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ABSTRACT

We describe a low-resource neural audio codec system de-
signed for the constraints of the 2025 Low-Resource Au-
dio Codec (LRAC) Challenge, Track 2: a streaming-causal
pipeline that jointly performs speech enhancement and low-
bitrate coding at 24 kHz, decomposed into a discriminative
masking-based front-end (Octantis) and a generative residual-
vector-quantised neural codec (Canopus), pre-trained sepa-
rately and then jointly fine-tuned. While the architecture fol-
lows established neural-codec design, the focus of this work
is data-centric: we ask which property of the training corpus
most strongly determines reconstruction quality at 6 kbps.
Across five data configurations sharing the same model and
the same input degradation pipeline, we find that within the
LRAC-derived family the dominant factor is the fidelity of
the supervision target. Replacing the LRAC reference signals
with versions re-enhanced by a strong speech-enhancement
model produces large and statistically significant gains on ev-
ery objective metric we considered, while quality-assurance
filtering of the input corpus alone has small and mixed effects.
A separate proprietary corpus shows a metric-dependent pat-
tern of small additional gains on clean 6 kbps speech but no
equivalent advantage at 1 kbps or on noisy inputs. Although
our system was not formally entered in the challenge, the
LRAC organisers evaluated it post-event using challenge-
matched methodology; in that pass it scored substantially
above the LRAC baseline at 6 kbps on real-world noisy
speech.

Index Terms— neural audio codec, speech enhancement,
residual vector quantization, low-bitrate coding, LRAC chal-
lenge, data-centric training

1. INTRODUCTION

Recent neural audio codecs combine convolutional encoder—
decoder networks with residual vector quantisation (RVQ) to
represent speech at very low bitrates, with SoundStream [1],
EnCodec [2] and DAC [3] as canonical examples. Beyond
compression, the same family of architectures can be trained
to perform speech restoration: with degraded inputs and
clean references, an RVQ codec learns to denoise, derever-

berate and bandwidth-extend speech jointly with coding. The
2025 Low-Resource Audio Codec (LRAC) Challenge [4]
formalises this setting under realistic deployment constraints
— 24 kHz operation, 6 kbps and 1 kbps bitrate modes, fixed
compute and latency budgets, and a closed set of public
training data.

Most work on codec-based speech enhancement has em-
phasised architecture and loss design: discrete-token mod-
elling [5, 6, 7], continuous-embedding modelling [8], adver-
sarial training, and multi-scale spectral losses. Far less at-
tention has been paid to how the training corpus is prepared
— which recordings are used as references, how aggressively
they are curated, and how they are matched to the inputs the
codec must reconstruct. Yet a generative codec is, by con-
struction, biased toward whatever clean signal its targets pro-
vide: if the references contain residual noise, low-frequency
artefacts, or production peculiarities, the model will repro-
duce them at deployment.

We investigate this question with a system designed for
the LRAC Track 2 setting. The system is a two-stage pipeline
(Hadar) consisting of a discriminative masking-based en-
hancer (Octantis, in the DeepFilterNet family [9, 10]) fol-
lowed by a streaming RVQ codec (Canopus, in the Sound-
Stream/EnCodec/DAC lineage), trained jointly end-to-end
with multi-resolution STFT and multi-period discrimina-
tors [11] and a multi-resolution mel reconstruction loss. The
architectural choices follow established practice. Our contri-
bution is the systematic study of the training-data side of the
problem.

Concretely, we hold the model, the input degradation
pipeline, the optimisation recipe, and the validation/checkpoint-
selection protocol fixed, and vary only the training corpus.
Within the LRAC-derived family we explore three axes:
quality-assurance filtering of the LRAC speech material;
supervision-target fidelity, by re-enhancing the LRAC ref-
erences with a high-quality enhancement model; and the
choice of target enhancer (Octantis vs. DeepFilterNet 3,
to test whether the principle generalises beyond a single en-
hancer). We additionally report results for an independent
proprietary corpus as a non-LRAC reference point; the



LRAC challenge restricts training to its released data, so
we report this variant as an additional data-centric compari-
son rather than as a challenge-rule-compliant configuration.
We report two sets of results. First, an internal objective
evaluation on the LRAC blind test set, where paired statisti-
cal tests identify supervision-target fidelity as the dominant
factor within the LRAC-derived family: re-enhancing the
references yields large, highly significant gains on every
metric considered, while QA filtering alone has small and
mixed effects. Second, post-event subjective listening-test
scores produced by the LRAC organisers using methodology
matched to the official challenge evaluation, which place our
system substantially above the LRAC baseline at 6 kbps on
real-world noisy speech.

