we use490

the same training approach as in section 2.2.1, but with 50 epochs and 10 classes per491

episode.492

1 https://tfhub.dev/google/speech_embedding/1

https://tfhub.dev/google/speech_embedding/1
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2.3. Detector settings493

Using the similarity models described in section 2.2, we generate distances between494

consecutive fragments of the analysed recording and each of the provided keyword495

templates
:::
(we

::::
use

::
10

:::::::::
templates

::::
per

::::::::
keyword

:::::
class). This way, we obtain multiple values496

for each single time step, telling us how closely the current fragment resembles these497

various patterns. To aggregate such data into more meaningful detection decisions, we498

use various detection policies that we briefly describe in this section.499

2.3.1. Common detection pipeline500

In most of the experiments, we use the same detection pipeline. We analyse each frame501

of the recording, i.e. we employ a step size of 1. The actual frame size in milliseconds is502

determined by the spectrogram processing settings defined in Table 1. We then transform503

the generated distances with a median filter with a window length of 5 frames, obtaining504

smoothed similarity scores for each search pattern.505

Based on these scores, we find the lowest average across all the analysed classes.506

If the average score falls below the threshold value defined for a given policy, we emit507

a detection marker for a given keyword at this particular time step. These marker508

emissions are then smoothed with a median filter applied across 15 frames.509

Finally, if any keyword generates a continuous sequence of markers exceeding our510

minimum length of 25 consecutive frames, we return a detection at a given time step.511

We also introduce a minimal distance of 10 frames between two consecutive occurrences512

of the same keyword.513

When evaluating the results of the system, we count the detection as a true positive514

if it falls at a time step representing the middle of the keyword occurrence, with a collar515

of 1 second. We adjust the policy threshold values based on the specifics of each model.516

For instance, for the Siamese model, we evaluate all values from 0 to 1 with a step size of517

0.05, as this range allows us to generate a complete precision-recall curve.518

2.3.2. Additional post-processing for the Google speech embedder519

In standard experiments with the pre-trained embedder model, we use the same ap-520

proach as described in section 2.3.1, albeit with a minimum length of consecutive matches521

reduced to 10 frames. Nevertheless
::::::::
However, our experiments show that the similarity522

scores returned by direct distance calculations on speech embeddings generated by523

the Google model have a distinct characteristic
:::::::
different

:::::
scale

:::::
and

:::
are

::::
less

::::::::::
uniformly524

::::::::::
distributed

::::::
across

:::
the

::::::::
different

:::::::::
keyword

::::::
classes.525

Therefore, we introduce an additional post-processing step to our detection pipeline526

in the form of an exciter module. The role of this module is to make the similarity values527

more uniform across different keywords and filter out superfluous detections. To achieve528

this goal, we perform several operations.529

First, we standardise the values of the distances in the detection matrix, visualised530

as input data in Figure 4. We perform this standardisation per pattern (row
::::
each

::
of

:::
the

:::
10531

:::::::
patterns

::::::
(rows). Then, we filter out all the values above the 5th percentile, leaving only532

the responses for the time steps with the closest matches. This way, we obtain several533

time series representing filtered and standardised similarity scores for a single pattern534

:::::
single

::::::::
patterns.535

After that, we use an envelope follower to perform excitation filtering on each536

of the time series. Therefore, after encountering a distance value below our threshold537

(signifying a potentially close match for a given template), we sustain this information538

in time with a decaying impulse response for up to 50 steps. When we find another539

close match, the decaying response is restarted. The result of this process is depicted in540

Figure 4.541
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Input

Excitation
filtering

Figure 4. Post-processing of the similarity scores generated by the pre-trained embedder. First
matrix, denoted as input, shows an example of raw distances between the embeddings of keyword
patterns and recording fragments. Each row corresponds to a single pattern, while each column
represents a single time step. Brighter colours indicate smaller distances (closer matches). The
second matrix shows the same values after row-wise standardisation and filtering through the
exciter module.

2.4.
::::::::
Statistical

:::::::
analysis

::
of

:::
the

::::::
results542

:::::
After

:::::::
running

::::
the

:::::::::::
experiments,

::::
we

:::::::
conduct

::
a

:::::::::
statistical

:::::::
analysis

::
of

::::
the

::::::::
obtained

:::::::
results.543

:::
For

::::::
every

:::::::::::
experiment,

:::
we

::::::
report

::::::::
training,

::::::::
patterns

:::::
and

::::::::::
evaluation

:::::::
datasets

:::::
that

:::::
were544

:::::
used.

::::
As

:::
the

:::::::::::::
performance

:::::::
metrics,

::::
we

::::
use

::::
the

:::::
Area

::::::
Under

:::::::::::::::
Precision-Recall

:::::::
Curve545

::::::::
(AUPRC)

:::::
and

:::::::
F-score.

:::::
The

::::::::
AUPRC

::
is
::::::::::

calculated
::::::
based

:::
on

::::
the

:::::::::
precision

::::
and

::::::
recall546

::::::
values

:::
for

::::::::
different

:::::::::
detection

::::::::::
thresholds.

:::::::::
Precision

:::::
tells

::
us

:::::
how

:::::
many

:::
of

:::
the

:::::::::
reported547

::::::::
keyword

:::::::::
detections

::::
are

:::::::
correct,

:::::
while

:::::
recall

::::::
shows

:::
us

::::
how

::::::
many

::
of

:::
the

::::::
actual

:::::::::
keyword548

:::::::::
utterances

:::
are

:::::::::
retrieved.

::::
The

:::::::
AUPRC

::
is
:::::::::
provided

::::
with

:::::
both

::::::
micro-

::::
and

:::::::::::::::
macro-averaging.549

:::::::::::::::
Micro-averaging

:::::
takes

::::
into

:::::::
account

::::
the

::::
sizes

:::
of

:::::
every

:::::::::
keyword

::::
class

::::
we

::::
wish

:::
to

::::::
detect550

::
by

::::::::::
averaging

::::
over

:::
all

::::
the

:::::::::
examples

::
as

::
a

::::::
whole.

:::::
This

:::::::::
approach

::::::
might

:::
be

:::::
better

:::::::
suited551

::
to

::::
our

:::::::::
problem,

::
as

::::
we

:::::::
mainly

:::::
deal

::::
with

::::::::::::
imbalanced

::::::::
datasets.

