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Abstract

There has been a growing effort to develop universal speech
enhancement (SE) to handle inputs with various speech distor-
tions and recording conditions. The URGENT Challenge series
aims to foster such universal SE by embracing a broad range of
distortion types, increasing data diversity, and incorporating ex-
tensive evaluation metrics. This work introduces the Interspeech
2025 URGENT Challenge, the second edition of the series, to
explore several aspects that have received limited attention so
far: language dependency, universality for more distortion types,
data scalability, and the effectiveness of using noisy training data.
We received 32 submissions, where the best system uses a dis-
criminative model, while most other competitive ones are hybrid
methods. Analysis reveals some key findings: (i) some genera-
tive or hybrid approaches are preferred in subjective evaluations
over the top discriminative model, and (ii) purely generative SE
models can exhibit language dependency.

Index Terms: URGENT challenge, speech enhancement, multi-
lingual, scalability

1. Introduction

Speech enhancement (SE) aims to improve speech quality de-
graded by noise, reverberation, or other distortions. It has seen
significant progress thanks to neural networks. However, most
prior work has focused on matched training—inference conditions
and limited tasks such as noise suppression and dereverberation.

In recent years, the advent of generative models has broad-
ened the scope of SE to include more complex tasks such as
bandwidth extension, packet loss concealment [1], and wind
noise reduction [2]. Following this trend, there has been growing
interest in developing universal SE models capable of handling
multiple tasks and diverse input formats within a single frame-
work. For example, score-based diffusion models have been ex-
plored for universal SE [3,4], enabling a single model to address
multiple SE tasks. To support diverse input formats, models
that process multiple sampling rates and varying numbers of
microphones have also been proposed [5]. However, despite
these advances, a well-established benchmark for evaluating gen-
erative and universal SE models remains lacking, making fair
comparisons challenging.

To address this gap, the URGENT Challenge (Universality,
Robustness, and Generalizability of speech EnhancemeNT) was
launched. The first edition, the URGENT 2024 Challenge [6],
aimed to lay the foundation for developing universal SE mod-
els by setting two key objectives: (i) handling four types of
distortion (additive noise, reverberation, bandwidth limitation,
and clipping) and (ii) accommodating input signals with varying
sampling rates. The challenge utilized a collection of publicly
available datasets, significantly larger than those used in most
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prior studies, and employed a comprehensive evaluation frame-
work with as many as 13 evaluation metrics.

To further advance the development of universal SE models,
we propose the second edition of the series, Interspeech 2025
URGENT Challenge. This iteration introduces the following
modifications based on our preliminary investigations [7]:

* More data diversity: There is room for improvement in
robustness on, e.g., samples with unseen or rarely seen noise.
To address this, the proposed challenge by incorporating more
diverse speech and noise data.

* Leveraging noisy data: While noisy data is crucial for scal-
ing up the amount of data due to the scarcity of clean data,
we found that simple filtering methods (e.g., using DNSMOS
scores [8]) did not remove noisy samples very effectively. We
intentionally include more noisy data to encourage partici-
pants to explore effective ways of utilizing it.

¢ Two tracks with different training data scales: To examine
the impact of data scale, the proposed challenge introduces
two tracks with different training data sizes: one with ~2.5k
hours and the other with ~60k hours of speech..

* More distortions: We found that SE models struggle to gen-

eralize to unseen distortions. To enhance generalizability, we

consider three additional distortions, commonly observed in
real recordings due to the recording device or environment.

Multilingual data: While the first challenge used only En-

glish data, the proposed challenge incorporates multilingual

data, allowing us to examine the accessibility of SE models
and evaluation metrics across the languages.

The challenge has received 22 submissions for one track
and 10 for the other. This paper details the challenge design and
presents a preliminary analysis of the submissions. The details
of the challenge are also available on our website'.

2. Related works

Existing SE challenges have greatly advanced SE studies for
specific scenarios, such as denoising and dereverberation [9, 10],
speech restoration [11, 12], packet loss concealment [1], and
so on. The URGENT challenge complements existing ones by
focusing on universality, generalizability, and robustness across
diverse scenarios and evaluation metrics.

