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Abstract
Recent improvements in multilingual ASR have not been
equally distributed across languages and language varieties. To
advance state-of-the-art (SOTA) ASR models, we present the
Interspeech 2025 ML-SUPERB 2.0 Challenge. We construct a
new test suite that consists of data from 200+ languages, ac-
cents, and dialects to evaluate SOTA multilingual speech mod-
els. The challenge also introduces an online evaluation server
based on DynaBench, allowing for flexibility in model design
and architecture for participants. The challenge received 5 sub-
missions from 3 teams, all of which outperformed our baselines.
The best-performing submission achieved an absolute improve-
ment in LID accuracy of 23% and a reduction in CER of 18%
when compared to the best baseline on a general multilingual
test set. On accented and dialectal data, the best submission
obtained 30.2% lower CER and 15.7% higher LID accuracy,
showing the importance of community challenges in making
speech technologies more inclusive.
Index Terms: multilingual, speech recognition

1. Introduction
In the past decade, studies on scaling end-to-end neural net-
works have led to dramatic improvements in models for Au-
tomatic Speech Recognition (ASR) [1, 2]. Importantly, ASR
systems are no longer limited to solely the English language:
state-of-the-art (SOTA) models achieve strong performance on
over 50 languages [3–5].

However, these benefits have not been equally distributed
among all languages and language varieties. Many works have
shown that SOTA models perform significantly worse on ac-
cented speech or dialects that are not considered “standard" [6–
8]. This causes many downstream technologies, such as virtual
assistants, closed captioning, and translation services to func-
tion substantially worse for many subgroups that may already
be disadvantaged.

To address this limitation, this paper presents the Inter-
speech 2025 ML-SUPERB 2.0 Challenge. The goal of the chal-
lenge is to encourage the development of systems that can per-
form well across languages and language varieties. In total,
the challenge evaluates ASR models on speech data from 149
languages and 93 language varieties. Unlike other SUPERB-
based benchmarks and challenges [9–15], which focused on
smaller probe-based experiments on limited amounts of data,
the ML-SUPERB 2.0 Challenge has no restrictions on what data
or pre-trained models can be used. Participants can curate train-
ing data or leverage the latest advances in speech modeling to
train the best possible models. Evaluation of these models is fa-
cilitated by our online evaluation server that is hosted by Dyn-
aBench [16]. This server performs inference for the participants

by having all submissions adhere to an API. As such, the test
set remains fully hidden to participants, preventing benchmark
overfitting.

The focus on robustness to both different languages and lan-
guage varieties is novel, as research in these areas has often
been disjoint. Many works aim to solely increase the amount
of languages a system can handle, but ignore variation that oc-
curs within languages [5, 17, 18]. On the other hand, research
on improving ASR performance on different accents or dialects
often focuses on variation within single languages [6, 19–21].
This benchmark acts as a first step towards better unifying the
fields of multilingual and fair speech processing. We hope such
cross-disciplinary interactions can lead to both a more inclusive
speech processing community and more inclusive speech pro-
cessing models. This paper is outlined as follows:

• Section 2 details the collection and cleaning process for the
data used in the challenge, while discussing the difficulties
in developing a benchmark with such a wide coverage of
languages and language varieties.

• Section 3 outlines the challenge rules and design decisions.
• Section 4 presents baseline results with SOTA self-

supervised and supervised ASR models, and compares them
to the submitted systems.

Our contributions can thus be summarized as:
1. We introduce a new challenge that evaluates multilingual

ASR performance across 149 languages and 93 language
varieties, representing the broadest coverage of any speech
benchmark to date.

2. We compare 5 submitted systems, which all out-performed
our baseline systems, showing that community challenges
can lead to better-performing systems.

3. Despite these advancements, we find that SOTA ASR sys-
tems continue to underperform on accented and dialectal
speech.