:::::
On

:::
the

::::::
other

::::::
hand,552

::::::::::::::::
macro-averaging,

:::::
which

::::::::::
aggregates

:::
the

::::::::
AUPRC

::::::
values

:::
by

:::
first

::::::::::
calculating

:::::
them

::::::::::
separately553

:::
for

::::
each

:::::
class,

:::::
may

::::
also

::
be

:::::::
helpful

:::::
when

:::::::::::
interpreting

::::
the

:::::::
results.

::::
The

::::::
F-score

::
is
::::::::
defined554

::
as

:::::::::::::::::
F = precision + recall

2 ,
::::
and

::
it

:::::::::
combines

:::
the

:::::::::
precision

::::
and

:::::
recall

:::::::
results

::::
into

::::
one

:::::::
metric,555

::::
with

::::::
higher

:::::::
values

::::::::::
considered

::::::
better.556

3. Results557

3.1. Isolated words classification benchmark558

Before proceeding with the actual keyword detection experiments, we performed a559

baseline verification to make sure that our embedder architecture (Siamese), described560

in section 2.2.1, is sufficiently performant when processing audio data. To this end,561

we recreate the Speech Commands evaluation protocol [17] of classifying single-word562

utterances as one of the 12 possible classes. This is the only experiment where we do not563

downsample the input recordings. Instead, we maintain the original 16 kHz sampling564

rate, adjusting the spectrogram preprocessing settings accordingly.565

Our convolutional model achieves a 94.5% top-1 classification accuracy on the566

Speech Commands v1 dataset. This performance is on par with similar models process-567

ing mel spectrograms, as presented in Table 3. While more sophisticated models can568

achieve better classification results, we deemed the differences not significant enough to569

warrant the trade-off these models introduce in terms of complexity and training time.570

We also verify the same architecture on a downsampled version of the Speech571

Commands recordings. As expected, this impairs the accuracy of the evaluated model.572

However, the results show that 8 kHz recordings can still provide sufficient information573

for proper classification.574
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Table 3. Top-1 classification accuracy for isolated words of Speech Commands v1.

Authors Method Accuracy

(Warden, 2018) [17] Baseline CNN model 85.4%

(Tang, 2017) [18] CNN with MFCC features 90.2%
(de Andrade, 2018) [20] CNN with 80-band mel spectrograms 94.1%
(Zhang, 2017) [19] Depthwise separable CNN 95.4%
(Choi, 2019) [23] CNN with temporal convolution 96.1%
(Zeng, 2019) [21] DenseNet with BiLSTM layers 96.2%
(Lin, 2018) [22] EdgeSpeechNets 96.3%
(Mittermaier, 2020) [24] Parametrized sinc-convolutions 96.4%
(Majumdar, 2020) [25] MatchboxNet 97.5%
(Li, 2020) [26] Wide-ResNet with MoEx 98.0%

Ours (Siamese) CNN with dropout, 40-band mel spectrograms 94.5%
Ours (Siamese), 8 kHz Same as above, downsampled recordings 92.0%

3.2. Keyword detection in a monolingual setup575

::
As

::
a
::::
first

::::
step

:::
in

::::::::::
evaluating

::::::::
keyword

:::::::::
detectors

:::
on

::::::::::
continuous

::::::
audio

::::
data

::::::::
streams,

::::
we576

:::::::
analyse

:::
our

::::::::
Siamese

:::::::::
approach

::
in

::::::::::::
monolingual

:::::::::
scenarios,

:::
i.e.

:::
by

:::::::
training

::::
and

::::::::::
validating577

:::
the

::::::
model

:::
on

:::::::::::
recordings

::
of

::::
the

:::::
same

::::::::::
language.

::::
For

::::::::
selected

:::::::::::::
experiments,

:::
we

:::::
also578

::::::::
compare

::
its

::::::::::::
performance

::
to

::
a

:::::::::::
prototypical

:::::::::
network.579

::
In

:::::
each

:::::::::
evaluation

:::::::
setting,

:::
we

::::::
create

::
a

::::::::
separate

::::::::::::
precision-recall

:::::
curve

:::::
(PRC)

:::
for

:::::
each580

::
of

:::
the

:::::::::
analysed

::::::::::
keywords.

::::
The

:::::
PRC

::::::
shows

:::::::::
detection

::::::::::::
performance

::
at

::::::::
different

:::::::
values581

::
of

:::
the

:::::::::
similarity

::::::::::
threshold.

::::
We

:::::::::
aggregate

::::
this

:::::::::::
information

:::::::
across

::::::
classes

::::::
using

::::::
either582

::::::
micro-

:
(
::::::
instance

:
)
::
or

:::::::
macro-

:
(
::::
class)

::::::::::
averaging,

::
a

::::::::
common

::::::::
approach

:::
in

::::::::::
multi-class

::::::::
problems

::::
[48]583

:
.584

::
To

:::::::::::
summarise

:::
the

::::::::::::
performance

::
of

::
a

::::::
model

::::
with

::
a
::::::
single

::::::
value,

:::
we

::::::
report

:::
the

:::::
Area585

:::::
Under

::::::::::::::
Precision-Recall

::::::
Curve

:::::::::
(AUPRC).

::::
We

::::
also

:::::::::
highlight

:::
the

::::
best

:::::::
F-score

:::::::::
achieved

:::
by586

:::
the

::::::
model

::::::
across

::::::::
different

:::::::::
threshold

::::::
values.

::::::
Table

:
4
::::::::
presents

:::
the

:::::::
results

::::::::
obtained

::
in

::::
the587

::::::::
analysed

::::::::::::
monolingual

:::::::::
scenarios.

:
588

::::
Our

:::::
initial

:::::::::::
verification,

:::::::::
described

::
in

:::::::
section

:::
3.1,

::::
has

::::::
shown

::::
that

:
a
::::::::
Siamese

::::::::::::
convolutional589

::::::
neural

::::::::
network

:::
can

:::::::::
effectively

::::::::::::
differentiate

::::::::
between

:::::::::
utterances

::
of

::::::::
different

:::::::::
keywords

:::
of590

:::
the

::::::
Speech

:::::::::::
Commands

:::::::
dataset.