Most previous SE studies use only monolingual data, and
thus language dependency of SE models is still under-explored.
While the language dependency of discriminative SE has been
reported to be small [13], that of generative SE lacks thorough
investigation. Additionally, although often overlooked, some

https://urgent-challenge.github.io/
urgent2025/
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metrics can be language dependent [14, 15]. Through this chal-
lenge, we collect the objective and subjective evaluation scores
of various SE systems in multiple languages, which will later be
analyzed to assess the language dependency of metrics>.

One of the focuses of this challenge is how to leverage
possibly noisy data. While there are some possible approaches
such as data filtering based on non-intrusive SE metrics [8,16,17]
or unsupervised learning [18, 19], a comprehensive comparison
of them is currently lacking, particularly on large-scale data. The
proposed challenge aims to clarify which of these methods are
more effective, or if new ones can be devised, by encouraging
participants to explore how to leverage noisy data.

This challenge also explores the impact of training data size
on final performance. While this has been investigated in other
fields [20, 21], to our best knowledge, only an investigation on
small-scale data has been done in SE field [22]. The proposed
challenge offers two tracks with different data amounts, encour-
aging the investigation of data scalability.

3. Challenge Design
3.1. Task definition
In the URGENT challenge, the SE process is defined as [6]:

x = SE(F(x)), ¢))
where x and % are the desired and enhanced speech signals.
F(-) is the distortion model that degrades the desired signal.
Our definition differs from the commonly adopted one in the
literature in that the SE model has to handle (i) inputs with
various sampling frequencies (SF) (8, 16, 22.05, 24, 32, 44.1,
and 48kHz), while most existing SE systems often only consider
a fixed SF, (ii) inputs with seven types of distortions (detailed
in Section 3.2), while most existing SE systems consider only
noise or reverberation, and (iii) multilingual speech, while most
existing SE studies consider only monolingual data.

3.2. Distortions

The challenge considers the following seven distortions in the
distortion model F: additive noise, reverberation, clipping, band-
width limitation, codec loss (MP3 and OGG), packet loss, and
wind noise®. Compared to the first challenge, which included
only the first four distortions [6], the present challenge intro-
duces three more challenging but realistic conditions. Each noisy
speech is degraded by up to five distortions simultaneously.

3.3. Data
3.3.1. Training data

A collection of public corpora listed in Table 1 is used as training
data. Participants can freely simulate noisy speech using these
data. Itis also allowed to freely simulate distortions mentioned in
Section 3.2. However, to allow a fair comparison, using datasets
other than those listed in Table 1 is prohibited.

As some speech corpora include noisy speech, we prepro-
cessed them following the methodology of the first challenge [6].
Specifically, for DNS5 Challenge data and CommonVoice, we

2We were able to collect the subjective listening scores only on
English data during the challenge period due to the Interspeech challenge
time constraint. We plan to collect data for other languages and analyze
the metrics after the challenge concludes.

3We used the wind-noise simulator provided in [2]: https:
//github.com/sp-uhh/storm, which is based on https://
github.com/audiolabs/SC-Wind-Noise-Generator

4This research did not train on any music, except to the extent that
some music data from the FSD50K and FMA datasets was processed as
background noise for speech enhancement purpose.
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Table 1: Corpora used for training/validation/non-blind testing,
where shaded cells are used only for non-blind testing*. Data
amounts of MLS and CommonVoice are limited in the first track
but not in the second. {: We crawled the high-quality (less
compressed) version of MLS (MLS-HQ) from LibriVox.

Type Corpus Duration
LibriVox data from DNS5 Challenge (en) [10] ~350h
LibriTTS reading speech (en) [23] ~200 h
VCTK reading speech (en) [24] ~80h

Speech WSIJ reading speech (en) [25,26] ~85h

P EARS expressive speech (en) [27] ~107h
MLS-HQP? (en, de, fr, es) [28] ~450 (48600) h
CommonVoice 19.0 (en, de, fr, es, zn) [29] ~1300 (9500) h
Noise from DNSS5 Challenge [10] ~180 h
WHAM! noise [30] ~70 h

Noise FSD50K [31] ~100 h
Free Music Archive (FMA, Medium partition) [32] ~200 h
'Wind noise simulated by participants -

"~~~ " |DEMANDT[33] -
TUT Urban Acoustic Scenes 2018 [34] -
Simulated RIRs from DNS5 Challenge ~60k samples

RIR  |Other RIRs simulated by participants -
SLR28 real RIRs =
BRUDEX [35] -
MYRIAD V2 econ [36] =

(i) resampled the speech to the lowest SF that can fully cover the
effective frequency range, (ii) filtered out non-speech or samples
dominated by silence using voice activity detection (VAD) >, and
(iii) filtered out noisy samples based on the DNSMOS score [8].
We also applied the resampling process to LibriTTS, MLS-HQ,
DNS noise, FSD50K, and FMA.

