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Abstract

Spoken Language Understanding (SLU) aims to extract the semantic information from the speech utterance of user
queries. It is a core component in a task-oriented dialogue system. With the spectacular progress of deep neural
network models and the evolution of pre-trained language models, SLU has obtained significant breakthroughs.
However, only a few high-resource languages have taken advantage of this progress due to the absence of SLU
resources. In this paper, we seek to mitigate this obstacle by introducing SLURP-TN. This dataset was created by
recording 55 native speakers uttering sentences in Tunisian dialect, manually translated from six SLURP domains.
The resultis an SLU Tunisian dialect dataset that comprises 4165 sentences recorded into around 5 hours of acoustic
material. We also develop a number of Automatic Speech Recognition and SLU models exploiting SLUTP-TN. The
Dataset and baseline models are available at: https://huggingface.co/datasets/Elyadata/SLURP—TN.
Keywords: SLURP-TN, Tunisian Dialect, Spoken Language Understanding, Automatic Speech Recognition

1. Introduction

Spoken Language Understanding (SLU) is a fun-
damental component of goal-oriented dialogue
systems, enabling machines to interpret user
speech and extract structured meaning. Typically,
SLU involves two sub-tasks: (i) intent detection,
which classifies the user’s communicative goal,
and (ii) slot filling, which identifies semantic argu-
ments within an utterance (Tur and De Mori, 2011).
Since its emergence in the early 1990s with task-
oriented systems such as ATIS (Hemphill et al.,
1990), SLU has significantly evolved, driven by
advances in automatic speech recognition (ASR),
natural language understanding (NLU), and the
growing availability of annotated datasets.

Several benchmark corpora have supported
progress in this field, including ATIS for flight
booking (Hemphill et al., 1990), MEDIA (Bonneau-
Maynard et al., 2005; Laperriere et al., 2022)
and PORTMEDIA (Lefevre et al., 2012) for hotel
reservation dialogues, and more recently SLURP
(Bastianelli et al., 2020a), Timers and Such (Lu-
gosch et al., 2021), and SpeechMASSIVE (Lee
et al., 2024). Despite their contributions, these re-
sources remain largely focused on high-resource
languages such as English and French and are of-
ten limited to specific domains or recording setups.
Low-resource languages and dialects, particularly
Arabic varieties, remain underrepresented, which
hinders the development of robust, inclusive SLU
systems.

Mdhaffar et al. (2024a) recently addressed this
gap for Tunisian Arabic by introducing the TARIC-

SLU corpus focused on the train ticket reservation
domain. However, its narrow domain coverage,
limited speaker diversity, and constrained acous-
tic conditions reduce its suitability for general-
purpose SLU research and for tasks beyond intent
and slot classification.

To address these limitations, we present
SLURP-TN, a Tunisian Arabic multi-speaker
corpus designed as a localized and translated
extension of the SLURP dataset. SLURP-TN fea-
tures balanced gender representation, coverage
of multiple Tunisian sub-dialects, and recordings
under diverse acoustic conditions (clean, noisy,
and headphone). The corpus is sampled at a
high frequency, making it suitable not only for
SLU but also for other speech-related tasks such
as text-to-speech and speaker identification. In
addition, rich metadata annotations enable analy-
ses across speaker gender, age, regional variety,
and acoustic, providing a valuable resource
for studying linguistic and acoustic variability in
Tunisian Arabic.

Our contributions are threefold:

» We create the first multi-domain SLU dataset
for Tunisian Arabic dialects that can also be
used for ASR, speaker identification and do-
main classification tasks;

» We assess the performance of multiple SoTA
systems under zero-shot and fine-tuned set-
tings on SLU and ASR tasks;

* We share the models and the dataset for aca-
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demic use to further research on dialectal Ara-
bic NLP.

2. Similar Works

To situate our contribution within the landscape
of spoken language understanding (SLU) corpora,
we compare relevant datasets:

SLURP is one of the most diverse SLU datasets
to date, with over 18 distinct domains and a large
number of speakers. However, it is available only
in English, limiting its applicability to other lan-
guages (Bastianelli et al., 2020b).

The MASSIVE corpus (FitzGerald et al., 2022)
extends SLURP by translating and localizing it
into 51 languages, including Modern Standard Ara-
bic (MSA). While MASSIVE provides extensive
text-only coverage, the SpeechMASSIVE dataset
adds audio recordings for multiple languages. For
Arabic, SpeechMASSIVE covers MSA for all vali-
dation and test splits of SLURP, while the training
setincludes only 115 utterances, making it suitable
primarily for few-shot experiments.