2. Challenge Data
2.1. General Multilingual Data

The data described in this section is designed to evaluate the
general multilingual capabilities of ASR models across 149
languages. We obtain this data by combining previous ML-
SUPERB benchmarks [11, 13, 14]. In doing so, we found sev-
eral issues with the data used in these existing benchmarks or
the corpora they were sourced from. Many of these issues orig-
inate from cases where a language may use several different
orthographies. For example, we removed all Norwegian data
(nor, nno, and nob), because (1) some data sources do not
clearly indicate which written standard they represent; (2) nno
and nob differ only in writing systems and they do not have a
clear relationship with the spoken dialects. Similar issues were
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Figure 1: Overview of the challenge submission system. Participants upload their model weights and inference code to DynaBench,
which runs the evaluation online and returns the evaluation metrics.

observed in Serbian: FLEURS [22] had Latin transcripts while
Common Voice [23] used Cyrillic. Normalizing these factors is
particularly important for our challenge, as otherwise our met-
rics on fairness and robustness will be severely impacted (Sec-
tion 3.6). Another common problem was the distinction be-
tween similar languages. Although Tagalog (tgl) and Filipino
(fil) are technically distinct languages, the source datasets do
not explicitly distinguish them. Therefore, we decided to merge
them. Also, the choice of ISO code used by different datasets
posed a problem, where some datasets use the macro-language
designation and others use a dialect-specific code, as seen with
Malay (msa vs zlm) and Odia (ory vs ori). These issues
highlight the difficulties associated with crowd-sourced data
collection efforts [22, 23] and show the necessity of linguistic
expertise during data development. As multilingual models be-
come increasingly more common in both research and produc-
tion [3, 5, 17, 18, 24], proper linguistic meta-data is necessary
to guarantee that models are configured properly.

After data cleaning, we segment the data into 3 splits: a
baseline training set, a development set, and a test set. The
baseline training set consists of 1 hour of data per language,
while the development and test sets contain 10 minutes of data
per language. The baseline training and development sets con-
tain 139 languages, leading to a total of 139 hours of training
data and 23 hours of development data. The test set contains
an additional 10 languages from the ML-SUPERB Challenge
hidden set [13], totaling to 26 hours1.

2.2. Accented and Dialectal Multilingual Data

To evaluate the performance of ASR models on different ac-
cents and dialects, we collect more evaluation data from new
data sources, totaling to 93 accents and dialects. We create
10-minute development and test subsets for each accent or di-
alect from each of these corpora in the same style as Section
2. The development set contains data sourced from 9 accented
or dialectal speech corpora [25–33]. The hidden test set con-
tains data sourced from the same corpora as the development
set along with 4 additional corpora [34–37]. While we list these
datasets here for transparency, participants were not made aware
of which datasets were used during the challenge. We also did
not reveal which accents or dialects were included in the chal-
lenge.

1Participants were made aware of which exact languages were in-
cluded in the test set but not the training set.

Table 1: Comparison of different ML-SUPERB versions.

Version Langs. Models Fairness Dialectal

1.0 Benchmark 143 SSL ✗ ✗
1.0 Challenge 154 SSL ✗ ✗
2.0 Benchmark 142 ASR+SSL ✓ ✗
2.0 Challenge (ours) 149 Any ✓ ✓

3. Challenge Task and Rules
3.1. Updates from Previous Challenges and Benchmarks

The goal of this challenge is to encourage the development
of ASR systems that are robust to languages, accents, and di-
alects. Importantly, we avoid constraining participants to cer-
tain datasets or modeling approaches. This is distinct from the
goals of previous ML-SUPERB benchmarks or challenges [15].
The original benchmark constrained systems to a fixed train-
ing set, as it was designed to probe the multilingual capabili-
ties of SSL models and not develop SOTA ASR systems. The
ML-SUPERB 1.0 Challenge [13] was proposed to extend the
benchmark to new languages, but enforced the same training
constraints. Finally, the ML-SUPERB 2.0 benchmark2 [14] was
designed to consider differences in architectures and training
strategies when evaluating multilingual SSL models and pro-
posed metrics to evaluate model robustness. However, it was
also constrained to a fixed training set and did not consider ro-
bustness to accents or dialects. The differences are summarized
in Table 1.

3.2. Task

Contrary to previous SUPERB benchmarks [9–15], the ML-
SUPERB 2.0 Challenge only features a single evaluation track.
Participants are tasked with developing SOTA multilingual
ASR systems for 154 languages. During the evaluation phase
of the challenge, the participants are given audio files and asked
to both transcribe the speech (ASR) and predict the language
being spoken (LID prediction). We opted not to include more
complex tasks, such as Spoken Language Understanding, as it
would lead to many low-resource languages being excluded.

3.3. Submission
We use DynaBench [16] as the challenge submission platform,
as it was successfully used in previous competitions that re-
quired the test set to remain completely hidden, such as the
FLoReS-101 Large-Scale MT challenge at WMT 2021 [38, 39].