::::
We

:::
also

::::::::
confirm

:::
this

:::::::::
capability

:::
in

:
a
:::::::::
streaming

::::::::::
evaluation591

::
by

::::::::::
employing

:::
the

::::::::
Siamese

::::::
model

::::
with

:::::::::
standard

::::::::
detection

:::::::
settings

:::
on

:
a
:::::::::
synthetic

:::::::
mixture592

::
of

:::::::
Speech

:::::::::::
Commands

:::::::::
keywords

::
( SC 1Mix

:
).

:::::::
When

:::
the

:::::::::::
vocabulary

:::::::
present

:::
in

::::
the593

:::::
target

:::::::::
recording

::::::::
consists

::::::
solely

::
of

::::
the

:::::::::
expected

::::::::::
keywords,

:::
the

::::::
model

::::
can

::::::::
achieve

:::
an594

:::::::::::
outstanding

::::::::::::
performance

::
of

::::::
91.3%

::::::::::::::
micro-AUPRC

::::
and

:::
an

:::::::
F-score

::
of

:::::
0.94.

:::::
This

::::::
result595

::::::
shows

::::
that

::::
our

:::::::::
detection

:::::::::
approach

:::::::
allows

:::
for

:::::::::
properly

:::::::::::
recognising

::::::::::
keywords

:::::
with596

::::::
shifted

:::::
word

:::::::::::
boundaries.

:
597
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Table 4. Keyword detection performance for models trained and evaluated in monolingual
scenarios. The Area Under Precision-Recall Curve is based on the keyword classes present in
the search patterns. We report it either with micro- or macro-averaging. The F-score column
represents the best result achieved by the model across different settings of the detection threshold.
All models use the default detector configuration.

Model Training1
(# KW) Patterns2 Evaluation3

(# KW)
AUPRC

F-score
Micro Macro

English → English

Siamese SC 1 (30) SC 1 SC 1Mix
(30) 91.3% 91.3% 0.94

Siamese SC 2, CV (37) SC 1 SC 1Mix
(30) 87.9% 88.0% 0.92

Siamese SC 1, SWC (4K+) SC 1 SC 1Mix
(30) 69.4% 65.6% 0.79

Siamese ALL (4K+) SC 1 SC 1Mix
(30) 70.8% 67.4% 0.81

Prototypical SC 1 (30) SC 1 SC 1Mix
(30) 80.2% 81.5% 0.88

Siamese SC 1 (30) SC 1 SC 1Vox
(30) 60.4% 65.0% 0.62

Siamese SC 2, CV (37) SC 1 SC 1Vox
(30) 55.2% 62.4% 0.57

Siamese SC 1, SWC (4K+) SC 1 SC 1Vox
(30) 38.0% 43.4% 0.47

Siamese ALL (4K+) SC 1 SC 1Vox
(30) 43.7% 46.9% 0.50

Prototypical SC 1 (30) SC 1 SC 1Vox
(30) 40.8% 50.2% 0.54

Siamese SC 1 (30) ΔSC ΔSCMix
(5) 48.3% 53.1% 0.65

Prototypical SC 1 (30) ΔSC ΔSCMix
(5) 39.6% 42.3% 0.59

Polish → Polish

Siamese ALL (5K+) KW KWMix
(22) 8.8% 1.3% 0.20

Prototypical ALL (5K+) KW KWMix
(22) 5.9% 1.9% 0.22

Siamese ALL (5K+) KW KWReal
(22) 0.0% 0.0% 0.02

Prototypical ALL (5K+) KW KWReal
(22) 0.0% 0.0% 0.01

1 Training data consists of utterances from Speech Commands ( SC 1, SC 2), Common Voice ( CV),
and Spoken Wikipedia Corpus ( SWC). We also use a combined dataset ( ALL). For Polish language
we use all accessible training data ( ALL), i.e.: CV, WUT and TTS.

::::::
Number

::
of

::::::
keyword

::::::
classes

:
(# KW) is denoted with a subscript.

2 English search patterns are extracted from Speech Commands training data ( SC 1) or from the subset
present only in the second version of the dataset ( ΔSC). Polish templates come from the target keywords
dataset ( KW).

:::
We

:::
use

::
10

:::::::
examples

::
for

::::
each

::::::
keyword

:::::
class.

3 English models are evaluated with 30 keyword classes, either on fully synthetic mixtures of Speech
Commands utterances ( SC 1Mix) or Speech Commands keywords overlaid on VoxCeleb recordings
( SC 1Vox ). We also show the performance on the delta dataset mixtures ( ΔSCMix, i.e. 5 classes).
Polish evaluations assess 22 keywords either in synthetic mixtures ( KWMix) or actual YouTube audio
streams ( KWReal).

As a first step in evaluating keyword detectors on continuous audio data streams,598

we analyse our Siamese approach in monolingual scenarios, i.e. by training and validating599

the model on recordings of the same language. For selected experiments, we also600

compare its performance to a prototypical network.601

In each evaluation setting, we create a separate precision-recall curve (PRC) for each602

of the analysed keywords. The PRC shows detection performance at different values603

of the similarity threshold. We aggregate this information across classes using either604

micro- (instance) or macro- (class) averaging, a common approach in multi-class problems [48]605

.606

To summarise the performance of a model with a single value, we report the Area607

Under Precision-Recall Curve (AUPRC). We also highlight the best F-score achieved by608

the model across different threshold values. Table 4 presents the results obtained in the609

analysed monolingual scenarios.610

Our initial verification, described in section 3.1, has shown that a Siamese convolutional611

neural network can effectively differentiate between utterances of different keywords of612
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the Speech Commands dataset. We also confirm this capability in a streaming evaluation613

by employing the Siamese model with standard detection settings on a synthetic mixture614

of Speech Commands keywords (). When the vocabulary present in the target recording615

consists solely of the expected keywords, the model can achieve an outstanding performance616

of 91.3% micro-AUPRC and an F-score of 0.94. This result shows that our detection617

approach allows for properly recognising keywords with shifted word boundaries.618

To measure the robustness of the detector to background distractors, we evaluate it619

on Speech Commands keywords mixed into fragments of conversations of the VoxCeleb620

dataset ( SC 1Vox ). In this case, the detection accuracy drops to a level of 60.4% micro-621