The JANA corpus (Elmadany et al., 2015) is a
human-human dialogue corpus for Egyptian Ara-
bic, consisting of 82 transcribed call center and
chat dialogues annotated for dialogue. It does not,
however, include code-switching nor semantic tag
annotations.

The Lichouri et al. (2023) dataset is another
dialectal Arabic dataset consisting of 10 Algerian
Arabic voice commands recorded by 10 speakers,
each repeated 10 times. Although it was evalu-
ated on ASR, speaker identification, gender recog-
nition, accent recognition, and SLU, its very small
size limits its applicability for training robust task-
oriented SLU models.

The TuDiCol dataset (Karoui et al., 2013) is
an ontology-annotated corpus for dialogues in
Tunisian dialect. It comprises 127 dialogues for
893 segments. However, the dataset is not pub-
licly available.

TARIC-SLU (Mdhaffar et al., 2024a) represents
the only publicly available SLU corpus for Tunisian
Arabic prior to our work. Although it contains a
larger amount of audio data than SpeechMAS-
SIVE (approximately 8 hours of training data ver-
sus 0.14 hours), it is limited to a single domain
(train ticket reservations) and provides little infor-
mation on speaker diversity. Its lower sampling
rate (8 kHz) further constrains its use for broader
speech applications.

The PORTMEDIA dataset (Lefevre et al., 2012)
creation is similar to this undertaking, where
the starting point is an existing dataset, MEDIA,
recorded in another language, French, that is then
translated to the Italian. However like the MEDIA

and TARIC-SLU corpora, it focuses on a single do-
main, hotel reservations.

Speech TARIC
SLURP  \iasSIVE (Ar)  sSLU
Arabic No MSA Tun.
#Domains 18 18 1
#Utt. (train) 11514 115 15751
#Speakers 177 61 n/a
Dur.[h] (train) 40.2 0.14 8
SR[kHz] 16 16 8

Table 1: Comparison of the SLURP, SpeechMAS-
SIVES’s Arabic subset, and TARIC-SLU datasets.

Table 1 summarizes key characteristics of the
datasets most relevant to our work (derived from
SLURP or in Tunisian Arabic), highlighting the
gaps that motivate the development of SLURP-TN.

3. Corpus Creation

In order to create our Tunisian dialect SLU dataset,
we decided to benefit from the effort made during
the creation of the SLURP dataset. This choice is
motivated by the fact that SLURP is substantially
bigger and more diverse than any other existing
SLU dataset. Therefore, we used the same sce-
narios and the same set of semantic tags. Due to
practical constraints in time and resources, several
design choices were made to ensure a balanced
yet feasible data collection process:

» Scenario selection. We limited our coverage
to six representative domains from the orig-
inal 18 in SLURP—Emails, Weather, News,
Books, Alarm, and General. These were se-
lected for their relevance to everyday spoken

interactions.
« Data volume per scenario. For each
selected domain, we ftranslated and

recorded up to 500 utterances, i.e.,
min(|SLURP_scenario|, 500). This results in
a maximum of approximately 500 utterances
per scenario in SLURP-TN (see Figure 2).

» Evaluation splits. The entirety of the valida-
tion and test sets corresponding to the cho-
sen scenarios was included in the recording
process to allow direct comparison with the
SLURP baselines.

3.1.

Participant selection is a critical step in the collec-
tion of speech datasets. Factors such as gender,
regional origin, and linguistic proficiency are care-
fully considered to ensure that our dataset is of

Participant Selection
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higher quality and representative of the target pop-
ulation. Overall, we assembled a team of 55 na-
tive Tunisian dialect speakers aged 23 to 35, and
assigned them the task of manually translating the
source sentences into Tunisian dialect before pro-
ceeding to the recording sessions.

3.2. Segment Translation

Each speaker is responsible for translating their
own utterances. Translations should reflect the
speaker’s natural way of speaking, including any
instances of code-switching. Loanwords or code-
switched segments that remain unchanged should
be retained in their original language (English
or French). During translation, participants are
requested to adapt the sentences to the local
Tunisian context.  For instance, public figure
names should be replaced by similar Tunisian fig-
ures, locations with Tunisian equivalents, and cul-
turally specific references.

