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Abstract

Audar-ASR-V1 is an Arabic-first generative speech recognition model and the new state of
the art on the Open Universal Arabic ASR Leaderboard. Built on a permissively-licensed
open-weight audio-LLM foundation and adapted in-house through a four-stage curriculum on
300,000+ hours of labeled audio, Audar-ASR-V1 attains 24.78% average WER on full test sets
across six standard Arabic benchmarks — first among the 35 systems ranked on the leaderboard,
ahead of the strongest proprietary API system and 3.5pp ahead of the best open-weight model
at a third of its size, with the lowest WER on dialect-heavy SADA and on MGB-2 broadcast. We
release the model weights in two tiers — Audar-ASR-V1-Flash (0.6B) under the AudarAI Open
License and Audar-ASR-V1-Turbo (2B) under the AudarAI Community License — together
with the six-dataset evaluation harness so the community can reproduce these results and build
on them.

Highlights

o State-of-the-art Arabic ASR. 24.78% average WER on full test sets — first of
the 35 systems ranked on the leaderboard, ahead of the strongest proprietary API
and 3.5pp ahead of the best open-weight 7B model at a third of the size (Figure 1);
Audar-ASR-V1-Flash (0.6B decoder) beats its same-class baseline by 8.9pp.

o Open weights. Audar-ASR-V1-Flash (0.6B) ships under the AudarAI Open
License and Audar-ASR-V1-Turbo (2B) under the AudarAI Community License,
together with the six-dataset evaluation harness.
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Figure 1: Average WER (%, lower is better) on the six leaderboard test sets (Wang et al., 2025):
rank 1 of 35. T = leaderboard-published; others re-run by us.
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1 Introduction

Arabic is among the most challenging targets for automatic speech recognition. The language
exists in a state of diglossia: Modern Standard Arabic (MSA) is the written and broadcast
register, while everyday speech is carried by a wide spectrum of regional dialects that
diverge from MSA and from one another in phonology, lexicon, and morphology. Arabic is
morphologically rich, with clitics and templatic inflection that inflate the effective vocabulary,
and it is conventionally written without short-vowel diacritics, so a single orthographic form
maps to many pronunciations and readings. Speakers routinely code-switch into English and
French, particularly in technical and urban registers. Together these properties make verbatim
transcription, diacritization, and named-entity preservation simultaneously hard, and they
have historically kept Arabic word error rates well above those reported for high-resource
languages.

Evaluation has also been fragmented, with Arabic speech systems long assessed on
disjoint corpora and protocols (Abdelali et al., 2024). The Open Universal Arabic ASR
Leaderboard (Wang et al., 2025) consolidated the field in 2025 by scoring systems uniformly
across six standard datasets spanning read, broadcast, conversational, and dialectal speech.
The dialect-heavy benchmarks in particular (SADA (Alharbi et al., 2024), Casablanca (Talafha
et al., 2024)) remain far from solved, with the best reported systems still well above 30% WER.
A recent mapping of the Dialectal Arabic speech-technology landscape across 31 corpora and
14 dialects reinforces that data scarcity and dialectal variation remain the dominant obstacles
for Arabic ASR, keeping error rates well above those of high-resource languages (Sullivan
et al., 2026).

Three modeling lines shape the current ASR landscape. Self-supervised speech encoders —
wav2vec 2.0, HuBERT, and WavLM (Baevski et al., 2020; Hsu et al., 2021; Chen et al., 2022)

— learn transferable representations that are fine-tuned per task. Large-scale supervised
encoder—decoder recognition, exemplified by Whisper and SeamlessM4T (Radford et al., 2023;
Seamless Communication et al., 2023), scales multilingual transcription directly. Most recently,
audio-conditioned language models such as Qwen2-Audio and Qwen2.5-Omni (Chu et al.,
2024; Xu et al., 2025) cast transcription as generative decoding, with instruction-followable
audio understanding explored further in SALMONN, Audio Flamingo, and GAMA (Tang
et al., 2023; Kong et al., 2024; Ghosh et al., 2024) and adopted by proprietary systems such
as GPT-40 and Gemini (OpenAl, 2024; Gemini Team, Google, 2025). Audar-ASR-V1 follows
the generative line and pairs it with preference alignment (Ethayarajh et al., 2024; Rafailov
et al., 2023).

