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Abstract
The paper presents the Second ASR Challenge for Non-native
Children’s Speech proposed as a Special Session at Interspeech
2021, following the successful first challenge at Interspeech
2020. The goal of the challenge is to advance research on non
native children’s speech recognition technology, as speech tech-
nology still struggles when applied to both children and non-
native speakers. The audio data consists of spoken responses
provided by L2 students in the context of both English and
German speaking proficiency examinations, the latter language
added for 2021. Additional training data and a new evaluation
set was released for L2 English recorded by speakers of differ-
ent native languages. Participants could build systems for one
or both languages. Each had a closed track where a predeter-
mined set of audio and linguistic resources were selected, and
an open track where additional data was allowed. After a de-
scription of the released corpora, the paper analyzes the results
achieved by the participating systems. Some issues suggested
from these results are discussed.
Index Terms: speech recognition, shared task, non native chil-
dren’s speech

1. Introduction
Automatic speech recognition (ASR) technology has become
popular and recent systems can achieve human performance in
some specific cases [1]. However, ASR still struggles when
applied to speech produced by specific types of speakers, in-
cluding non-native speakers [2, 3] and children [4, 5, 6]. Al-
though ASR applied to adult native speakers usually achieves
very low error rates, the case of non-native children’s speech,
typically in the context of automated language proficiency as-
sessments, still represents a particularly challenging scenario.
Typically, L2 speakers produce phenomena such as disfluencies
or code-switching [7, 8, 9, 10, 11, 12] that become more crit-
ical in the case of young speakers in a test-taking setting; e.g.
[13, 14, 15] report significant error rates for open-ended spo-
ken responses produced by K-12 English learners who took a
standardized speaking assessment in the USA.

Moreover, research is more difficult due to the lack of pub-
lic data-sets, even though many speech applications are used
by an increasing number of non-native speakers. Therefore it
is vital to improve performance of ASR systems also for these
particular users.

To stimulate research that can advance the present state-of-
the-art in ASR for non-native children’s speech we have freely
distributed two new data sets containing non-native children’s
speech and have organized the Special Session at Interspeech
2021 (the web page of the challenge can be found at the URL:

https://sites.google.com/fbk.eu/ss-is2021-nonnativechildren/).
The data sets consist of spoken responses collected in Ital-

ian schools from students between the ages of 9 and 16 in the
context of both English and German speaking proficiency as-
sessments, the latter is new for 2021. Additionally, this year
we included around 50 hours of English data from students be-
longing to different parts of the world and taking a global test of
English proficiency. Two baseline systems (one for English and
one for German), based on the Kaldi toolkit [16], were released
together with the data, and a challenge web site was developed
for collecting and scoring submissions.

Researchers can use the corpora to establish benchmarks in
the area of non native children’s speech and, more generally, in
scenarios characterized by low resource data for less commonly
studied populations as well as to address research topics in these
sub-fields:

• Acoustic models: multilingual models exploiting L1 and
L2 data, adaptation techniques using unsupervised or
lightly supervised approaches, models for specific L2
speech phenomena such as disfluencies or hesitations;

• Lexica: multiple pronunciations for non-native accents
and training of pronunciation models [17];

• Language models: ad-hoc models for grammatically in-
correct sentences, false starts and partial words, code-
switched words;

• Evaluation: acquisition and annotation of non-native
speech [18].

In addition, a well-studied dataset can be useful for appli-
cations beyond ASR such as computer assisted language learn-
ing [19] or computer assisted pronunciation training [20, 21].

The metric used for evaluation and ranking of participants
is the word error rate (WER). For each language, the challenge
included both a closed track and an open track. In the closed
track, only the training data distributed as part of the shared task
could be used to train the models; in the open track, any addi-
tional data could also be used. The submission window was
open for a total of 11 days and teams were allowed to provide
at most one submission per day to each track, with a maximum
total of 11 submissions per track per team. Participants were
also able to see more detailed evaluation results (including # of
insertions, # of deletions and # of substitutions) for each sub-
mission. More details about the challenge can be found at the
CodaLab site1.

1https://competitions.codalab.org/competitions/28890
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2. Audio and language resources
This section describes the data and the linguistic resources
provided for the Interspeech 2021 non-native children speech
recognition challenge [22].

ETLT stands for Extended Trentino Language Testing: in
fact ETLT2021 is an extension of last year challenge, TLT2020.
The extension is twofold: we enlarge the English dataset with
new training, dev and eval data coming from another source,
ETS, and we introduce a second language, German, for which
the amount of available data is quite limited. Table 1 highlights
this fact: while for English there are more than 100 hours of
transcribed speech, coming from two sources (FBK and ETS),
for German the amount of transcribed speech is about 7 hours
overall, so the challenge is more focused on how to exploit un-
transcribed audio.