3.3. Audio recording

Audio recording sessions were scheduled accord-
ing to the speaker’s preferences. One speaker
may participate in multiple recording sessions. All
recording sessions are carried out under identical
conditions. Audio is captured from the speakers
through three different acoustic conditions: clean,
noisy, and headphones. The clean audio condi-
tion refers to the audio signal captured using a pro-
fessional Rhode VideoMic NTG microphone, while
noisy and headphones refer to the audio signal
recording, respectively, by the laptop and the head-
phones’ microphones. The same laptop and head-
phones are used across recording sessions.

All the audio recordings are saved as a single-
channel file in 24-bit Signed Integer PCM format
with a sampling rate of 48khz. We used Reaper
as a digital audio workstation and VoiceMeeter as
a virtual soundcard to enable simultaneous record-
ing from multiple inputs. We have deliberately cho-
sen to use the same equipment and recording set-
tings across sessions to eliminate any acoustically
related bias in the data collection.

3.4. SLU annotation

As stated earlier, we kept the same SLU tag set
used for SLURP dataset annotation. As regards
the SLU annotation step, it was performed after
the completion of all recording sessions. This
was realized by a single professional bilingual an-
notator, a native speaker of the Tunisian dialect.
During this step, the annotator was provided with
the annotated source utterances in English (as an-
notated in the original SLURP dataset) and their
translation into the Tunisian dialect. They were

asked to transfer the original English annotation
to the correct position in the target sentences in
the Tunisian dialect. Note that, compared to the
source annotation, some slots could be dropped
or change position in the Tunisian dialect sentence
due to the re-ordering and lexical choices dur-
ing English to Tunisian translation. Examples of
Tunisian dialect sentences annotated with seman-
tic tags alongside their original sentences in En-
glish are presented in Table 4.

4. Corpus Statistics

In total, we were able to collect 4165 Tunisian di-
alect sentences covering six different domains. Ta-
ble 2 presents details on the SLURP-TN dataset.
A total duration of 2 hours and 46 minutes was
recorded as a training set. This training set rep-
resents 2677 segments that were read out by 38
speakers. Among them, 20 are male speakers
and 18 are female. On average SLURP-TN each
training set recording is about 3.78 seconds in du-
ration and contains about 5 words.

Details Train Dev  Test
Duration 2:46:33 44m 1:3:18
Speakers 38 6 11

Gender /9 20/18 3/3 5/6
# segments 2677 595 893

Avg. dur. [sec] 3.78 443 4.25
Avg. len. [wrd] 5.31 535 5.26

Table 2: SLURP-TN dataset statistics.

In addition to their gender and age differences,
the speakers who participated in the SLURP-TN
collection do not belong to the same geographic
region in Tunisia. They are, in fact, spread across
several Tunisian regions from north to south. This
is an important feature that reflects the geographi-
cal representativeness and the coverage variability
of our dataset. In total, we recorded speakers from
18 different regions that are shown in Figure 1.

4.1. Domain coverage

Among the 18 original SLURP domains, SLURP-
TN covers 6 domains. Details about the selected
domains are reported in Figure 2. As illustrated
in the figure, we were able to fully translate and
record all segments from News, Alarm, and Take-
away scenarios. For the three other domains, we
achieve the goal of recording a least 500 sen-
tences for each domain. For instance, 515 out of
573 sentences are randomly selected and covered
in Weather, 511 out of 652 in General, and 501 out
of 953 in the Emails domain.
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Figure 1: Geographic distribution of participants
in the SLURP-TN recordings.
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652
573
501 515 503 511
Z ’ ‘
7 Z Z 390 7
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257 /
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Emails  Weather News Takeaway Alarm General

Figure 2: Train set recorded utterances by sce-
nario in SLURP-TN vs. total number os sentences
in the SLURP corpus.

4.2. Gender distribution

Gender bias is the preference or prejudice toward
one gender over the other (Moss-Racusin et al.,
2012). Gender bias often arises in NLP systems
due to statistical patterns in the training corpora.
In this work, we tried to mitigate gender bias by
design by considering this factor during participant
selection.

Table 3 provides the percentage of male and fe-
male voices inside each domain in the train, vali-
dation, and test sets. Although the distribution is
imbalanced for some domains (i.e train set of the
Takeaway domain), the total number of recorded
audios shows gender-balanced participation in the
SLURP-TN dataset.