We introduce Audar-ASR-V1, an Arabic-first generative speech recognition model that
recasts transcription as audio-conditioned next-token prediction over a unified text vocabulary
— leveraging a language-model decoder rather than aligning under a connectionist temporal
classification (cTc) (Graves et al., 2006) or transducer (Graves, 2012) objective. Audar-ASR-
V1 is built on a permissively-licensed open-weight audio-LLM foundation in the 0.6B / 2B
parameter class (Chu et al., 2024) and is substantially adapted in-house through 300,000+
hours of labeled audio and a four-stage curriculum that ends in preference alignment from
native Arabic annotators. The contribution is the adaptation — the data curriculum and the
alignment rubric — not the foundation.

On the Open Universal Arabic ASR Leaderboard, Audar-ASR-V1-Turbo achieves 24.78%
average WER on full test sets across the six benchmarks — first among the 35 ranked systems,
ahead of the strongest proprietary API system, with the lowest WER on dialect-heavy SADA
and on MGB-2 broadcast. The 0.6B-decoder Audar-ASR-V1-Flash tier beats its same-class
baseline Qwen3-ASR-0.6B by 8.9pp. On an in-house Gulf-Emirati long-form benchmark
Audar-ASR-V1 also achieves lower WER than ElevenLabs Scribe vl and Qwen3-ASR.
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Figure 2: End-to-end system architecture. Audio is encoded by a Conformer encoder, compressed by
the Q-Adapter into a fixed-rate 12.5 Hz soft-prompt stream, and decoded by a 0.6B / 2B decoder-only
language model that consumes the soft prompts alongside instruction and task-tag text tokens (e.g.
<task:asr>, <tag:ar>).

The remainder of this report describes the encoder—adapter—decoder architecture (Sec-
tion 2), the four-stage adaptation curriculum and its KTO alignment rubric (Section 3), the
full-test-set results that establish the state of the art (Section 4), and how to download the
model (Section 5).

2 Method

This section describes the Audar-ASR-V1 architecture; the four-stage training curriculum
that adapts a permissively-licensed open-weight foundation into an Arabic-first recognizer is
presented in Section 3.

2.1 Architecture

Audar-ASR-V1 is a three-module differentiable pipeline: a Conformer acoustic encoder, a
query-based cross-modal adapter, and a generative decoder-only language model in the 0.6B
/ 2B parameter class; tier names refer to the decoder’s parameter count, and each tier pairs
its decoder with a matched Conformer encoder (0.19B on Audar-ASR-V1-Flash, 0.32B on
Audar-ASR-V1-Turbo). Audio enters as a 16 kHz waveform, is converted to log-mel features,
encoded into embeddings at 25 Hz, compressed by the adapter into a 12.5 Hz soft-prompt
stream, and decoded into UTF-8 text (Figure 2).

Acoustic frontend and encoder. Raw 16kHz PCM is converted to log-mel filterbanks
with per-utterance normalization to absorb channel variability across studio, telephone, and
in-vehicle audio. A Conformer encoder (Gulati et al., 2020) (0.19B parameters on Audar-ASR-~
V1-Flash, 0.32B on Audar-ASR-V1-Turbo) processes the feature stream, with convolutional
subsampling to 25 Hz, so the encoder emits one embedding per 40 ms of audio.

Cross-modal adapter. A learned-query adapter (Q-Adapter) compresses the variable-
length 25 Hz embedding stream into a fixed 12.5 Hz soft-prompt stream consumable by the
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Figure 3: Four-stage training curriculum. Each node on the rail is an artifact (a checkpoint that
passes its quality gate); each card describes the stage that produced it.

decoder: learnable query vectors attend over the audio embeddings through a small stack of
cross-attention layers, emitting one decoder-dimensional vector per 80 ms of audio. Unlike
concatenation or convolutional projectors, the query adapter holds decoder context constant
per unit of audio time, independent of speech content.

Generative decoder. The decoder is a decoder-only transformer with grouped-query
attention (Ainslie et al., 2023), SwiGLU MLPs (Shazeer, 2020), pre-norm RMSNorm, rotary
position encoding (Su et al., 2024), and tied input/output embeddings. Two tiers share the
same tokenizer, adapter interface, and prompt protocol: an edge tier, Audar-ASR-V1-Flash
(0.6B), and a server tier, Audar-ASR-V1-Turbo (2B), with a context window covering ~ 30s of
audio plus prompt and transcript. The decoder consumes the adapter’s soft-prompt tokens, an
optional textual instruction prefix, and a task tag, and emits subword tokens autoregressively
— making transcription instructible (language, formatting, biasing, diacritization steered by
prompt without retraining).