2We emphasize that [14] is a benchmark while this paper imple-
ments its findings into a challenge.
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Listing 1 Pseudo-code for the API used to interface with the
DynaBench, which participants customize for their model.
1 def API(waveform):
2 """
3 Args:
4 waveform (np.array): speech waveform
5 Returns:
6 pred_lid (str): ISO3 code of LID pred
7 pred_asr (str): predicted transcript
8 """
9

10 # participants must fill in the below
11 # lines to connect their model
12 pred_lid =
13 pred_asr =
14 return pred_lid, pred_asr

Rather than submitting decoded inference results, participants
instead upload their model submission to DynaBench. Dyn-
aBench interfaces with the uploaded model via a standardized,
pre-defined API (Listing 1) and then performs inference and
scoring on the evaluation server. Participants are only able to
view the final evaluation scores, and do not have access to the
input audio, ground truth text, nor their model outputs. This al-
lows the evaluation to remain fully blind and robust, alleviating
issues with community benchmark overfitting. A summary of
the submission process is visualized in Figure 1.

3.4. Allowed Models and Methods
Unlike the ML-SUPERB 1.0 challenge that constrained partic-
ipants to fixed data or training methods [13], participants are
allowed to use almost any resource in this benchmark. The
only rule is that inference for the final evaluation must be per-
formed on our server without internet connection (See Section
3.3). Furthermore, the submitted model must be able to perform
inference within the server’s memory limitations (around 46 GB
of GPU VRAM). These flexible constraints allow participants to
use the latest pre-trained models, such as self-supervised speech
encoders [17, 18], supervised ASR models [3, 4, 24, 40], or
even Large Language Models (LLMs) [41], while preventing
submissions that only use API-based models [42]. We note that
participants are allowed to use API-based solutions to aid their
own model development, such as for the purpose of distillation
or pseudo-labelling.

3.5. Training and Development Data
Similar to Section 3.4, we do not have any explicit constraints
on which datasets are allowed: participants are free to use an ex-
isting dataset for model development. They are also allowed to
collect external data from new resources, as long as they men-
tion how that data was obtained. To ease model development,
we provide participants with the baseline training and devel-
opment set based on the ML-SUPERB 2.0 public set [14], as
described in Section 2.1. We also provide participants with a
secondary accented and dialectal development set (Section 2.2)
to help them assess the robustness of their models to different
language varieties. Participants are not required to use any of
the provided data.
3.6. Evaluation Data and Metrics
The submissions of participants are evaluated on the accuracy of
their speech recognition systems on different languages and lan-
guage varieties. We separate our metrics into three categories:
standard, language robustness, and dialectal robustness. Each
of these categories are expanded upon in detail below.
Standard: This category mostly follows the original scoring

Figure 2: Comparison of different aggregation methods used
to compute the final rankings across all metrics. Accuracies
are inverted by subtracting from 100 when calculating the ag-
gregate raw scores, such that a lower score is better.

system of ML-SUPERB’s multilingual ASR+LID task with two
main metrics: average language identification accuracy (ACC)
and ASR character error rate (CER) across languages. The
scores for this category are obtained from the inference results
on the ML-SUPERB test sets discussed in Section 2.1.
Language Robustness: The language robustness metrics are
designed to encourage consistency in performance across lan-
guages.3 We use two metrics to measure this: average ASR
CER of a system’s worst performing 15 languages and the stan-
dard deviation (StD) of a system’s ASR CER across all lan-
guages. These scores are also obtained from the inference re-
sults on the ML-SUPERB test sets discussed in Section 2.1. For
both metrics, a lower score indicates a better result.
Dialectal Robustness: The dialectal robustness evaluation
metrics encourage systems that are robust to different vari-
eties within languages. The metrics used for robustness mirror
those of the standard evaluation category: language identifica-
tion ACC and ASR CER on the accented and dialectal speech
data. Participants are not required to identify the specific dialect
spoken in an utterance. Since this evaluation requires accent/-
dialect labels, the scores are obtained from inference results on
our new accented and dialectal test set discussed in Section 2.2.

3.7. Ranking
The overall ranking on the challenge is calculated by taking
the average rank of each model on each of the 6 metrics. The
methodology can be summarized as follows:

1. Calculate rankings for each model on each metric.

2. Calculate the average ranking for each model across met-
rics.

3. Rank models by average ranking.

We use the average rank of a system rather than the average
of the raw metric scores to avoid the ranking being skewed by
differences in the metrics’ dynamic ranges, which was effective
in previous speech challenges [43, 44]. For example, the first
two columns in Figure 2 show how rankings can shift signifi-
cantly between a macro-average across the 3 categories (Stan-
dard, Language Robustness, Dialectal Robustness) and micro-

3These metrics were first explored in the ML-SUPERB 2.0 bench-
mark [14], but were not considered for model ranking.
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Figure 3: Raw scores/rankings of each system submission and the best 2 SSL model baselines on our challenge evaluation metrics.