Domain Train Validation Test
male (%) / female(%)

Emails 415/585 57.3/42.7 57.2/42.8
Weather 546/454 47.6/52.4 55.8/44.2
News 87.3/12.7 46.3/53.7 64 /54
Takeaway 26.5/73.5 50/50 45.6/54.4
Alarm 30/70 34.4/65.6 40.6/59.4
General 46 / 54 451/54.9 43.4/56.6
Total 50.4/49.6 48.2/51.8 49.9/50.1

Table 3: Gender distribution (percent of male / fe-
male) in the SLURP-TN corpus by subset and do-
main.

4.3. Code-Switching

Code-switching (CS) is defined as the alternation
of languages in text or speech. CS is a com-
mon linguistic phenomenon in multiple spoken lan-
guages, such as the Tunisian dialect (Bougares
et al., 2025). SLURP-TN is not unique in that re-
spect, and CS exists in almost 54% of the recorded
training sentences. Using the the changes in the
writing script (Latin or Arabic), it is possible to iden-
tify instances of CS. The validation and test sets
contain, respectively, 53% and 58% of CS sen-
tences.

5. Experimental Framework

All our experiments are performed using a unified
ASR and SLU experimental setup. All our training
pipelines were implemented using the Speech-
Brain toolkit (Ravanelli et al., 2024). Depending
on resource availability, models are trained on a
single NVIDIA H100-80GB or A100-80GB GPU.
The SLURP-TN dataset was used to evaluate
and fine-tune several SoTA multilingual speech
models. Particularly, we evaluated w2v-BERT
2.0 (Barrault et al., 2023) and SENSE (Mdhaffar
et al., 2025) models because they have been
successfully used in previous related works. In
fact, these models consistently outperformed
other self-supervised (SSL) speech encoders on
the TARIC-SLU dataset (Mdhaffar et al., 2024b)
and SpeechMASSIVE benchmarks (Mdhaffar
et al., 2025).

We additionally include Whisper-large-v3 due to
its widespread adoption in the speech processing
community. Whisper-based experiments are con-
ducted by extending its tokenizer with SLURP-TN
semantic tags or using only the encoder, as in the
SENSE and w2v-BERT 2.0 configurations.

All our models are trained on the combined set
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Domain

Sentences

SLURP - [time : six am] alarm please

Alarm SLURP-TN - [time : L.l e Zdl] alarme clige

Emails SLURP - email [relation : co worker] about work project
SLURP-TN - [relation : é:aj] 4sud: projet e email )

General SLURP - I'll be going to my [place_name : office]

SLURP-TN - [place_name : bureau] | &4 &

Table 4: Examples of SLURP and SLURP-TN sentences from General, Alarm and Emails domains .

Semantic tag Alarm Takeaway Emails General News Weather
train / dev / test
alarm-type 7/11/2 - - - - -
app-name - 4/0/0 - - - -
artist-name - - - 2/1/0 - -
business - 1/0/0 - - - -
business-name - 95/13/22 3/3/5 - - -
business-type - 37/5/2 - 2/2/0 - 0/1/0
date 102/16/26 2/0/0 41/16/19  72/13/32 59/11/15  250/71/74
device-type 1/0/0 - 0/1/0 2/0/0 1/0/0 -
drink-type - 1/0/1 - 1/1/0 - -
email-address - - 19/3/9 - - -
email-folder - - 12/5/5 - - -
event-name 23/1/5 1/0/0 15/5/12 4/2/10 - 3/0/1
food-type - 107/15/20 - 1/0/1 - 0/1/0
general-frequency 2/1/0 - 1/0/0 0/0/1 2/01 1/0/1
house-place 1/0/0 - - - - -
ingredient - 0/0/1 - - - -
joke-type - — — 27/8/11 - -
list-name - - 111 - - -
meal-type - 3/0/3 3/2/0 1/1/0 - 1/0/0
media-type 0/0/1 - 1/0/0 - 129/20/35 -
movie-name - - - 1/0/0 - -
news-topic - - - 1/0/2 173/36/45 -
order-name - 1/0/0 - - - -
order-type 1/0/0 97/15/16 - - - -
person 0/1/1 1/0/0 206/53/98  17/1/9 24/5/2 -
personal - - 1/0/0 - - -
personal-info - - 31/9/14 - - -
place-name - 1/1/0 3/1/3 14/8/6 65/8/13  115/22/30
relation 2/0/0 - 61/25/37 8/2/4 - -
time 170/32/41 6/0/0 25/6/9 2/11 8/1/2 14/3/3
time-zone 1/0/0 - - - - -
timeofday 44/9/7 1/0/0 7/2/4 2/0/2 3/0/0 35/2/14
transport-type - - - — 1/0/0 -
weather-descriptor - - - - - 288/58/80