Vocabulary and tokenization. The byte-pair-encoding tokenizer is Arabic-morphology-
aware (affix-rich forms compress to a few tokens rather than many) and diacritization-
preserving (diacritics are first-class characters in the BPE alphabet). Reserved control tokens
steer language and task at decode time: language tags (<tag:ar>, <tag:en>, <tag:ar+en>)
and task tags (<task:asr>, <task:asr-diac>, <task:ast>).

3 Training

Audar-ASR-V1 is trained in four stages, each addressing a failure mode left by the previous
one (Figure 3). A checkpoint advances only after passing an automated quality gate covering
per-dialect held-out WER, English-regression, and calibration checks.

Stage 1 — Acoustic adapter training. The encoder, adapter, and decoder are initialized
from a permissively-licensed open-weight audio-LLM foundation in the 0.6B / 2B class (Chu
et al., 2024). With the full model frozen, only the acoustic adapter (Q-Adapter) is trained on
labeled Arabic and English audio. The adapter learns to project the encoder’s representations
into the decoder’s embedding space without disturbing the pretrained weights, establishing a
stable cross-modal bridge before any backbone parameters are updated.

Stage 2 — Full fine-tuning with adapter. All model parameters are unfrozen and
training continues with the adapter in place. Joint optimization of encoder, adapter, and
decoder allows the entire system to co-adapt to the Arabic speech domain. This stage
produces the multi-task base from which specialization branches.

Stage 3 — Precision PEFT. The adapter weights are frozen and parameter-efficient
fine-tuning (LoRA (Hu et al., 2022)) is applied to the decoder using curated, high-quality



data. This stage targets specific weaknesses identified during Stage 2 evaluation — dialectal
variants, proper nouns, and code-switching patterns.

Stage 4 — kto alignment. Kahneman-Tversky Optimization (Ethayarajh et al., 2024)
is applied on accented dialectal Arabic data, with preference labels from trained native
Arabic annotators spanning the Gulf, Levantine, Egyptian, and Maghrebi dialect regions.
The preference data is annotated along five axes: verbatim accuracy, diacritic correctness,
code-switch handling, named-entity preservation, and output formatting. Annotations are
unpaired (single response with a binary desirability label), which KTO consumes directly and
which matches the annotation pipeline far better than DPO’s paired preferences (Rafailov
et al., 2023): annotators frequently rate two transcripts equally bad on different axes, yielding
noisy pairs. This stage improves dialect-heavy subsets (SADA, Casablanca) and substantially
reduces hallucination on long-form Gulf-Emirati audio.

Training data. The full training corpus comprises 300,000+ hours of labeled audio combin-
ing proprietary Arabic speech from internal collections and licensed partnerships, permissively-
licensed open-source corpora serving as anchor data, and synthetic augmentation for code-
switching and dialect coverage. All open-source datasets are permissively licensed (CC-BY-SA
or Apache-2.0); proprietary data is used under internal research licenses with no redistribution
rights. Training utterances are de-duplicated against every evaluation set (Section 4.1). A
data card will be published alongside the model release.

Training efficiency. Audar-ASR-V1 is built by adaptation rather than scale: the entire
four-stage curriculum completes in days of wall-clock time on a commodity multi-GPU cluster
— a small fraction of the cost of training a speech foundation model from scratch. A checkpoint
advances to the next stage only after passing its quality gate, and the final checkpoint is
selected on validation-set WER plateaus.

4 Evaluation

We describe the training and evaluation data (Section 4.1), the primary full-test-set comparison,
and diagnostic analyses.

4.1 Data

Audar-ASR-V1 is pretrained on 300,000+ hours of labeled audio combining licensed proprietary
recordings with permissively-licensed open-source corpora, spanning Arabic (primary), English,
and a multilingual tail. The dominant Arabic fraction (MSA, dialectal, and code-switched)
carries the specialization, while the English and multilingual shares preserve the foundation’s
general competence.