The contributions of this paper are: (i) a description of
the Hadar + Canopus system, designed for the LRAC Track 2
constraints; (ii) a controlled, paired-design ablation of four
data-centric training strategies on the LRAC blind test set,
plus a comparison to a proprietary corpus as a non-LRAC ref-
erence point; (iii) post-event subjective scores for our system,
evaluated using LRAC-matched methodology; and (iv) a brief
note on ReMOS v2, the proprietary fusion metric we used for
checkpoint selection.

2. SYSTEM ARCHITECTURE

Our system, Hadar, is a streaming-causal pipeline that pro-
cesses 24 kHz speech in two sequential stages joined by an
end-to-end fine-tuning objective:

1. Octantis — a discriminative masking-based front-end
that suppresses additive noise.

2. Canopus — a streaming residual-vector-quantised
(RVQ) neural codec that performs joint compres-
sion and generative restoration of the remaining, non-
additive degradations (reverberation, residual artefacts,
bandwidth limitations).

The two stages are first pre-trained independently — Oc-
tantis as a denoiser/dereverberator on the LRAC speech, noise
and room-impulse-response (RIR) stems, Canopus as an au-
toencoding codec on clean speech — and then jointly fine-
tuned end-to-end under a single GAN objective whose target
is dry, anechoic clean speech, even when the input is rever-
berant.

The motivation for this two-stage decomposition is that
discriminative denoising is cheap and well-suited to additive
noise, while a generative RVQ codec is suited to filling in in-
formation a discriminative front-end cannot recover (notably
high-frequency content lost to bandwidth limitations or ag-
gressive masking, and direct-to-reverberant ratio inversion).
A single neural codec can do both, but allocates one compute
budget to two problems with different inductive biases. Pre-
training the stages separately and joint-fine-tuning lets each
start from an already-competent solution to its own subprob-
lem; the joint stage aligns the two interfaces.

2.1. Octantis

Octantis is a hybrid frequency-domain enhancer in the Deep-
FilterNet family [9, 10, 12]: a coarse ERB-band envelope
mask covers the full spectrum, and a low-frequency complex
deep-filter branch refines the spectral region where speech en-
ergy is concentrated. The Hadar configuration uses an STFT
analysis of 480 samples (20 ms) with 240-sample (10 ms) hop
and a single frame of look-ahead. The front-end has approxi-
mately 1.3 M parameters.

2.2. Canopus

Canopus is a streaming-causal RVQ codec in the Sound-
Stream/EnCodec/DAC [1, 2, 3] lineage, with Snakeld pe-
riodic activations [13]. The encoder is a stack of four con-
volutional blocks with strides 2 - 3 - 5 - 8 = 240, yielding
a 100 fps frame rate at 24kHz. The RVQ bottleneck has 6
quantisers of 1024 codes with 8-dimensional codebook en-
tries (L2-normalised, cosine-distance, DAC-style), giving 60
bits per frame and a nominal bitrate of 6 kbps. The LRAC
challenge requires a single system supporting both 1 kbps and
6 kbps operation, including switching between modes within
one inference run; we satisfy this with quantiser dropout dur-
ing training [2], so that at inference the system operates at any
integer bitrate from 1 to 6 kbps by truncating the active set of
quantisers, with no retraining. Our dropout schedule keeps
the full 6-quantiser stack active for half of training samples;
the other half draws a random truncation length uniformly
in {1,...,6}, so the 1kbps configuration receives substan-
tially less training time than 6 kbps. The decoder mirrors the
encoder. The generator has approximately 7-8 M parameters.

2.3. Discriminators and loss

Two discriminator stacks are run jointly: a multi-resolution
complex-STFT discriminator (EnCodec-style [2]) and a
multi-period discriminator (HiFi-GAN-style [11]). The
generator loss combines least-squares adversarial losses on
both discriminators with deep feature matching, an L, time-
domain loss, and a multi-resolution mel-spectrum recon-
struction loss; the mel term carries the largest weight. RVQ
commitment and codebook losses are added per quantiser.
Optimisation uses AdamW (8; = 0.8, f2 = 0.99, learn-
ing rate 10~%) with one discriminator step followed by one
generator step per training iteration.