Table 5: Distribution of the SLURP-TN semantic tags (train / validation / test).

of acoustic conditions (clean, noisy, and head-
set), using the corresponding combined valida-
tion set for model selection. Except for SENSE,
all models undergo an initial fine-tuning stage in
the TEDx-TN dataset (Bougares et al., 2025), a

Tunisian code-switching ASR and speech transla-
tion corpus. Previous work has shown that adapt-
ing generic models to data from the target lan-
guage can significantly improve downstream per-
formance (Talafha et al., 2024).
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A character-level tokenizer is used for both ASR
and SLU tasks. SLU-specific tags are encoded
as single characters, resulting in total vocabulary
sizes of 65 and 96 for ASR and SLU, respectively.

For encoder-based architectures, the pretrained
encoder is followed by a downstream network con-
sisting of three feed-forward layers with 512 neu-
rons each and LeakyReLU activations, ending with
a linear projection to the task’s vocabulary size
and a log-softmax output. Encoders are opti-
mized using Adam with a learning rate of 1 x 1072,
while the downstream networks are trained using
Adadelta with a learning rate of 1.0. Training is
performed with the Connectionist Temporal Clas-
sification (CTC) loss.

In contrast, the encoder—decoder Whisper mod-
els are trained using the negative log-likelihood
(NLL) loss and the AdaW optimizer.

All models are trained for 250 epochs with a
batch size of 16 and a gradient accumulation fac-
tor of 2. Early stopping based on validation per-
formance is applied to prevent overfitting. All au-
dio signals are down-sampled to 16 kHz to ensure
compatibility across models.

Evaluation metrics. ASR models are evaluated
using the character error rate (CER) and word
error rate (WER). For SLU models, we report two
complementary metrics: the concept error rate
(CoER), which measures the accuracy of detect-
ing semantic tags within an utterance, and the
concept-value error rate (CVER), which evalu-
ates the joint correctness of tag and value predic-
tions. In addition, WER and CER are computed
for SLU models after removing semantic tags. We
use the SCLITE tool (version 2.4.10) provided by
NIST (NIST, 2021) for all evaluations.

6. Results

6.1. ASR Models

Zero-Shot condition: We evaluate the w2v-
BERT 2.0 system fine-tuned on TEDx-TN, an
off-the-shelf Whisper-large-V3 model, and a fine-
tuned version on TEDx-TD as well in a zero-shot
fashion on our SLURP-TN dataset.

Table 6 reports the obtained results and shows
that, despite its weakly-supervised training and
support for the Arabic language, Whisper still lags
behind on Arabic dialects such as Tunisian. The
w2v-BERT 2.0 performed the best overall, with a
relatively high WER score exceeding 59 in both
evaluation splits.

Closer inspection of the system’s output reveals
that w2v-BERT 2.0 struggles with code-switched

Model Validation Test
CER WER CER WER
w2v-BERT 2.0* 15.7 59.2 17.4 59.5
Whisp-Ig-V3 517 802 524 797
Whisp-Ig-V3 * 328 673 324 67.3

Table 6: Zero-shot WER (%) and CER (%) on the
clean test and validation splits.

X, mixing Latin and Arabic script within the same
word.

The off-the-shelf Whisper obtains the worst CER
and WER scores overall, but closer inspection of
the outputs shows a tendency to transcribe code-
switched utterances entirely in the Arabic script.
In other instances, dialectal Arabic sentences are
transcribed in MSA.

The Whisper system fine-tuned on TEDx-TN,
achieves lower error rates than its off-the-shelf
counterpart. It does, however, struggle with the
pronunciation of code-switched segments, result-
ing in a large number of hallucinations. Despite the
gains obtained by prior fine-tuning on the TEDx-TN
dataset, Whisper systems still perform worse than
w2v-BERT 2.0.

Fine-tuning condition: We fine-tune the mod-
els evaluated in a zero-shot fashion in addition
to a SENSE system and Whisper-encoder only
based system using the TEDx-TN whisper system.