Dialect coverage. Arabic coverage spans Gulf, Levantine, Egyptian, and Maghrebi dialect
families plus MSA registers (formal and broadcast), with Arabic<»English code-switching as a
first-class condition. Stage-3 specialization (Section 3) targets eight dialect groups assembled
from these families.

Evaluation integrity. Training utterances are de-duplicated against every evaluation set
with an acoustic-fingerprint filter, so no test audio or near-duplicate enters training.



Table 1: Held-out evaluation sets. “Dialects” is the number of distinct dialect labels in the test split.

Dataset Test (h) Dialects Source

CommonVoice 18 126 MSA read Mozilla crowd-sourced
MASC Clean 105 7 YouTube (clean)
MASC Noisy 89 14 YouTube (noisy)
MGB-2 96 5 Al Jazeera broadcast
SADA 10.7 10 Saudi Audio Dataset
Casablanca 8.0 8 multi-country Darija
Gulf-Emirati (Alsanaa) 4.5 Emirati long-form recordings

Held-out evaluation sets. Table 1 summarizes the held-out sets: the six Open Universal
Arabic ASR Leaderboard datasets (Wang et al., 2025) — CommonVoice 18 (Ardila et al.,
2020), MASC (Al-Fetyani et al., 2022), MGB-2 (Ali et al., 2016), SADA (Alharbi et al.,
2024), and Casablanca (Talafha et al., 2024) — plus the Gulf-Emirati (Alsanaa) long-form
set, spanning read, broadcast, conversational, clean, and noisy speech across MSA and the
major dialect families.

4.2 Main Results

Our primary evaluation uses full test sets across all six benchmarks under the leaderboard-
equivalent normalization protocol (Wang et al., 2025) (Table 2). Audar-ASR-V1-Turbo (2B)
achieves 24.78% average WER across the six benchmarks — the lowest of the 35 systems
ranked on the Open Universal Arabic ASR Leaderboard (the 34 public entries plus ours):
1.1pp ahead of the strongest proprietary API system, Cohere Transcribe (arabic-07-2026),
and 3.5pp ahead of the best open-weight model, omniASR-LLM-7B, at roughly a third of its
parameter count.

Table 2 reports our matched evaluation: every system is run by us with the same harness,
decoding settings, and normalizer on the full test sets — Meta’s Omnilingual ASR family at
four scales (Omnilingual ASR team et al., 2025), Qwen3-ASR at 0.6B and 1.7B (Qwen Team,
2025), and Whisper large-v3 (Radford et al., 2023). Audar-ASR-V1-Turbo posts the lowest
WER in every column of this evaluation among the open-weight systems; for completeness the
table also carries the leaderboard-published row of the strongest proprietary system, Cohere
Transcribe (arabic-07-2026). Against the full public leaderboard, Audar-ASR-V1-Turbo ranks
first on average WER, first on SADA (by 8.1pp) and MGB-2, second on Casablanca and
MASC clean, third on MASC noisy, and fourth on CommonVoice 18 — the read-speech and
noisy-read sets are led by proprietary API systems, while Audar-ASR-V1-Turbo leads where
Arabic ASR is hardest: spontaneous dialectal speech and broadcast.

Audar-ASR-V1 also ships a compact edge tier, Audar-ASR-V1-Flash (0.6B decoder,
0.78B total), that shares the same architecture, adapter design, and training curriculum
with a smaller matched encoder. At 33.31% average WER, Audar-ASR-V1-Flash beats its
same-decoder-class baseline Qwen3-ASR-0.6B (42.18%) by 8.87pp and effectively matches
Qwen3-ASR-1.7B (33.33%) with roughly a third of the decoder parameters (Table 2).

On the full test sets (Table 2), Audar-ASR-V1-Turbo reaches 29.41% on SADA (Saudi/Gulf)
— the lowest of any leaderboard system, 8.1pp ahead of the next best — and 51.58% on
Casablanca (Moroccan Darija), within 1.9pp of the leaderboard-best API system; the high
absolute Casablanca WER reflects the scarcity of curated Darija data, the hardest Arabic
dialect for every leaderboard system, rather than an architectural weakness. Full per-dataset
WER/CER for both tiers are given in Table 4.