Note that the VAD- and DNSMOS-based data filtering men-
tioned above is imperfect. Indeed, we found many samples with
audible background noise still remaining after the data filtering.
Although such noisy samples may adversely affect SE model
training, we intentionally keep such samples to encourage partic-
ipants to explore how to leverage noisy samples effectively.

To investigate the language dependency of SE models, we
use two multilingual corpora, MLS-HQ® and CommonVoice 19.0
which cover five languages in total (en, de, fr, es, and zn).

3.3.2. Validation/non-blind test data

In the challenge, it is allowed to freely simulate participants’
own validation sets using the validation portion of the corpora
in Table 1 to select the system to submit. However, we pro-
vide the official validation set containing 1000 noisy speech to
allow a fair comparison. When making the official validation
set, since many Common Voice samples are noisy, we manually
selected only clean ones. Samples from the other datasets are
randomly selected after applying the data filtering mentioned in
Section 3.3.1. The non-blind test set is made in a similar manner
as the official validation set using the test portion of the corpora
in Table 1. However, we add some noise and RIRs shown in the
shaded cells of Table 1 to gauge robustness against unseen data.

3.3.3. Blind test data

The blind test set, used to determine the final ranking, is primarily

from domains unseen during training to assess the robustness

and generalizability. Specifically, the blind test set

* Consists of 50% simulated data and 50% real recordings, both
sourced from publicly available datasets. All synthetic data
and most real recordings come from datasets not listed in

Shttps://github.com/wiseman/py-webrtcvad

SWe prepared the high-quality version of MLS (MLS-HQ) by crawl-
ing less-compressed speech from LibriVox (https://librivox.
org) and segmenting them using the same timestamps as MLS.



Table 1. Since real recordings with certain distortions (e.g.,
packet loss) are scarce, we artificially apply clipping, packet
loss, bandwidth limitations, and codec loss.

* Includes Japanese data as an unseen language.

* Has 150 samples per language (totaling 900 samples).

¢ Considers also unseen distortions due to neural audio codecs,
specifically Encodec [37] and Descript Audio Codec [38], as
codec lossy distortion in addition to MP3 and OGG.

3.4. Two tracks with different data scales

We provide two tracks with different training data scales but the
same test set:

e Track 1: We limit the duration of MLS and Common Voice,
resulting in ~2.5k hours of speech.

* Track 2: We do not limit the duration of MLS and Com-
mon Voice datasets, resulting in ~60k hours of speech.

This design allows us to explore (i) the impact of data scale
and (ii) data-hungry methods such as large-scale self-supervised-
learning-based methods.

3.5. Evaluation metrics and ranking strategy

‘We use multiple evaluation metrics to perform a more compre-
hensive evaluation. For instance, the hallucination of a generative
model could be hard to detect by non-intrusive metrics but is
easily penalized by other metrics’. We adopt the following 14
metrics categorized into five categories:

1) Non-intrusive SE metrics: DNSMOS [8], NISQA [16], and
UTMOS [17].

Intrusive SE metrics: perceptual objective listening quality
assessment (POLQA) [39], perceptual evaluation of speech
quality (PESQ) [40], extended short-time objective intelli-
gibility (ESTOI) [41], signal-to-distortion ratio (SDR) [42],
mel cepstral distortion (MCD) [43], and log-spectral distance
(LSD) [44].

Downstream-task-independent metrics: Levenshtein
phone similarity (LPS) [45] and SpeechBERTScore
(SBS) [46] with mHuBERT-147 [47].
Downstream-task-dependent metrics: speaker similarity
(SpkSim) with RawNet3 [48] and character accuracy (CAcc,
1 - character error rate) with OWSM v3.1 [49].

Subjective metric: absolute category rating mean opinion
score (MOS) via ITU-T P.808 test [50,51], implemented on
the Amazon Mechanical Turk (on only English data®).