2.4. Operating point

The deployed system is strictly causal at inference, with an
algorithmic look-ahead of approximately 30 ms (one Octantis
STFT frame plus a two-frame Canopus pre-roll) and a 10 ms
frame hop.

3. TRAINING DATA AND DATA-CENTRIC
STRATEGIES

3.1. Data pipeline

All variants share the same on-the-fly degradation generator.
For each training example, a 3-second window is constructed



by concatenating speech chunks (with random interstitial si-
lence drawn from 2/[20, 250] ms) and is then convolved with
a randomly drawn RIR with probability 0.5 and mixed with
noise at SNR drawn from U[—5,30] dB. The supervision
target is always the dry, anechoic clean speech, so the sys-
tem is trained to denoise, dereverberate and code in a single
objective. Inputs and targets are jointly peak-normalised to
U[—-12,0]dB.

3.2. Variants

We compare five data variants (D1-D5). Variants D1-D4 dif-
fer only in which LRAC-derived speech, noise and RIR stems
are presented to the training pipeline; the model, optimiser,
training schedule, validation set and checkpoint-selection
protocol are identical across variants. D5 trains on a different
(proprietary) corpus and is included as a non-LRAC refer-
ence point; it was not eligible for the LRAC challenge, which
restricts training to its own released data, and is reported here
only as a data-centric comparison.

D1 - LRAC (uncurated). The official LRAC training data
[4] as released — approximately 703 h of speech, plus the
LRAC noise and RIR stems — with no filtering.

D2 - LRAC (curated). DI with a quality-assurance filter
applied to the speech corpus. Recordings are excluded if
any of the following hold: estimated frequency cut-off below
10kHz; speech-content fraction below 0.75; clipping de-
tected; DC-offset or strong low-frequency rumble detected;
short glitches detected; an audible constant tone detected;
sound-pressure level below —45dBFS; or a measurable but
moderate noise floor (the noise SRMS estimate falls within
an audible-noise range, as opposed to either being inaudibly
quiet or being unmeasurable, both of which we accept). The
filter removes approximately 14 % of the data, leaving 86 %.

D3 — LRAC (curated, DFN3-enhanced targets). D2 with
the speech references re-enhanced by DeepFilterNet 3 [12].
Inputs to the codec are unchanged; only the supervision tar-
gets are modified.

D4 - LRAC (curated, Octantis-enhanced targets). D2 with
the speech references re-enhanced by Octantis. This is the
configuration used by our system in the post-event subjective
evaluation reported in Sec. 5. The Octantis instance used as
a target enhancer is trained for full-band enhancement and
is distinct from the in-pipeline front-end configuration, but
they share an architecture; D3 is included specifically to test
whether the principle (re-enhanced targets) generalises be-
yond a single enhancer.

D5 - Proprietary corpus (non-LRAC reference). A larger
Revoize-internal speech corpus with extensive manual cura-
tion and broader coverage of recording conditions, micro-
phones and acoustic environments than the LRAC training
set, used in place of the LRAC speech material. Noise and
RIR stems and the rest of the degradation pipeline are un-
changed. The LRAC challenge restricts training to its re-
leased data, so D5 is not a challenge-rule-compliant configu-

ration; we report it only as a non-LRAC data-centric reference
point.

4. EXPERIMENTAL SETUP

4.1. Test sets

We evaluate on the LRAC blind test set (190 utterances, 90
clean and 100 noisy, drawn from real-world recordings out-
side the LRAC training distribution) for the data-strategy ab-
lation, and additionally report post-event subjective scores for
our system, produced by the LRAC organisers using method-
ology matched to the official challenge listening tests (Track
2a, clean speech; Track 2c, noisy speech).

4.2. Objective metrics

We report three families of non-intrusive predicted-MOS
metrics: SHEET-SSQA [14]; the four AudioBox-Aesthetics
axes [15] — Production Quality (PQ), Production Complex-
ity (PC), Content Enjoyment (CE) and Content Usefulness
(CU); and ReMOS v2 (described below). The AudioBox-
Aesthetics paper notes that PC does not correlate with speech
quality; we omit it from the main table.