Table 2: Full-test-set WER (%) across the six Open Universal Arabic ASR Leaderboard benchmarks,
sorted by average. Open-weight systems evaluated by us with the same harness and leaderboard-
equivalent normalization (see Methodology); runs of leaderboard-listed baselines reproduce their
published averages within 4-0.12pp. TCohere Transcribe is a proprietary API system that cannot be
run in our harness; its row carries the leaderboard-published numbers (same normalization). Params
= total parameters.

System Params Avg CV18 MASC-C MASC-N MGB-2 SADA Casablanca
+ Audar-ASR-V1-Turbo 2.35B 24.78 8.60 19.60 28.35 11.13 29.41 51.58
+ Cohere Transcribe (arabic-07-2026)" — 25.87 5.82 19.60 27.07 15.54 37.47 49.71
omniASR-LLM-7B 7B 28.30 897 19.70 29.20 13.96 41.65 56.33
oomniASR-LLM-3B 3B 2995 9.14 19.89 30.04 14.20 46.10 60.34
oomniASR-LLM-1B 1B 30.08 9.62 19.99 30.55 15.29 44.10 60.90
0 omniASR-LLM-300M 0.3B 33.01 12.31 20.67 32.44 16.56 51.39 64.68
# Audar-ASR-V1-Flash 0.78B 33.31 16.02 25.96 35.43 17.11 44.53 60.79
% Qwen3-ASR-1.7B 1.7B 33.33 16.75 24.31 34.29 16.64 43.52 64.49
©® Whisper large-v3 1.55B 35.12 15.15 22.52 32.87 15.30 55.54 69.36
7 Qwen3-ASR-0.6B 0.6B 42.18 28.19 31.32 42.61 25.46 53.66 71.81

Table 3: Gulf-Emirati Alsanaa long-form benchmark (102 recordings, 272 min). WER/CER in %;
lower is better.

Model WER CER
s Audar-ASR-V1-Turbo 30.02 13.74
Il ElevenLabs Scribe v1 35.05 15.26
% Qwen3-ASR-1.7B 42.67 16.85

Gulf-Emirati long-form. On an in-house Gulf-Emirati (Alsanaa) set of 102 long-form
recordings (272 minutes) from native Emirati speakers, Audar-ASR-V1 reaches 30.02% WER —
5.03pp better than ElevenLabs Scribe v1 and 12.65pp better than Qwen3-ASR-1.7B (Table 3).
The margin over both baselines demonstrates robust real-world performance on conversational
Gulf-dialect audio.

Methodology. All WER/CER apply identical Arabic normalization to reference and hypoth-
esis (tashkeel and tatweel removal, hamza normalization, teh-marbuta unification, Eastern-to-
Western digit conversion, punctuation removal, whitespace collapse, Latin lowercasing). WER
is micro-averaged; average WER is the arithmetic mean of per-dataset scores. All evaluations
(Tables 2 and 4) use full test sets for every system, run by us with one harness and one
normalizer. The upstream leaderboard evaluation script contains a regex bug that silently
skips punctuation stripping; all numbers here use the corrected, leaderboard-equivalent
normalizer, and our runs of leaderboard-listed baselines reproduce their published averages
within +0.12pp (Whisper large-v3 measures 1.74pp better than its published cell). Every
sample returning non-empty output is included; no system produced empty outputs on any
set.

4.3 Detailed Full-Test-Set Breakdown

Table 4 provides the detailed per-dataset WER and CER breakdown for both released tiers.

Audar-ASR-V1-Turbo posts sub-3% CER on CommonVoice 18 and sub-6% CER on MASC
clean and MGB-2; Audar-ASR-V1-Flash tracks it at a 6-15pp WER offset that widens with
dialect density. Both tiers maintain the family’s advantage on the dialect-heavy sets (SADA,
Casablanca) at full scale.



Table 4: Full-test-set WER (%) and CER (%) for both released tiers across all six leaderboard
benchmarks (leaderboard-equivalent normalization). n ranges from 1,045 (Casablanca) to 2,617
(CommonVoice 18).