AUPRC. Nevertheless, the performance is satisfactory for a cross-speaker keyword622

spotter as the system can correctly highlight more than 2⁄3 of keyword occurrences while623

maintaining a precision of 55%. Results at this level would be usable for prospective624

users of such a tool. Unfortunately, we have to admit that the semi-synthetic nature625

of this evaluation oversimplifies the task presented to the detector, making it an upper626

bound on achievable accuracy. Due to the lack of adequate data, we could not verify627

how such detectors would cope with more natural keyword occurrences and diverse628

recording conditions.629

On the other hand, our problem setting assumes that the detector can only be trained630

on copious amounts of generic keywords. After that, it should cope well with limited631

examples of target keywords, especially since the end-user can extend the vocabulary632

after the system’s deployment. We assess this aspect with an experiment using keywords633

not occurring in the original training data, isolated from the second version of the634

Speech Commands dataset ( ΔSCMix). This evaluation scenario confirms that few-shot635

learning is quite difficult. A drop of the F-score to 0.65 on synthetic mixtures indicates636

that when combined with more natural evaluation settings, detection of completely new637

keywords might be problematic. A more reasonable approach would require at least638

some retraining with the extended vocabulary.639

Interestingly, across all the experiments, the extension of the Speech Commands640

training data with other datasets proves detrimental to the model’s performance. We641

analyse this phenomenon more closely in Figure 5 by visualising the embedding space642

created with Siamese models trained solely on the Speech Commands data and in643

combination with the Spoken Wikipedia Corpus recordings. The model trained only644

on Speech Commands utterances maps the examples from this dataset to groups with645

much clearer separability between the particular keywords. Apart from some stray646

confusions, the only intermixing of keywords happens for the “three–tree” pair, showing647

that the model is indeed focusing on the acoustic similarity of the provided samples.648

The inclusion of more diverse training examples from the Spoken Wikipedia Corpus649

prohibits the model from learning an equally discriminative mapping for the Speech650

Commands keywords. The created groups of examples show much more bleed between651

keywords. Unfortunately, we were unable to devise a simple mitigation technique for652

this issue. It is possible that a more nuanced training procedure could create a more653

robust representation using all of the available data.654

We also extend our investigation with additional experiments employing a proto-655

typical network model instead of the Siamese embedder. In the analysed monolingual656

settings, this approach proves to be less performant than the Siamese counterpart. In657

Table 4, we report only the results for training with Speech Commands data, but the658

tendency remains unchanged with different dataset setups.659

Finally, we conclude with evaluations performed on Polish datasets. Unfortunately,660

the experiments confirm our initial concerns. Models trained solely on such limited661

datasets are entirely unusable in detecting keywords in continuous recordings.662

2 We employ a zero minimum distance between embedded points. Other visualisation settings use standard values of the umap-learn Python package,
i.e. 15 neighbours with an Euclidean metric for Uniform Manifold Approximation and Projection.
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Embeddings of SC 1 training examples

(a) Training data: SC 1 (b) Training data: SC 1, SWC

Figure 5. Comparison of the UMAP visualisations2 of the Speech Commands training examples
( SC 1) processed through the Siamese embedder: (a) embeddings generated with a model
trained only on the Speech Commands data; (b) embeddings generated with a model trained on
recordings both from the Speech Commands and the Spoken Wikipedia Corpus datasets.

3.3. Keyword detection in a cross-lingual setup663

:::::::::
Following

:::
the

:::::::::
expected

::::::
failure

::
of

::::::::
models

::::::
trained

:::::::::::
exclusively

:::
on

::::::
Polish

::::::::::
recordings,

::::
we664

:::
try

::
to

:::::::::
approach

::::
the

::::::::
problem

:::
of

:::::::::
detecting

::::::
Polish

::::::::::
keywords

:::::
with

:::::::
models

:::::::
trained

::::
on665

:::::::
English

::::::::
datasets,

:::
i.e.

::
in

:
a
::::::::::::
cross-lingual

::::::
mode.

:::
We

:::::
hope

::::
that

:::
the

:::::::
general

::::::
audio

::::::::::
processing666

::::::::::
capabilities

::::::::
acquired

:::
by

::::::::
training

:::
on

:::::
more

:::::::::
extensive

::::::::
English

::::::::
datasets

::::
will

::::::
allow

:::
for

::
a667

:::::::::
successful

:::::::
transfer

::
of

:::::::::::
knowledge

::
to

::::::
Polish

::::::::::
recognition

:::::
tasks,

:::::::
despite

:::
the

::::::::
inherent

::::::::::
differences668

:::::::
between

::::::::
acoustic

::::::::
features

::
of

:::
the

::::::::::
languages.

:
669

:::::
Table

::
5

:::::::::::
summarises

::::
our

::::::::
findings

::
in

::::::::::::
cross-lingual

:::::::::
scenarios.

:::::::
When

:::::::
trained

::::::
solely670

::
on

::::
the

::::::
Speech

:::::::::::
Commands

::::::::::
recordings,

:::::
both

::::::::
Siamese

:::
and

::::::::::::
prototypical

:::::::
models

:::
are

::::::
better671

::
in

:::::::::
detecting

::::::
Polish

:::::::::
keywords

:::::
than

:::::
their

::::::::::::
counterparts

:::::::
trained

:::
on

:::::::
limited

:::::::
Polish

:::::
data.672

::::::::::::
Nevertheless,

::::
this

::::::::::::
improvement

::
is
::::
still

::::::::::
insufficient

:::
to

:::::::
achieve

:::::::::::
satisfactory

::::::::::::
performance.673

:::
The

::::::::
Siamese

::::::
model,

::::::
which

::::::::::::
outperforms

:::
the

:::::::::::
prototypical

:::::::::
approach,

::::::::
achieves

::
a

:::::::::::::
micro-AUPRC674

::
of

::::
only

::::::
20.3%

:::
on

::::::::
synthetic

::::::::
mixtures

:::
of

::::::
Polish

:::::::::
keywords

:
( KWMix

:
).
:::
In

::::::::
practical

::::::
terms,675

:::
this

::::::
result

::::::
means

::::
that

::::
we

:::
can

::::::::
roughly

:::::::
achieve

::
a
:::::::::
precision

::
of

:::::
70%

::
at

::
a

::::
25%

:::::
recall

:::::
rate.676

:::::::::
However,

:::
the

:::::::::
outcomes

::::
for

::::::::::
individual

:::::::::
keywords

:::::
vary

:::::::
widely.