2)

3)

4)

5)

Compared to the first challenge [6], we made the following
changes to support multilingual data: (i) we use an SSL model
trained on multilingual data, mHuBERT-147, in SBS, and (ii) we
evaluate CAcc instead of word accuracy. In addition, UTMOS
is included, as it showed a high correlation with MOS scores in
our preliminary analysis [7]. POLQA and MOS were evaluated
only in the blind-testing phase. The final ranking is obtained by
aggregating the scores of the 14 metrics mentioned above with
the following three steps inspired by the Friedman test [52]:

1. Calculate the ranking for each metric.

2. Average the rankings of the metrics in each category.

3. Average the category-wise rankings obtained in Step 2.

The overall ranking scores obtained in Step 3 are used to deter-
mine the final ranking.

"Here, "hallucination" refers to discrepancies in spoken content or
speaker characteristics between the noisy speech and enhanced speech.
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3.6. Baseline system

We train the TF-GridNet model [53] with around 8.5M param-
eters on Trackl training data and provide it as the baseline
system. We initialize the model with the pre-trained weights
provided in the first challenge to save training time. Training
takes around 2.5 days using a single NVIDIA RTX A6000 GPU.
The training pipeline is based on ESPnet-SE library [54]. Please
refer to the URGENT challenge website' for more details.

4. Results

In this section, we report the evaluation results of the submitted
systems. We also provide some preliminary analysis based on
the brief system descriptions we collected from participants.

4.1. Overall results

Table 2 shows the evaluation results, where 12 out of 22 systems
submitted to Trackl (Tx) and 4 out of 10 systems submitted
to Track?2 (S«) are shown due to space limitations. The full
results are available on our leaderboard®. D, G, and D+G in
‘Model type’ cell denote discriminative, generative, and hybrid
(e.g., discriminative model with adversarial loss or cascade of
discriminative and generative models), respectively. T10 and
T22 are the baseline system and noisy audios, respectively.

Focusing on the systems that outperformed the baseline (T1-
T9), we observed that most were hybrid systems. In particular,
the most commonly used approach was to optimize a model with
both discriminative losses and an adversarial loss (T2, T4, T5,
T6, and T9). These systems can leverage the strong denoising
and dereverberation capabilities of well-established discrimina-
tive models while also benefitting from generative loss to tackle
distortions that are particularly well handled by generative mod-
els (e.g., bandwidth limitation, packet loss, etc.). T7 employed a
similar framework but used denoising score-matching loss. T3,
which showed a strong performance on all the metrics, was a
cascade of of D, G, and D systems where the second model is a
discrete-token-based generative model. However, interestingly,
the top system T1 was a purely discriminative model based on a
sub-band recurrent neural network (RNN). Although the base-
line system T10 has a similar architecture (based on full- and
sub-band RNNS), notably, T1 has ~102M parameters, which is
much larger than that of T10 (~8.5M). The larger model may
have been benefited since the dataset was large.

Although larger-scale training data was available in
Track2, no systems in Track?2 outperform the best system
in Trackl, which suggests that scaling up the data does not
necessarily lead to better performance in SE when the additional
data contain some noisy speech.

4.2. Language dependency of SE models

To analyze the language dependency of SE models, we list the
DNSMOS and CAcc scores for several systems by language in
Table 3. Based on the results, the discriminative models (T1 and
T10) appear to be relatively insensitive to language variations.
In contrast, the purely generative model based on latent diffusion
and vocoding (T13) demonstrates a high degree of language
dependency, with its performance markedly declining when ap-
plied to an unseen language, namely Japanese. Compared with
T13, the hybrid approaches (T2 and T 3) exhibit lower language
dependency. However, while T3, a cascade system of discrimi-
native and purely generative models, achieves higher CAcc than

8https://urgent-challenge.com/competitions/13



Table 2: Results of Trackl (T *) and Track2 (T »’), where the same numbers in IDs indicate systems submitted by the same team. Only
12 out of 22 submissions to Trackl and 4 out of 10 submissions to Track2 are shown due to space limitation. t in Track2 denotes the
same submission as Trackl. T10 and T22 are baseline and noisy input, respectively. D, G, and D+G in ‘Model type‘ cell denote
discriminative, generative, and hybrid of them, respectively. Numbers next to metric scores are ranking in each metric in each track.

Note that MOS evaluation is done only for English data.