Table 1: Some statistics, in hours, about the ETLT2021 chal-
lenge.

English German
transcribed train 54 h (ETS) + 49 h (FBK) 5 h (FBK)
untranscribed train – 64 h (FBK)
dev 3 h (ETS) 1 h (FBK)
eval 3 h (ETS) 1 h (FBK)

2.1. English data from ETS

ETS conducts a global test of English speaking proficiency for
students of ages 11 and above, generally belonging to middle
school or lower levels of high school. The test provides a reli-
able measure of students’ English communication skills that can
help in understanding their strengths and challenges to further
improve their proficiency levels. All the students are non-native
speakers of English and hence, the challenge is not only to
recognise children’s speech but also non-native speech at vary-
ing proficiency levels. The amount of babble or other types of
background noise is less in the data as the test is conducted in a
controlled environment that is administered by a proctor.

The audio recordings in this package are: 1) audio/train:
around 53.43 hours of data coming from 800 speakers. Each
speaker has 4 recordings leading to a total of 3200 audio files.
2) audio/dev: about 3.3 hours of data belonging to 50 speakers.
There are a total of 200 audio files corresponding to 4 record-
ings per speaker. 3) audio/eval: approximately 3.3 hours of au-
dio data from 50 speakers. Similar to train and dev, there are 4
recordings available per speaker leading to a total of 200 audio
files.

Table 2 provides some more information about the data.
Every test taker has to answer four different types of questions
leading to four separate recordings per speaker. These record-
ings involve both read as well as spontaneous speech. The
test takers come mainly from South America, Korea, Japan and
Turkey.

2.2. English data from FBK

In Trentino, a small region in northern Italy, there is a series of
evaluation campaigns underway for testing L2 linguistic com-
petence of Italian students taking proficiency tests in both En-
glish and German [23, 24]. Data were collected in 2016, 2017
and 2018, involving about 6000 students ranging from 9 to 16
years, belonging to four different school grade levels and three

Table 2: Some statistics on the speech data in the package; num-
ber of utterances, pupils, different questions, running words, to-
tal duration. For ETS data (*), we report only the number of
different questions for each speaker (4).

id #Utt #Pup #Q #Words Dur
English

ETStrain 3200 800 4(*) 173770 53:26
TLT1618train 11700 3111 109 136482 40:11
TLT2017train 2299 338 24 22882 09:00
ETSdev 200 50 4(*) 11671 03:20
ETSeval 200 50 4(*) 11864 03:20

German
deTLT2017train 1445 296 23 8536 04:42
deTLT1618train 10047 2658 124 – 63:55
deTLT2017dev 339 72 23 2244 01:07
deTLT2017eval 329 72 23 2180 01:07

proficiency levels (A1, A2, B1). Part of this material is included
in the challenge.

In the following we report an example of manual transcrip-
tion of one English sentence in the corpus where it can be no-
ticed the presence of switched words, mispronounced words
(marked with #), hesitations and words fragments.

@bkg @de(hallo) @breath @e i’m from #* my #hobby it is
@e #football and tennis @e @ns (@it(come si dice nel tempo
libero)) @ns in the eve- in the evening i play football and @em
and play tennis @breath @voice @breath in my family there
are my dad my mom and my sister @e i have two #friends @em
@ns @e @ns

The training audio recordings in this package are the same
as TLT2020 challenge: • TLT1618train: about 40 hours, manu-
ally transcribed by ETS, coming from 2016 and 2018 record-
ings; • TLT2017train: about 9 hours, manually transcribed,
coming from 2017 recordings. To avoid confusions, FBK’s dev
and eval data of the last challenge (TLT2020) were not pro-
vided. Some statistics about the audio data are in Table 2.

To build and evaluate language models, two text sources
are provided: (1) manual transcriptions of the 2017 audio data
and (2) written data, extracted from the written sentences pro-
vided by the pupils in 2016. Some statistics about the text data
in the package are reported in Table 3.

Table 3: Some statistics on the text data provided in the pack-
age: running words, lexicon size, input modality.

id Running Words Lex Size mode
English

2016Wtrain 185777 3385 written
2017train 22450 1493 spoken

German
de16W18Wtrain 234842 3211 written
deTLT2017train 7590 749 spoken

Phonetic lexica, based on the CMU dictionary, are pro-
vided for the training part of this package. In addition, auto-
matic procedures provide phonetic transcriptions of unknown
words. Note that in the corpus also Italian as well as German
words are present, for which the English transcriptions are not
accurate. Therefore, two additional lexica are provided, for Ital-
ian and German words, using SAMPA units.
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2.3. German data

German data are similar to the English ones. In fact, most of
the pupils took part both to the English and to the German TLT
evaluation campaigns; the German task is more difficult just be-
cause the amount of transcribed material is much less: about 7
hours which include training, dev and eval. In addition, look-
ing at the automatic transcriptions of the untranscribed training
set, we observed that about half of the German data consists
of background noise, thus significantly reducing the amount of
signal useful for training. Finally, note that we decided to keep
the same speaker in the same group for both languages: so En-
glish training speakers overlap with German training speakers.
This fact could be exploited, in the open condition, to enlarge
the training amount of data in a language independent fashion.
Some statistics about the audio data are in Table 2.