::::
For

:::::::::
instance,

:::
the

:::::
best677

::::::::::
performing

::::
one,

:::::::
umowa,

:::
has

::
a
:::::
recall

::
of

::::
67%

:::::
with

::::
96%

:::::::::
precision.

:::::::::::::
Unfortunately,

:::::::::
although678

:::
we

:::
can

::::
find

:::::::
several

:::::
other

:::::::
classes

:::::
with

::::::::::
potentially

::::::
usable

:::::::
results,

:::::
many

::::::::::
keywords

:::::
have679

:
a
:::::::::
near-zero

:::::::::
detection

::::
rate.

:
680
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Table 5. Keyword detection performance for models trained and evaluated in cross-lingual
scenarios. Metric values are reported in the same manner as in Table 4.

Model Training1
(# KW) Patterns2 Evaluation3

(# KW)
AUPRC

F-score
Micro Macro

English → Polish

Siamese SC 1 (30) KW KWMix
(22) 20.3% 10.6% 0.39

Siamese SC 2, CV (37) KW KWMix
(22) 10.3% 8.9% 0.31

Siamese SC 1, SWC (4K+) KW KWMix
(22) 15.5% 11.6% 0.34

Siamese ALL (4K+) KW KWMix
(22) 7.3% 10.7% 0.26

Prototypical SC 1 (30) KW KWMix
(22) 13.4% 2.6% 0.27

Siamese SC 1 (30) KW KWReal
(22) 0.2% 0.2% 0.03

Siamese SC 2, CV (37) KW KWReal
(22) 0.1% 0.2% 0.02

Siamese SC 1, SWC (4K+) KW KWReal
(22) 0.1% 0.1% 0.02

Siamese ALL (4K+) KW KWReal
(22) 0.1% 0.1% 0.01

Prototypical SC 1 (30) KW KWReal
(22) 0.3% 0.2% 0.04

Combined + → Polish

Siamese ALL, ALL (9K+) KW KWMix
(22) 6.5% 7.2% 0.23

Prototypical ALL, ALL (9K+) KW KWMix
(22) 7.6% 2.7% 0.22

Siamese ALL, ALL (9K+) KW KWReal
(22) 0.1% 0.1% 0.02

Prototypical ALL, ALL (9K+) KW KWReal
(22) 0.2% 0.0% 0.04

1 Training data is denoted in the same way as in Table 4.
2 All search patterns come from the Polish target keywords dataset ( KW).
3 Evaluation is performed on Polish mixtures ( KWMix) and real recordings ( KWReal) with 22 key-

words.

Following the expected failure of models trained exclusively on Polish recordings,681

we try to approach the problem of detecting Polish keywords with models trained682

on English datasets, i.e. in a cross-lingual mode. We hope that the general audio683

processing capabilities acquired by training on more extensive English datasets will684

allow for a successful transfer of knowledge to Polish recognition tasks, despite the685

inherent differences between acoustic features of the languages.686

Table 5 summarises our findings in cross-lingual scenarios. When trained solely687

on the Speech Commands recordings, both Siamese and prototypical models are better688

in detecting Polish keywords than their counterparts trained on limited Polish data.689

Nevertheless, this improvement is still insufficient to achieve satisfactory performance.690

The Siamese model, which outperforms the prototypical approach, achieves a micro-AUPRC691

of only 20.3% on synthetic mixtures of Polish keywords (). In practical terms, this result692

means that we can roughly achieve a precision of 70% at a 25% recall rate. However, the693

outcomes for individual keywords vary widely. For instance, the best performing one,694

umowa, has a recall of 67% with 96% precision. Unfortunately, although we can find695

several other classes with potentially usable results, many keywords have a near-zero696

detection rate.697

When looking at possible training dataset extensions, we observe a similar situation698

as with monolingual models. Training solely on the Speech Commands dataset proves to699

be the most efficient way to achieve acoustically discriminative embedders. Additional700

recordings are similarly detrimental in creating an embedding space appropriate for701

cross-lingual transfer to Polish patterns.702

This observation also holds for further extensions with Polish training recordings,703

though not without some caveats. Initially, we hoped to fill potential gaps in the704

generated embedding space by introducing additional training examples more closely705
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Embeddings of KWMix examples

(a) Training data: SC 1 (b) Training data: ALL, ALL

Figure 6. Comparison of the UMAP visualisations of Polish keywords processed through the
Siamese embedder: (a) embeddings generated with a model trained only on the Speech Commands
data; (b) embeddings generated with a model trained on all the available data (both English and
Polish); Polish keywords are extracted directly from YouTube videos. Synthetic mixtures of these
keywords are denoted as KWMix throughout the results section.

resembling the phonetic structure of the target patterns. However, the outcome of this706

process was somewhat ambiguous.707

On the one hand, if we compare the 2D representations of the embedding space708

presented in Figure 6, the second model, supplied with extended training data, groups709

Polish keywords into much tighter clusters. Although low-dimensionality mappings of710

complex embedding spaces might be misleading at times, this visual difference most711

probably indicates that the second model can more effectively discriminate between the712

keyword classes.713

On the other hand, this capability does not translate to an advantage when com-714

paring the detection performance of both models. While we do not have a definite715

explanation for this phenomenon, we hypothesise that a more dispersed representation716

might be actually beneficial in our scenario. In contrast to the evaluation on Speech717

Commands keywords, where the evaluation and search patterns come from the same718

distribution, Polish patterns used as keyword templates differ in the recording condi-719

tions from the YouTube evaluation fragments. Therefore, a broader, less regularised720

representation might expose more potential points of contact to find close neighbours721

that could match actual keyword occurrences in audio streams. Such an increased cover-722

age could be significant since the data manifold of Polish search patterns is quite limited723

to begin with.724

This representational problem is accentuated by evaluations performed on longer,725

authentic Polish audio streams ( KWReal). In this scenario, all systems fail to provide726

any hint of usable results. We can devise a two-fold explanation for this behaviour.727

First of all, the embedding space learnt by our models does not capture the acoustic728

differences at a detailed enough level. Therefore, these models cannot handle utterances729

outside of their limited vocabulary. Non-keyword audio content easily derails the730

detectors, which is confirmed by numerous false positives.731

The second factor is associated with the difficulty of the problem itself. In contrast to732

our English setups, the evaluation performed on Polish recordings uses longer fragments733
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Embeddings of SC 1 training examples