Tier Metric CV18 MASC-C MASC-N MGB-2 SADA Casablanca
WER (%)  8.60 19.60 28.35 1113 2941 51.58

Audar-ASR-VI-Turbo oo 9 60 5.69 9.95 5.97 13.48 19.24
WER (%) 16.02  25.96 35.43 1711 4453 60.79

Audar-ASR-VI-Flash oo 5 04 7.84 12.66 797 2363 24.85

4.4 Impact of Adaptation

The adaptation is most visible at matched scale. Audar-ASR-V1-Flash shares its 0.6B
decoder class with Qwen3-ASR-0.6B yet posts 33.31% average WER against 42.18% — an
8.87pp (21% relative) reduction attributable to the Arabic-centric curriculum rather than
scale — and effectively matches Qwen3-ASR-1.7B with a third of the decoder parameters.
Data then compounds with scale: Audar-ASR-V1-Turbo (2.35B total) beats the strongest
open-weight model, omniASR-LLM-7B, by 3.5pp average WER at a third of its size — and
edges the strongest proprietary API system by 1.1pp — with the gains concentrated where
foundations struggle most (SADA 29.41% vs. 41.65% for omniASR-LLM-7B; Casablanca
51.58% vs. 56.33%). The curriculum also buys robustness: on SADA, Audar-ASR-V1 emits
0.0% boilerplate-hallucination transcripts versus 8.3% for Whisper large-v3, with zero empty
outputs across all six sets. These gains come from continuous pretraining, multi-task SFT,
dialect specialization, and KTO alignment, not from added scale; the largest single-stage gain
comes from full fine-tuning on the dialect-heavy benchmarks, with a further reduction in
dialect-subset WER and long-form hallucination from the final KTO alignment stage.

Claims and Evidence Summary Table 5 maps each headline quantitative claim in this
paper to its supporting evidence and evaluation protocol, providing a single point of reference
for readers and reviewers.

Table 5: Mapping of headline claims to supporting evidence.

Claim Evidence Evaluation Protocol

Lowest avg. WER (24.78%) of Table 2; leader- Full test sets, leaderboard-

the 35 leaderboard systems board snapshot equivalent normalization
2026-07-07

Rank 1 on SADA (by 8.1pp) Table 2; leader- Full test sets, leaderboard-

and MGB-2; rank 2 on board snapshot equivalent normalization

Casablanca and MASC clean  2026-07-07

Audar-ASR-V1-Flash beats Table 2 Matched harness, full test sets

same-class Qwen3-ASR-0.6B

by 8.87pp

Gulf-Emirati WER of 30.02%  Table 3 Internal benchmark, 102

recordings

5 Model Access

Open weights.

We release the Audar-ASR-V1 model weights in two tiers: Audar-ASR-

V1-Flash (0.6B) under the AudarAl Open License v1.0 (commercial use, redistribution, and


https://www.audarai.com/license/audarai-open-license-v1.0

modification permitted with attribution) and Audar-ASR-V1-Turbo (2B) under the AudarAl
Community License v1.0 (research and limited commercial use; enterprise deployment under a
separate agreement) — together with the evaluation harness for all six Open Universal Arabic
ASR Leaderboard datasets. Anyone can reproduce the results in this report, benchmark
against Audar-ASR-V1, and fine-tune it for new domains and dialects. Both tiers expose one
interface, so an application can move between them without code changes.

Getting started. Model weights are available on Hugging Face at https://huggingface.
co/audarai; code and the evaluation harness live at https://github.com/AudarAl/Audar-ASR-V1.
See https://www.audarai.com/ for the broader Audar model family.

6 Conclusion

Audar-ASR-V1 advances Arabic speech recognition, achieving 24.78% average WER on full
test sets across the six Open Universal Arabic ASR Leaderboard benchmarks — first among
the 35 ranked systems, ahead of the strongest proprietary API system, and first on dialect-
heavy SADA and MGB-2 broadcast — while the 0.6B-decoder Audar-ASR-V1-Flash tier
beats its same-class baseline by 8.9pp. The result comes not from a new architecture but
from a four-stage curriculum — acoustic-adapter training, full fine-tuning, precision PEFT,
and KTO preference alignment on Arabic-specific axes — applied to a permissively-licensed
open-weight foundation; the curriculum is the transferable recipe, and the open evaluation
harness across the six leaderboard datasets — together with the evaluation protocol and
per-sample metrics for a Gulf-Emirati long-form set whose audio cannot be redistributed
under speaker-consent restrictions — is our contribution to the community. We will release
the trained models, evaluation scripts, and a detailed data card with the model release.
Audar-ASR-V1 is the recognition foundation of a broader Arabic audio program, released
alongside its expressive-synthesis counterpart Audar-TTS-V1 (concurrent report, Audar Al
2026).
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