4.3. ReMOS v2

ReMOS v2 is a proprietary fusion metric trained to predict
human MOS on a Revoize-internal corpus of approximately
2 years of subjective ratings, with the corpus deliberately
weighted toward processed speech — speech that has been
passed through enhancement systems, codecs and other algo-
rithms, and that is therefore exposed to the kinds of distortions
and artefacts that codec-based restoration systems produce.
ReMOS v2 fuses scores from four existing non-intrusive pre-
dictors — DNSMOS [16], MOSA-Net+ [17], SHEET [14]
and SCOREQ [18] — through a small classical-ML regres-
sor. Note that SHEET also appears as a standalone column
in Table 1, so SHEET and ReMOS v2 are not statistically in-
dependent. On BVCC, ReMOS v2 achieves Spearman 0.804
with the reference scores; on a held-out combined NISQA
+ SOMOS + VMC23 set, it achieves Spearman 0.61, in
both cases at or above the strongest individual non-intrusive
predictor we tested. Because it is calibrated for the processed-
speech regime that is most relevant here, we use ReMOS v2
as our primary screening metric.

4.4. Checkpoint selection

All variants were trained to convergence under identical con-
ditions. For each variant we selected the best checkpoint by
ranking late-stage checkpoints with a weighted composite of
ReMOS v2 scores on a held-out validation set, with weights
matching the ranking protocol used in the LRAC challenge.

4.5. Statistical methodology

Because all five data variants are evaluated on identical sets of
test utterances (the same 190 inputs are passed through each
model and scored by the same predictor), all comparisons
among D1-DS5 are paired. We report paired ¢-tests against D1



(uncurated) for D2-D5. The LRAC baseline is evaluated on
the same source utterances as our systems, so paired tests in-
volving the baseline are also valid where reported in the text.

5. RESULTS
5.1. Objective results: data-strategy ablation

Fig. 1 summarises the data-strategy comparison on Re-
MOS v2. Within the four LRAC-derived variants (D1-D4),
performance increases nearly monotonically from D1 through
D4 across all four conditions, and the D2-D4 gains over D1
are statistically significant in every panel. The magnitude
of the improvement, however, is uneven: QA filtering alone
(D2 vs. D1) delivers small gains, target re-enhancement
(D3 and D4 vs. D2) delivers substantially larger gains,
and Octantis-enhanced targets (D4) consistently outperform
DeepFilterNet-3-enhanced targets (D3).

The proprietary-corpus variant D5, included as a non-
LRAC reference point, shows a metric-dependent pattern: on
AudioBox-Aesthetics and SHEET it matches or exceeds D4
on clean 6 kbps (Table 1), while on ReMOS v2 (Fig. 1) it
matches D4 only on clean 6 kbps and lags D4 on the harder
conditions (noisy speech and 1 kbps).

The full ablation across the five reported metrics is given
in Table 1. The pattern holds across SHEET, ReMOS v2 and
the three speech-relevant AudioBox axes. Counting wins
among the five D-variants: D4 is the best D-variant in 11 of
20 rows — almost always at 1 kbps and on noisy speech; D5
is the best in 8 of 20 rows — almost always at 6 kbps clean
speech; D3 is best in the remaining row. Comparing to the
LRAC baseline, our system in the D4 configuration is below
the baseline at 1 kbps but above the baseline on every metric
at 6 kbps. This regime split is consistent with the post-event
subjective evaluation, reported next.

5.2. Subjective results: post-event evaluation

Our system was not formally entered in the 2025 LRAC
Challenge. After the conclusion of the challenge, the LRAC
organisers ran two listening tests on it for us, using method-
ology matched to the official challenge evaluation; the two
passes are designated 2a-Revoize and 2c-Revoize by the
organisers. Track 2a (clean speech) methodology uses
MUSHRA-1S; in our pass only our system was rated along-
side the shared anchor and reference. The organisers nor-
malised the 2a-Revoize scores using the same procedure as
in the official 2025 LRAC Challenge — applying an affine
per-file mapping based on precomputed anchor and refer-
ence means from the original challenge — placing the scores
directly on the official 2a-LRAC scale. After this normalisa-
tion, our system scored 80.6 at 6 kbps and 9.1 at 1 kbps on the
0-100 MUSHRA scale. Track 2c (real-world noisy speech)
methodology uses ACR/MOS; we report raw 2c-Revoize val-
ues as primary results and, per the organisers’ guidance, do
not directly compare them with the original 2c-LRAC pass.
The organisers also rated three official LRAC Track 2 entries

in the 2c-Revoize pass for context: the LRAC Track 2 base-
line [19], nano_codec [20], and nju-aalab [21]. Fig. 2
reports the 2c-Revoize ACR/MOS scores.