As for English, to build and evaluate language models, two
text sources are provided: (1) manual transcriptions of the 2017
audio data and (2) written data, extracted from the written sen-
tences provided by the pupils in 2016 and 2018. Lowercase
texts are obtained after a cleaning phase. Statistics are reported
in Table 3. To exploit language dependent lexicons, a DEI
(Deutsch, English, Italiano) version of the data was also pro-
vided, for which each word is preceded by the (automatically
assigned) language identifier (en and it - de is omitted).

Concerning phonetic lexica, we provided 2 of them: in the
first, each word is assigned a language (it , en , or German) and
the corresponding phonetic transcriber is applied. In this way
the lexicon includes 3 phonetic sets, partially overlapping. In
the second lexicon, all Italian and English phones are arbitrarily
mapped to some German phone, resulting in a lexicon which
uses only German phones.

3. Released baselines
3.1. English baseline

The English baseline is provided as a Kaldi recipe [16]. This
system used 48 hours of the acoustic model (AM) training data
from ETLT 2021 ETS EN. The AM is a chain model trained
with lattice-free maximum mutual information (LF MMI) [25],
and consists of 6 initial Convolutional Neural Network (CNN)
layers followed by 9 factorised TDNN layers (TDNN-F) [26] of
sizes 1024.

The input features are 40-d high-resolution MFCC, and
100-d online extracted i-vectors provide speaker adaptation. In
addition to 3-way speed perturbation, SpecAugment [27] is also
applied, where time and frequency bands of the spectrogram
are randomly masked out in training, with the proportion of fre-
quency and time frames bands zeroed out set to 0.5 and 0.2,
respectively.

A four-gram language model (LM) is built using the
AM training data transcriptions. Phonetic pronunciations are
used from the CMU lexicon, with a G2P system trained
on Phonetisaurus [28]. WERs of 26.08% and 33.21% were
achieved on the provided English dev and eval datasets, respec-
tively. In the baseline directory a script is also supplied (lo-
cal/data prep all.sh) to prepare all of the supplied data for AM
and LM training in a consistent fashion.

3.2. German baseline

The German baseline is provided as a Kaldi recipe; a seed
acoustic model is initially trained on a limited amount of man-
ually transcribed spoken responses (less than 5 hours), using a

standard chain model using LF-MMI while a n-gram language
model is trained on the written answers collected in 2016 and
2018 campaigns along with the transcriptions of the released
audio material.

A multi-lingual lexicon is used to model also words not be-
longing to the expected language (e.g. in Italian or English) in
order to exploit as much as possible the available speech. The
preliminary model is then used to create alignments for the un-
supervised material: the final TDNN model is trained with a
weighted combination of supervised and unsupervised data; the
procedure follows the recipe proposed in [29]. Table 4 reports
the baseline results on dev and eval datasets.

Table 4: Baseline WER results for (closed) German track.

German track Dev Eval
baseline 50.51 48.08

+ 64h untranscribed 47.03 45.21

4. Challenge conditions and evaluation
The shared task consists of two tracks for each one of the two
languages, English and German: a closed track and an open
track. In the closed track, only the training data distributed as
part of the shared task can be used to train the models; in the
open track, any additional data can be used to train the models.
The evaluation of the challenge is performed in terms of Word
Error Rate (WER), after removing • fragment words, • sponta-
neous speech phenomena, • extraneous speech, • speech not in
the target language.

5. Results and discussion
The results in terms of WER, for all of the tracks (both the
closed and open) are provided in Table 5. For comparison pur-
poses the Table summarizes some of the features of the submit-
ted systems of which we are aware (this information was pro-
vided by the participants in response to an informal survey after
the completion of the competition; not all participants chose to
respond to the survey). We refer readers to the papers accepted
at Interspeech 2021, or to contact directly the authors (see the
web page 2 of the challenge for the list of the labs that submitted
a system to the challenge), for getting more details.

What appears at a first glance is the significant improve-
ments in the performance of some of the systems w.r.t. the base-
line systems. These results are particularly impressive for the
German tracks, where the WER of the best system (23.50%)
is approximately half of the baseline one (45.21%), which was
in turn achieved with a strong ASR system. It is worth notic-
ing also the fact that the performance on German tracks was
reached with a very small amount (≈ 5 hours) of transcribed
speech. Furthermore this year some of the systems make use of
end-to-end approaches, that demonstrated effective in quite all
of the tracks (best ranking systems in German open/closed track
and English open track).