Rank ID  Model Non-intrusive SE metrics Intrusive SE metrics Down.-task-indep. ~ Down.-task-dep.  Subject. Ranking
type |DNSMOS' NISQA" UTMOS'| POLQA™ PESQ" ESTOI' SDR'  MCD' LSD* |SBS" LPS" |SpkSim' CAcc(%)" |MOS" | score
1 1T D 2.88(8)  3.22(6) 2.09(5) |3.40(1) 2.64(1) 0.82(1) 12.66(1) 3.67(2) 2.93(3) [0.87(1) 0.74(1) [0.76 (1) 79.80 (1) [3.24(5) | 2.97 (1)
2 T2 D+G [292(5)  3.24(5) 216(3) (3174 2474 0.79(5 11.10(5) 3.96(7) 2.99(8) [0.84(4) 0.70(5) [0.74(3) 76.06(6) [3.32(3) | 437(2)
3 T3 D+G [294(4) 3254 2.19(2) [3.16(5) 245(6) 0.79(4) 11.25(4) 4.79(11) 3.66(12)[0.83(6) 0.71(3) [0.71(6) 77.09(5) |[3.44(2) | 447 (3)
4 T4 D+G [280(15)  3.01(10) 2.04(6) |[322(2) 247(3) 0.80(3) 1147(3) 3.90(5) 2.94(4) [0.85(2) 0.71(4) [0.74(2) 78.06(3) [3.28(4) | 4.63 (4)
5 TS D+G [2.83(13) 2.92(12) 2.03(7) |(3.18(3) 248(2) 0.81(2) 11.69(2) 3.64(1) 2.98(7) [0.85(3) 0.72(2) [0.74(4) 78.35(2) |[3.04(10)| 5.80(5)
6 T6 D+G [291(7)  3.28(3) 1.98(9) [299(8) 229(8) 0.78(6) 10.58(7) 4.22(8) 3.78(13)[0.83(7) 0.70(6) [0.70(7) 77.15(4) [3.21(6) | 6.53 (6)
7 T7 D+G [285(11) 3.08(8) 1.98(8) [3.13(6) 245(5) 0.78(7) 10.74(6) 3.95(6) 2.81(2) [0.84(5) 0.68(7) [0.70(9) 7528(9) |[3.19(7) | 7.27(7)
8 T8 D 292(6)  3.16(7) 1.97(10) [2.99(7) 225(9) 0.76(9) 10.39(8) 3.89(4) 2.95(5) [0.82(8) 0.66(9) [0.69 (10) 7530 (8) |[3.17(9) | 8.23(8)
9 T9 D+G [3.08(2)  3.69(2) 2.11(4) |2.67(14) 1.99(14) 0.74(12) 7.43(16) 4.42(9) 3.14(9) [0.80 (11) 0.65(10)|0.71(5) 72.47 (15) [3.17(8) | 8.70(9)
10 T10 D 2.85(10)  2.77 (14) 1.92(16) [2.99(9) 224 (10) 0.76(8) 10.24(9) 3.80(3) 2.72(1) [0.82(9) 0.67(8) [0.70(8) 75.60(7) |2.96 (12)| 9.63 (10)
13 7113 G 310(1) 374(1) 253(1) [1.99(21) 1.34(21) 0.54(22)-12.28 (22)10.31 (22) 7.14(22)[0.78 (17) 0.59 (18)[0.47 (22) 67.87 (21) |3.69 (1) |12.53 (13)
22 T22 - 1.90(22)  1.58(22) 1.55(22) |1.83(22) 1.31(22) 0.58 (21) 3.24(20) 9.34 (21) 5.84(20)|0.70 (22) 0.51 (22)|0.55 (19) 73.41 (12) |2.13 (22)|20.50 (22)
1T T2t D+G [292(3)  324(3) 216(2) [317(3) 247(2) 079(3) 11.10(4) 396(3) 2.99(2) [0.84(2) 0.70(3) [0.74(1) 76.06(4) [3.32(2) | 2.50(1)
2 T3 D+G [290(5)  3.11(4) 213(3) [3.18(1) 244(3) 0.79(2) 11.61(2) 444(5) 3.44(5) [0.83(3) 071(2) [0.72(3) 77.51(2) [3.27(3) | 3.00(2)
3 5" D+G [2.83(8)  290(7) 2.02(4) [3.18(2) 249(1) 0.81(1) 11.76(1) 3.63(1) 3.00(3) [0.85(1) 0.72(1) [0.74(2) 7840(1) [2.99(5) | 3.07(3)
4 T6' D+G [291(4)  331(2) 1.96(5) |3.00(4) 231(4) 0.78(4) 1121(3) 4.14(4) 3.57(6) [0.83(4) 0.70(4) [0.71(4) 76.77(3) [3.25(4) | 3.87 (4)
Table 3: Language-wise DNSMOS and CAcc scores of selected models.
ID Model German English French Spanish Chinese Japanese (unseen)
type |DNSMOS™ CAcc(%)" | DNSMOS™ CAcc (%)" | DNSMOST CAcc (%)" | DNSMOS" CAcc (%)" | DNSMOS™ CAcc (%) | DNSMOST CAce (%)"