(a) Training data: — (b) Training data: SC 1

Figure 7. Comparison of the UMAP visualisations of the Speech Commands training examples
( SC 1) processed through the Google speech embedder: (a) embeddings generated with a pre-
trained model without fine-tuning; (b) embeddings generated with a pre-trained model fine-tuned
on the Speech Commands dataset.

of naturally sounding speech from diverse recording conditions, thus being the closest to734

an actual environment in which these kinds of systems might be deployed. Consequently,735

many keyword occurrences are less perceptible than in semi-synthetic mixtures.736

Based on all these observations, we suspect that a self-supervised approach to737

training acoustic models could be promising in solving similar problems as described738

in this paper. Self-supervision should help create rich representations, more robustly739

capturing the differences between various words present in the recording – all without740

the need for extra hand-labelling. Unfortunately, devising a sensible self-supervised741

approach is not a trivial task, and each iteration of such an experiment requires a signifi-742

cant computational effort to train the actual model. Therefore, due to the constrained743

timeline of our project, we were unable to explore this option further.744

3.4. Keyword detection with generic speech embeddings745

:::::::
Instead

::
of

::::::::::::
investigating

::::::::::::::
self-supervised

::::::::::
techniques,

::
in

::::
this

:::
last

::::::::::::
experimental

:::::::
section,

::::
we746

::::::::::
concentrate

:::
on

:::::::
models

:::::::
trained

::::::::::::
traditionally,

::
in

:
a
:::::
fully

::::::::::
supervised

::::::::
manner,

:::
but

:::
on

::::::
much747

::::::
bigger

::::::::
datasets.

::::::
Based

::
on

::::
our

:::::::::::
assumption

:::
that

::::
the

:::::
main

:::::
factor

::::::::
limiting

:::
the

::::::::::::
performance748

::
of

:::
our

:::::::
models

::
is

:::
the

::::
lack

::
of

::
a

:::::
more

::::::
generic

::::
and

::::::
robust

:::::::
internal

:::::::
speech

:::::::::::::
representation,

::::
we749

::::::
replace

::::
our

::::::::::
previously

::::::::
analysed

:::::::::
similarity

:::::::
models

::::
with

:
a
:::::::::::
pre-trained

::::::
speech

:::::::::::
embedding750

::::::
model

:::::::::
provided

:::
by

:::::::
Google

:::
[6].

:::
It
::::

has
:::::

been
:::::::

trained
:::

on
::::::

more
:::::
than

:::::::
100,000

::::::
hours

:::
of751

:::::::
English

::::::
audio

:::::
clips,

::::::
which

::::
we

::::::
expect

:::::::
should

::::::
cover

::
a

:::
big

:::::
part

::
of

::::::::
possible

::::::::::
recording752

:::::::::
conditions

::::
and

::::::::
variants

:::
of

:::::::
speech.

::::
We

:::::::
present

::::
the

:::::::
results

::
of

:::::::::
applying

::::
this

::::::
model

:::
in753

:::::
Table

::
6,

:::::::
divided

::::
into

::::
four

::::::::
different

::::::::::::
approaches.754
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Table 6. Keyword detection performance for the pre-trained speech embedder. We use it either
with default detection settings or with an additional post-processing procedure. We also compare
the embeddings generated directly from the pre-trained model and from a model fine-tuned on
selected datasets. Metric values are reported in the same manner as in Table 4.

Model Training1
(# KW) Patterns2 Evaluation3

(# KW)
AUPRC

F-score
Micro Macro

Speech embedder , pre-trained

Google — SC 1 SC 1Mix
(30) 15.3% 71.5% 0.41

Google — SC 1 SC 1Vox
(30) 3.7% 38.5% 0.07

Google — ΔSC ΔSCMix
(5) 4.6% 4.3% 0.65

Google — KW KWMix
(22) 27.2% 62.5% 0.41

Google — KW KWReal
(22) 3.4% 21.0% 0.05

Speech embedder , pre-trained, with post-processing

Google
(post)

— SC 1 SC 1Mix
(30) 84.8% 87.7% 0.84

Google
(post)

— SC 1 SC 1Vox
(30) 40.6% 49.8% 0.48

Google
(post)

— ΔSC ΔSCMix
(5) 86.5% 87.8% 0.85

Google
(post)

— KW KWMix
(22) 46.2% 53.9% 0.69

Google
(post)

— KW KWReal
(22) 6.6% 9.2% 0.17

Speech embedder , fine-tuning

Google SC 1 (30) SC 1 SC 1Mix
(30) 15.0% 30.1% 0.30

Google SC 1 (30) SC 1 SC 1Vox
(30) 1.2% 1.8% 0.03

Google WUT (36) KW KWMix
(22) 18.4% 19.9% 0.36

Google WUT (36) KW KWReal
(22) 0.7% 2.8% 0.02

Speech embedder , fine-tuning, with post-processing

Google
(post)

SC 1 (30) SC 1 SC 1Mix
(30) 24.4% 25.7% 0.42

Google
(post)

SC 1 (30) SC 1 SC 1Vox
(30) 1.3% 1.8% 0.04

Google
(post)

WUT (36) KW KWMix
(22) 15.5% 16.0% 0.37

Google
(post)

WUT (36) KW KWReal
(22) 1.3% 1.5% 0.05

1 The speech embedding model [6] is pre-trained on English YouTube audio clips. In most experiments,
we use the generated embeddings directly, without any further training of the model. In fine-tuning
experiments, we use utterances from the Speech Commands dataset ( SC 1) or our own recordings
( WUT).

2,3 Search patterns and evaluation recordings are denoted in the same way as in Table 4.