In summary, we notice that: a) all participants use long tem-
poral contexts to represent audio in the form of TDNNs/CNNs
or sequence-to-sequence models; b) all participants apply data
augmentation techniques in the form of pitch, speed, volume
perturbation and/or spectral augmentation; c) some participants
apply either rescoring with RNNLM or word lattice combi-
nation or both; d) all participants, except one, use the pro-

2https://sites.google.com/fbk.eu/ss-is2021-nonnativechildren/
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Table 5: Results achieved by the participants in all tracks of the challenge. The main features of the submitted systems are also listed.

English Closed Track
Track-Rank %WER ASR engine Acoustic Model Language Model System Comb.
EC-1 25.69 Kaldi TDNNs, CNN-TDNNs 4-grams YES
EC-2 29.27 Kaldi CNN-TDNN word pronunciation YES
EC-3 29.74 Kaldi CNN-TDNNs 4-grams + RNNLM resc. NO
EC-4 31.22 - - - -
EC-5 31.36 - - - -
EC-6 32.21 Kaldi TDNN + CycleGan augm. 4-grams NO
EC-7 33.18 Kaldi - 4-grams NO
EC-8 baseline 33.21 baseline baseline baseline NO
EC-9 37.05 Kaldi,FAIRSEQ same as GC-1 n-grams, LM resc. NO
English Open Track
Track-Rank %WER ASR engine Acoustic Model, Language Model, System comb. Additional Data
EO-1 23.98 E2E transformer, no LM, CTC dec(w=0.5) native adult
EO-2 29.08 Kaldi same as EC-2 NO
EO-3 29.58 - - -
EO-4 29.63 Kaldi same as EC-3 NO
EO-5 30.61 FAIRSEQ WAV2VECT, 4-grams ≈2000h conversational
EO-6 baseline 33.21 baseline baseline NO
EO-7 37.05 Kaldi,FAIRSEQ same as GC-1 (not used all train set) NO
German Closed Track
Track-Rank %WER ASR engine Acoustic Model Language Model System Comb.
GC-1 23.50 Kaldi,FAIRSEQ WAV2VECT + transformer n-grams, LM resc. NO
GC-2 38.55 Kaldi CNN+TDNN 4-grams, RNNLM resc. NO
GC-3 39.98 Kaldi DNN-BLSTM 4-grams, RNNLM resc. NO
GC-4 40.04 Kaldi - 4-grams + graphemic lex. NO
GC-5 40.51 - - - -
GC-6 40.63 - - - -
GC-7 43.13 Kaldi same as EC-2 same as EC-2
GC-8 baseline 45.21 baseline baseline baseline NO
German Open Track
Track-Rank %WER ASR engine Acoustic Model, Language Model, System Combination Additional Data
GO-1 23.50 Kaldi,FAIRSEQ same as GC-1 NO
GO-2 39.98 Kaldi same as GC-3 NO
GO-3 40.27 - - -
GO-4 40.69 - - -
GO-5 40.87 E2E conformer, no LM, CTC dec(w=0.5) NO
GO-6 baseline 45.21 baseline baseline NO

vided lexicon and phonetic transcriptions obtained with an au-
tomatic phonetic transcriber (basically G2P); one of the sys-
tems performed better on the German closed track using a
graphemic lexicon; some participants added transcriptions com-
ing from additional corpora (e.g. switchboard); e) some partici-
pants haven’t used all the provided training data. The best per-
formance in the open tracks challenges is slightly better (for
English) or even the same (for German) of the related closed
tracks. These results are in line with those achieved in the chal-
lenge of last year (see [22]) where it was noticed that the best
performing systems didn’t use additional (e.g. adult) speech for
training. Also this year the results seems indicating that the us-
age of large amount of adult speech for training is again not
much effective for recognizing children speech.

In the last year challenge it was noticed that the submitted
systems could have been highly tuned to the specific character-
istics of the data released (Italian students answering to a small
set of prompts), instead the results achieved this year are more

general, since the English data contains also speech uttered by
children from different L1 language, i.e. exhibiting higher vari-
ability with respect to last year data.

6. Conclusions
This paper provides an overview of the Interspeech 2021 ASR
for Non-native Children’s Speech Challenge. The corpora re-
leased for the challenge are described and the results of the sys-
tems that were submitted to the challenge. These results indi-
cate that substantial progress has been made in the state-of-the-
art for this difficult task. We have released additional data sets
in order to evaluate the robustness of the systems in diverse set-
tings: speakers from diverse native language backgrounds other
than Italian [30, 31] and two languages (English and German),
characterized by different audio resources. Future directions to
investigate can include the speaking proficiency scores (such
as fluency, pronunciation, etc.) for young language learners
[8, 9, 10, 32, 33, 20].
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