T1 D 2.90 82.0 2.80 79.2 2.86 75.8 2.82 86.4 2.98 75.3 2.93 75.1

T2 D+G 2.93 79.4 2.80 73.6 2.92 73.7 2.89 83.4 3.01 64.3 2.96 712

T3 D+G 2.96 79.9 2.84 74.4 2.95 74.5 2.89 85.9 3.02 71.3 2.99 67.9

T10 D 2.88 79.0 2.75 73.8 2.81 70.2 2.85 823 2.92 70.7 2.89 73.0

T13 G 3.10 74.0 3.17 68.0 3.14 68.6 2.97 80.9 3.16 20.1 3.07 36.8

T22 - 2.02 76.8 1.71 70.3 1.76 67.3 1.97 80.8 1.97 69.3 1.94 74.5

T10 in all languages except Japanese, CAcc of T3 for Japanese
data is lower than that of T10, indicating that there is still room
for improvement in robustness on unseen languages.

Since T13 exhibited a markedly different trend from the
others, we conducted a more detailed analysis of its outputs.
Audio examples are available on our demo page’. We found
that the model occasionally hallucinated spoken content, partic-
ularly under low-SNR conditions, consistent with the findings
in [45]. Notably, for Japanese inputs—which were unseen dur-
ing training—the output under low-SNR conditions sometimes
resembled English or other European languages that dominated
the training data. A similar phenomenon was observed in in-
painted frames affected by packet loss. These findings suggest
that generative SE models may exhibit a non-negligible degree
of language dependency

4.3. Preliminary analysis on evaluation metrics

As expected, Table 3 demonstrates that DNSMOS yields high
scores even when hallucinations occur. Although only DNS-
MOS is reported here due to space constraints, the other two
non-intrusive metrics exhibited similar trends. These results
imply that, particularly when evaluating generative models, it
is essential to combine non-intrusive metrics with other metrics
that can penalize hallucination, such as CAcc.

In the subjective evaluation, some generative approaches
were preferred over the top system based on the discrimina-
tive model. Note that we conducted subjective evaluations only
on English data due to the time constraint of the Interspeech
challenge. Generative models are expected not to hallucinate
the content heavily on English data as the majority of the train-
ing data was English. Since P.808 is a reference-free absolute
category rating test where the prompt was “How do you rate
the overall quality of the following speech sample?”, it would

https://kohei0209.github.io/urgent25-demo/
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be difficult to penalize the correctness of the spoken content
and speaker consistency as long as the speech sounds natural.
Thus, the listeners may have given higher scores to generative
models, which typically output speech with less audible distor-
tions than discriminative models. The results suggest that a new
subjective listening protocol, which takes into account spoken
content and/or speaker consistency, would be needed to evaluate
generative models comprehensively.

5. Conclusion

We introduced the Interspeech 2025 URGENT Challenge to in-
vestigate language dependency, universality on various distortion
types, the effectiveness of using noisy data, and the data scalabil-
ity of SE models. The most popular approach was hybrid models
but purely discriminative models gave the best score. The anal-
ysis of the submissions implied that (i) generative approaches
appeared to be more language-dependent than discriminative
ones, (ii) more but possibly noisy data does not necessarily lead
to better performance, and (iii) generative models tended to
be preferred to discriminative ones in the subjective evaluation
(P.808 test). In future work, we will perform a subjective listen-
ing test on languages other than English to further analyze the
language dependency of the SE systems and metrics.
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