Instead of investigating self-supervised techniques, in this last experimental section,755

we concentrate on models trained traditionally, in a fully supervised manner, but on756

much bigger datasets. Based on our assumption that the main factor limiting the performance757

of our models is the lack of a more generic and robust internal speech representation, we758

replace our previously analysed similarity models with a pre-trained speech embedding759

model provided by Google [6]. It has been trained on more than 100,000 hours of760

English audio clips, which we expect should cover a big part of possible recording761
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Embeddings of KWMix examples

(a) Training data: — (b) Training data: WUT

Figure 8. Comparison of the UMAP visualisations of Polish keywords processed through the
Google speech embedder: (a) embeddings generated with a pre-trained model without fine-tuning;
(b) embeddings generated with a pre-trained model fine-tuned on WUT training examples.

conditions and variants of speech. We present the results of applying this model in762

Table 6, divided into four different approaches.763

First, we use the pre-trained embedder directly, without any fine-tuning, with the764

standard detector. This setup means that the pre-trained model returns coordinates in765

the embedding space for each analysed fragment of the evaluation recording and the766

keyword patterns. We then compute the distances to each provided keyword example767

and use properly adjusted thresholds with our primary detection approach involving768

aggregation and filtering. The macro-results of this system are good on the Speech769

Commands dataset ( SC 1Mix), although not as good as the specifically trained models.770

However, the system incorporating the pre-trained embedder is much better with Polish771

keywords ( KWMix). It is also the first system to obtain non-zero results on the most772

interesting, authentic Polish evaluation ( KWReal).773

Comparing Figures 5(a) and 7(a), we can observe some significant changes in the774

embedding space generated for the Speech Commands examples. The Google speech775

embedder mapping of keyword classes is more complex than in the Siamese model’s case.776

Instead of densely packed clusters, the pre-trained model distributes the encountered777

examples across more elongated shapes. This change indicates that the speech embedder778

captures more variability factors in the data, apart from the keyword class, creating a779

more nuanced representation. Concurrently, it still creates a distinct separation between780

the classes, although with some overlap in the middle of the plot. The behaviour in781

this central region might explain why the raw performance of the pre-trained embedder782

on Speech Commands data might be slightly worse in direct comparison to a Siamese783

model.784

Despite this robust representation of speech fragments generated by the Google785

model, a direct application of the returned similarity distances proves to be relatively786

ineffective in a detection setting. While most keywords produce pretty accurate results, a787

select few (eight, off, and up) create a tremendous number of false positives. These errors788

drive down the model’s average performance, indicated by the significant discrepancy789

between the micro- and macro- values of the reported metrics. This problem is presented790

more explicitly in Figure A1, in the Appendix section A.791
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Table 7. Keyword detection performance on the final evaluation dataset ( CCReal).

Model (detector)
Micro Macro

Precision Recall F-score Precision Recall F-score

Google 0.4% 18.5% 0.01 14.2% 25.6% 0.18
Google (post) 3.6% 17.0% 0.06 8.2% 22.2% 0.12

We mitigate this issue by introducing the post-processing approach described in792

section 2.3.2. By adjusting the detector setting in this way, we can almost entirely filter793

out these massive false detections reported by the model, as shown in Figure A2. This794

modification comes at a small cost of slightly worse outcomes on some of the high-795

quality keywords, but on the whole, it creates a detection system with a much more796

practical behaviour.797

The performance of the post-processing version of the system on Speech Commands798

data ( SC 1Mix) is comparable to our Siamese and prototypical models trained from799

scratch. The results for semi-synthetic evaluation with SC 1Vox are slightly worse, but800

the performance on the “delta” classes ( ΔSCMix) is on par with the original Speech801

Commands keywords. This improvement shows that the Google speech embedder has802

been exposed to an extensive range of potential English keywords, making it easier to803

adjust the operating vocabulary on the fly.804

The most important change from our perspective is the improvement in Polish key-805

word detection. A good representation of the Polish keywords, as depicted in Figure 8(a),806

allows the model to approach much more sensible levels even with the baseline detector.807

However, the post-processing variant brings the best F-score on the KWMix dataset808

up to 0.69, significantly outperforming all the other approaches analysed in this paper.809

The macro-AUPRC values on authentic Polish recordings ( KWReal) are better with810

the standard detector, but post-processing improves both the micro-AUPRC and the811

F-score value. Unfortunately, it is still somewhat discouraging, achieving a level of 0.17.812

Finally, we also evaluate fine-tuned versions of the Google speech embedder, hop-813

ing to combine the advantages of both worlds – pre-trained generic representations814

and dataset-specific mapping.
:::
The

:::::::::::
fine-tuning

:::::::::
procedure

:::
is

:::::::::
described

::
in

:::::::
section

:::::
2.2.3.815

Unfortunately, our efforts very swiftly prove to be destructible to the intricate represen-816

tational capabilities of the original model. As evidenced by Figure 7(b), fine-tuning on817

the Speech Commands dataset creates embeddings with some tightly packed clusters,818

similar to the behaviour of the Siamese model. Still, most of the keywords become819

intermixed after this procedure. This degradation is also confirmed quantitatively, as the820

results for the fine-tuned models are comparatively worse across the board. This drop in821

performance also pertains to fine-tuning on Polish data, although the embedding space822

shown in Figure 8(b) seems to be less impacted.823

3.5. Final evaluation824

As a final step in evaluating our keyword detection systems, we analyse their behaviour825

on the actual target recordings of call centre conversations ( CCReal). Due to organisa-826

tional impediments, we could perform this procedure only once, with a limited number827

of systems. Therefore, we employ the pre-trained embedder solution with our Polish828

keyword patterns, as such a combination presents the most promising results on con-829

tinuous Polish recordings. We choose both variants of the system, with the standard830

detection pipeline and post-processing. The pre-trained embedder is used directly,831

without fine-tuning.832

Table 7 summarises the findings of our final evaluation. The detection pipeline was833

executed only once with a predetermined detection threshold. Therefore, instead of full834

AUPRC numbers, we present actual metric values obtained at this sensitivity point.835
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Both models perform poorly, especially when looking at the micro-aggregation836

scheme. As the results of our interim validations on Polish datasets were relatively poor,837

we did not expect a much better outcome, especially since we had to cope with a domain838

shift on entirely unseen data.839

A more detailed analysis shows that the Google model returns a very high number840

of false positives for two short keywords, “blik” and “link”. As the utterances of these841

keywords contain only one syllable, it is understandable that matching based only on842

acoustic features might be unsuccessful. Although our post-processing method can843

correctly suppress these erroneous detections, it introduces its own biases, keeping the844

final performance still at a low level.845

Concluding our evaluation, we must admit that the quality of predictions generated846

by the system with the pre-trained embedder proved to be disappointing. This approach847

was insufficient in creating a general robust keyword spotter for the Polish language.848