Model Validation Test
CER WER CER WER
w2v-BERT 2.0* 84 304 98 336
SENSE 10.7 36.4 122 384
Whisp-lg-V3enc* 13.4 440 154 458
Whisp-Ig-V3* 221 512 212 404

Table 7: WER (%) and CER (%) of ASR models
on the clean test and validation splits.

Table 7 summarizes the obtained results and
shows that w2v-BERT 2.0 is the best performing
system overall, nearly halving its zero-shot error
rates after fine-tuning on SLURP-TN. The 30.4
and 33.6 WER on the validation and test splits
show that SLURP-TN is still a challenging data
set for ASR task. This can be attributed to the
large amount of code-switched sentences and the
speaker variability.

Although high performing on other SLU datasets
like SLURP and SpeechMASSIVE, SENSE lags
behind w2v-BERT 2.0 in the ASR evaluation. This
can be attributed to the semantic enhancement
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being a trade-off between the model’s ability to
capture phonetic information for better perfor-
mance on more semantics-oriented tasks.

Further fine-tuning the TEDx-TN Whisper sys-

tem on SLURP-TN drastically improves ASR per-
formance with a decrease of 16.1 and 26.9 abso-
lute points in WER for the validation and test sets,
respectively.
Moreover, the encoder-only whisper system out-
performs its encoder-decoder counterpart in both
CER and WER when evaluated on the valida-
tion split and in CER on the test split, where the
encoder-decoder model achieves a lower WER.
This indicates that for low-resource languages and
code-switched settings, encoder-only systems still
offer competitive performance.

6.2. SLU Models

We evaluate all SLU systems under the three
acoustic conditions-clean, headphone, and
noisy-for both the validation and test splits. The
detailed results are presented in Tables 8 and 9,
respectively.

Performance of Semantically Enriched Mod-
els: Across all acoustic conditions and evaluation
splits, the SENSE model consistently outperforms
w2v-BERT 2.0 on SLU-oriented metrics (CoER
and CVER). However, this trend reverses when
considering transcription fidelity metrics (CER and
WER), where w2v-BERT 2.0 achieves lower error
rates. This contrast illustrates a recurring trade-off
between linguistic accuracy and semantic under-
standing: enriching SSL speech encoders with
semantic knowledge enhances meaning-related
comprehension at the expense of transcription
precision.

Encoder vs. Encoder-Decoder Architectures:
Whisper encoder-only systems demonstrate
strong performance on the CER metric, nearly
halving error rates compared to their encoder-
decoder counterparts. However, the encoder-
decoder variants achieve lower WER scores
overall, suggesting that Whisper’s encoder-only
outputs exhibit a higher dispersion of character-
level errors across words. In terms of semantic
understanding, encoder—decoder systems outper-
form Whisper encoder-only models on CoER (tag
prediction), yet lag behind in CVER (tag-value pre-
diction). This pattern highlights complementary
strengths between both architectures.

Influence of Acoustic Conditions: When
comparing acoustic conditions, the clean and
headphone setups yield similar levels of linguistic
(CER, WER) and semantic (CoER, CVER) com-

plexity. On the validation split, models tend to
achieve their lowest scores in either of these two
conditions, while for the test split, the headphone
condition consistently produces the best results.
In both cases, differences between the two remain
minor: within 0.5 absolute points on average. The
noisy condition, however, remains significantly
more challenging, resulting in consistently higher
error rates across all models. Among them, w2v-
BERT 2.0 shows the strongest robustness under
noise, exhibiting the smallest performance degra-
dation. In contrast, Whisper-based systems
suffer larger drops, with the Whisper encoder
model showing up to a 7-point increase in CVER
when moving from the headphone to the noisy
condition.

Validation vs. Test Set Behavior: Compar-
ing results across splits reveals that the validation
set generally yields higher error rates, while the
test set exhibits less degradation across acoustic
conditions. This suggests that the noisy portion of
the test data may be acoustically cleaner or more
balanced than its validation counterpart.

Overall, the validation and test results remain
closely aligned across all models and metrics.
This consistency indicates that the validation
set serves as a reliable proxy for estimating test
set performance during model development and
hyperparameter tuning.

Complexity of the SLU Task: Comparing the
CER and WER obtained by the ASR and SLU mod-
els on the clean validation and test sets using Ta-
bles 7, 8, and 9, can provide an estimation of the
complexity of adding the slot-filling task.

The w2v-BERT 2.0 and SENSE systems are the
least affected by the added SLU task, showing very
little difference in scores.