Table 2: Raw scores of SOTA supervised and SSL models on
the ML-SUPERB and Dialectal test sets.

Standard Language Dialectal
Model LID CER StD Worst LID CER

WavLM 55.9 72.0 38.3 122.1 27.2 79.0
XLSR 53 53.8 51.9 19.4 92.8 18.8 74.5
XLS-R 300M 72.6 53.0 31.4 104.3 30.5 74.5
XLS-R 1B 71.0 53.5 31.4 110.0 32.7 68.0
MMS 1B 74.6 57.1 33.5 118.8 40.4 65.9
w2v-BERT 76.6 46.7 29.6 97.9 40.9 68.9
XEUS 76.4 40.2 25.2 82.5 33.6 68.7

Whisper 42.3 43.2 41.0 122.9 54.7 44.3
OWSM 64.8 43.0 50.0 122.8 51.0 109.5

average across the 6 individual metrics (Standard CER, Stan-
dard LID, Worst 15 CER, StD, Dialectal CER, Dialectal LID)
when using raw scores, which is undesirable. On the other
hand, there is no change in the overall ranking for the 7 SSL
models between a macro-average and micro-average when us-
ing per-metric rank (Figure 2, left 2 columns). We therefore
use the micro-average across per-metric ranks as the aggrega-
tion method for simplicity and consistency, with tie-breakers
decided by the micro-average of raw scores.

4. Benchmark and Submission Results
Self-Supervised Models: We obtained baseline results with 7
systems based on SSL speech encoders: WavLM [45], XLSR-
53 [46], XLS-R 128 300M [47], XLS-R 128 1B [47], MMS
1B [17], w2v-BERT 2.0 [24], and XEUS [18]. Since all of
these models are self-supervised, we develop ASR systems via
fine-tuning on the ML-SUPERB 2.0 public set [14]. Each self-
supervised speech encoder is frozen during fine-tuning, and a
weighted sum of the layer-wise representations is used as input
into a 2-layer Transformer encoder [48] that is trained using the
CTC loss [49].
Supervised Models: We also evaluate the capabilities of 2
multilingual pre-trained ASR foundation models: OWSM 4B
[50] and Whisper Large v3 [3]. These are run in a zero-shot
manner, as they are designed to be used out-of-the-box.

4.1. Results
Supervised vs Self-Supervised: Table 2 shows the scores of
each supervised and SSL model. We find that SSL models gen-
erally achieve better scores due to the wide coverage of the

Table 3: CERs of supervised models when considering if lan-
guages were seen during training.

Standard Dialectal
Model Seen Unseen Seen Unseen

Whisper 40.7 76.2 28.0 59.9
OWSM 26.0 69.3 102.6 157.7

fine-tuning dataset; supervised models yield inconsistent per-
formances (high StD) since their original training set does not
cover all languages. XEUS is the best overall model, while the
English-only WavLM yields the worst results. Table 3 breaks
down the two supervised models’ scores, separating languages
seen in their training set from those that are unseen, showing
the substantial impact of unseen languages on CER.
System Submissions: The 5 systems from the 3 teams are
compared to the 2 best SSL baselines in Figure 3. All submitted
systems achieved a higher overall ranking than the SSL base-
lines, showing the progress made during the challenge. No sub-
mission obtained the best results across all 6 metrics: each team
had a system submission that ranked 1st in at least 1 metric.
Comparing the best system per metric to XEUS, the best SSL
baseline, we observed an absolute improvement of 12.4, 19.3,
5.8, 4.1, 23.0, and 30.2 on Standard LID, Standard CER, StD,
Worst 15 CER, Dialect LID, and Dialect CER, respectively.

5. Conclusion
We propose the ML-SUPERB 2.0 Challenge, a novel speech
processing challenge with the goal of inclusive ASR bench-
marking for a large number (200+) of languages, accents,
and dialects. The challenge introduces a novel multilin-
gual test suite of accented and dialect speech and uses
new metrics to test the robustness of ASR systems. The
challenge received 5 system submissions from 3 teams, all
of which outperformed baselines derived from SOTA SSL
models. We hope future work can build on this challenge and
its findings to make speech technologies more accessible for all.
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