However, there can still be a small added value of such a system when employed as a849

support tool to highlight specific keywords. Although it will not recall all the occurrences,850

it can still help people performing the reviewing work if its precision is sufficiently high.851

We were able to find a couple of characteristic multi-syllable keywords that exhibited852

promising results in this regard. For instance, words such as “reklamacja” and “transakcja”853

had a precision of over 75% combined with a recall rate of 10–20%. While it is not exactly854

what we have hoped for when devising the system, our proof-of-concept solution has855

shown that the main focus when creating robust Polish keyword spotting systems should856

lie on the mundane task of data annotation.857

4. Discussion858

In this paper, we have explored the problem of cross-speaker keyword spotting . The859

goal of our work was to create a proof-of-concept solution that could effectively detect860

Polish keywords in call centre recordings. Unfortunately, working in a
::
for

::::
the

:
low-861

resource setting of the Polish language, we
:
.
::::
We were limited by the lack of datasets862

suitable for training production-quality automatic speech recognition systems.863

Therefore, we have focused on spotting keywords with detectors based on acoustic864

similarity. These approaches are generally less demanding on the data annotation side.865

We evaluated two similarity ranking models, i.e. Siamese and prototypical networks.866

Our experiments with English datasets have shown that these methods can create867

acoustically discriminative representations of processed recordings when provided with868

sufficiently diverse training examples.869

Unfortunately, although the perceptual principles of comparing two audio frag-870

ments remain the same on the fundamental level, such models were unable to generalise871

to other languages. The acoustic differences between languages and recording conditions872

proved to be too big for such a cross-lingual transfer to succeed.873

Due to the data scarcity problem, we could not create robust keyword spotters874

on Polish data either. Therefore, we have evaluated a different approach by utilising a875

generic speech embedding model provided by Google, extensively trained on thousands876

of hours of English speech. The advantage provided by a very comprehensive training877

dataset could be seen in more complex representations of the speech samples and much878

better adaptability to cross-lingual transfer. Although the evaluation on Polish synthetic879

recordings was quite promising, even with this pre-trained embedder, we still could not880

create a system that would be fully functioning in realistic scenarios and could effectively881

process naturally sounding continuous audio streams.882

Based on our research findings, we reckon that acoustic similarity comparisons883

can be a viable approach in various audio matching problems. Nevertheless, the task884

of creating a robust generic embedding space for speech recordings is not easy. Our885

evaluations indicate that simply extending the scope of training data is not always886

profitable. However, it is also possible that we were unsuccessful in finding more887
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effective training methods, more suitable for mixed datasets,
:::::
such

::
as

:::::::
domain

:::::::::::
adaptation888

::
of

::::::::::::
embeddings,

::::
that

:::
has

:::::::
proved

:::::::::
successful

:::
in

::::
NLP

:::::
tasks

::::
[49].889

Looking at the visualisations of the generated embeddings, we see that similarity890

models can usually maintain correct separation between various classes. Therefore, we891

expect that some adjustments to the post-processing schemes could improve the quality892

of final detections. However, to achieve this, more robust validation procedures and893

datasets would be needed.894

This problem is particularly relevant since the disparity between the performance895

of keyword classifiers and keyword detectors is striking. In fact, during our work we896

could not verify the performance of our systems on representative English audio streams.897

We think that establishing new, more realistic evaluation protocols for keyword spotters898

would be an interesting extension for future work.899

Additionally, recent developments in self-supervised training of audio representa-900

tions create exciting opportunities for low-resource languages, such as Polish. Unfortu-901

nately, these types of models were not yet available for use at the onset of our project.902

If we were to recommence this work, we expect that solutions such as XLSR-53 would903

prove helpful in bridging the generalisation gap that we encounter in low-resource904

scenarios
:
.905

5.
:::::::::::
Conclusions906

:::
The

:::::
goal

::
of

::::
our

:::::
work

:::::
was

::
to

::::::
create

::
a

:::::::::::::::
proof-of-concept

::::::::
solution

::::
that

::::::
could

::::::::::
effectively907

:::::
detect

:::::::
Polish

:::::::::
keywords

:::
in

:::::::::::
low-quality

:::
call

::::::
centre

:::::::::::
recordings.

:::::::
Based

:::
on

:::
our

:::::::::
research908

::::::::::
hypothesis,

:::
we

:::::::::::
developed

::::::::
keyword

:::::::::
detectors

::::::::::
employing

:::::::::
few-shot

:::::::
acoustic

::::::::::
similarity909

:::::::
models.

:::::
The

:::::::
models

:::::
have

::
a

:::::::::::
satisfactory

::::::::
accuracy

:::
in

:::::::
English

::::
and

:::
for

::::::::
selected

:::::::
Polish910

:::::::::
keywords,

::::
but

:::::
they

:::
fail

::::
for

::::::
many

:::::::
shorter

::::::
Polish

::::::::::
utterances.

::::::::::::
Effectively,

:::
the

::::::::
created911

::::::::
software

::::::
system

::::::::
enables

::::::::::
navigation

::
in

::::
call

::::::
centre

::::::::::
recordings

::::
only

::::
for

:
a
:::::::
limited

:::::::
subset912

::
of

::::::
Polish

:::::::::
keywords.

::::::::::
However,

::::
such

::::::::::::
functionality

::::
can

:::
still

:::::::
reduce

:::
the

::::::::::
processing

::::
time

:::
in913

:::
the

:::::::::
complaint

:::::::::
processes.914
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Appendix A934

Figure A1. Example of a detection report for the Google speech embedding model with standard
detection settings, without post-processing. The upper part shows a timeline of the Speech
Commands mixture file with a corresponding spectrogram visualisation. The lower part contains
an excerpt from the detection reports for three selected keywords. Blue regions indicate actual
keyword occurrences with an acceptable detection collar. The main lanes below each keyword
show similarity values for each of the provided keyword patterns (i.e. multiple rows per keyword).
Darker values correspond to closer matches. Desaturated parts indicate discarded fragments with
distances above the threshold. Orange markers denote possible detections. If a sufficiently long
streak of detections is generated, actual occurrences are emitted – denoted either by a dot (correct
detection) or a cross sign (incorrect).

Figure A2. Same detection report for the Google speech embedding model, with post-processing
applied to the similarity values.
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