While the Whisper-encoder system achieves no-
ticeably worse CER and WER scores on the
SLU task, especially on the test set, the encoder-
decoder counterpart achieves much higher CER
scores on the SLU evaluation sets. On the other
hand, its WER scores are reduced by 5.1 absolute
points when evaluating on the SLU validation set
andincrease by 5.7 on the test set of the same task.
This behaviour is unique to the encoder-decoder
and can be attributed to the extension of its tok-
enizer and embedding table instead of using a be-
spoke tokenizer like the other models we evaluate.

7. Conclusion

In this paper, we presented the SLURP-TN
dataset, a translation and localization of the
SLURP dataset featuring 55 speakers with an em-
phasis on gender parity and geographical cover-
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CLEAN HEADPHONE NOISY
Model ‘CER/ WER CoER CVER ‘ CER/ WER CoER CVER ‘ CER/ WER CoER CVER
w2v-BERT 2.0* 8.4/30.2 539 613 |85/314 539 623 (10.5/35.0 545 653
SENSE 10.8/36.3 45.1 55.7 |10.8/37.0 43.8 54.9 (13.2/40.9 47.0 60.2
Whisp-lg-V3 enc.*| 14.1/455 56.8 70.3 |14.1/452 57.6 70.7 |19.1/54.6 63.7 77.7
Whisp-Ig-V3* 285/46.5 461 78.9 (28.7/464 46.3 783 |30.8/49.5 50.3 82.6
Average ‘ 15.5/39.6 50.5 66.6 ‘ 15.5/40.0 50.4 ©66.6 ‘ 18.4/45.0 539 71.5

Table 8: SLURP-TN validation split evaluation scores: WER, CoER, and CVER. Results in bold highlight
the best model scores, and underlined values are the lowest on average.

CLEAN HEADPHONE NOISY
Model ‘CER/ WER CoER CVER ‘ CER/ WER CoER CVER ‘ CER/ WER CoER CVER
w2v-BERT 2.0* 99/334 532 665 |9.7/335 527 653 (11.2/36.3 51.3 67.8
SENSE 12.1/376 441 59.0 |12.0/374 453 59.1 |13.9/419 46.6 62.1
Whisper-Ig-V3 Enc.*| 16.3/48.3 572 718 |16.2/475 574 718 |20.0/55.0 61.5 784
Whisper-lg-vV3* 28.2/46.1 503 78.8 [28.1/458 49.1 779 |30.2/49.1 503 785
Average ‘ 16.6/41.4 512 69.0 ‘ 16.5/411 511 68.5 ‘ 18.8/45.6 524 717

Table 9: SLURP-TN test split evaluation scores: WER, CoER, and CVER. Results in bold highlight the
best model scores, and underlined values are the lowest on average.

age of Tunisian regions. In addition to the SLU
annotations ported from SLURP, we provide high
sampling rate audios in three different acoustic
conditions (clean, noisy, and headphone) to en-
able experiments and analyses on other tasks.
ASR and SLU benchmarking of SoTA models
shows that SLURP-TN is a challenging dataset for
both tasks, highlighting the need for more robust
and better-performing speech models for dialectal
Arabic speech.

By making SLURP-TN publicly available for aca-
demic use, we hope to foster collaboration and
facilitate more reproducible and comparable stud-
ies in SLU for Arabic dialects in general and the
Tunisian dialect in particular.

8. Limitations

While our dataset exhibits the widest dialectal di-
versity to date for Arabic SLU, covering multiple
dialects, a broad range of scenarios, and a large
number of speakers with rich metadata, it still rep-
resents only about one-third of the original SLURP
corpus in terms of overall scenario coverage. This
reduced scope may limit the generalization of mod-
els trained on our data to certain domains or in-
tents not yet represented. As future work, we aim
to extend the dataset with additional scenarios and
utterances to achieve broader coverage and closer
alignment with the full SLURP benchmark.

9. Ethical Considerations

All recordings used in this work were collected
with informed consent from participants. Personal
identifiers were removed to preserve speaker
anonymity, and all metadata is limited to non-
sensitive information such as speaker age range,
gender, and dialect region. We made efforts to en-
sure balanced representation across genders and
dialects to mitigate demographic bias. However,
as with any speech dataset, imbalances may re-
main due to differences in speaker availability or
recording conditions.

The dataset should not be used in contexts that
could lead to discrimination, surveillance, or any
other harmful application.
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