At 6 kbps our system scored 3.03 on noisy speech — sub-
stantially above the LRAC baseline (2.15, +0.88 MOS) and
nano_codec (2.93), and below nju—-aalab (3.31). These
pairwise comparisons are within the 2c-Revoize pass and do
not constitute an official challenge ranking. At 1 kbps our sys-
tem scored close to the LRAC baseline and below the other
two systems shown; we discuss the likely reasons in Sec. 6.
The organisers also provide an auxiliary affine alignment of
2c-Revoize onto the original 2c-LRAC scale (yielding ap-
proximately 1.20 and 3.15 for our system), which we report
only as context.

6. DISCUSSION

6.1. Supervision-target fidelity is the dominant lever

Across every objective metric, every condition and both bi-
trates, replacing the LRAC reference signals with versions re-
enhanced by a strong speech enhancement model (D3 or D4
vs. D2) yields larger and more consistent gains than QA filter-
ing alone (D2 vs. D1). This is intuitive in retrospect: a gener-
ative codec inherits the statistical signature of its supervision
targets, including any residual noise, low-frequency rumble,
or production peculiarities. QA filtering removes the worst
examples but leaves untouched the typical-quality signal that
dominates the loss; re-enhancing the references shifts the en-
tire distribution the codec is asked to reproduce. The fact that
DFN3-enhanced targets (D3) also help, and that the Octantis
advantage over DFN3 is smaller than the D3-over-D2 advan-
tage, supports the generality of the principle: the gains are
not a self-reference effect of training the codec to match the
front-end’s idiosyncrasies.

6.2. Why our system underperforms at 1 kbps

Our system underperforms the LRAC baseline at 1kbps on
every metric. Since all systems including ours and the base-
line obtain 1kbps by truncating the active RVQ set at infer-
ence (Sec. 2), the differences lie in training, not in the runtime
mechanism. Two factors are likely responsible. First, our
quantiser-dropout schedule keeps the full 6-quantiser stack
active for half of training and samples shorter truncations the
rest of the time, so the 1 kbps configuration sees substantially
less training signal than 6 kbps; the LRAC baseline, by con-
trast, trains with a 50/50 mix of 1 and 6 kbps [19]. Second,
supervision-target re-enhancement helps the codec reproduce
nuances that a 1 kbps bottleneck cannot represent — the data-
centric gains we see at 6 kbps depend on capacity that 1 kbps
does not have.

6.3. What does D5 add?

The proprietary-corpus variant D5 is not a challenge-rule-
compliant configuration (the LRAC challenge restricts train-
ing to its released data) and serves only as a data-centric ref-
erence: what does an independent, high-quality speech cor-
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Fig. 1. ReMOS v2 (predicted MOS, higher is better) on the LRAC blind test set, broken down by bitrate and speech condition.
Bars show the LRAC baseline (grey) and five data-centric variants of our system: four LRAC-derived variants in the viridis
palette (D1: uncurated; D2: curated; D3: curated with DeepFilterNet-3-enhanced targets; D4: curated with Octantis-enhanced
targets) and the proprietary-corpus variant D5 in orange. D5 is not a challenge-rule-compliant configuration and is reported as a
non-LRAC reference point. Error bars are 95 % confidence intervals on the mean. Significance markers above D2-D5 indicate
paired t-tests against D1 (*p < 0.05, **p < 0.01, ** *p < 0.001).
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Fig. 2. ACR/MOS scores on real-world noisy speech (2c-
Revoize), from a post-event evaluation by the LRAC organis-
ers using methodology matched to the official LRAC Track 2¢
listening test. Higher is better; scale is 1-5. Our system was
not a formal LRAC entrant; the three other systems were en-
trants in the official challenge and are shown here for context.

pus look like compared to the best LRAC-derived variant?
The picture is mixed and metric-dependent. On ReMOS v2
(Fig. 1), our own metric calibrated for processed speech, D5
matches D4 on clean 6 kbps and lags D4 on the other three
conditions; on AudioBox-Aesthetics and SHEET (Table 1),
D5 matches or exceeds D4 on clean 6 kbps but lags D4 on
noisy speech and on 1kbps operation. A consistent reading
is that a corpus that already contains cleaner reference speech
raises the ceiling on what the codec can reproduce when ca-
pacity allows (clean 6 kbps), but provides no equivalent ad-
vantage when the bottleneck dominates (1 kbps), and may un-
derperform when its noise or RIR coverage diverges from the
test distribution (real-world noisy speech). We do not attempt

to attribute the metric-by-metric disagreement between Re-
MOS v2 on the one hand and AudioBox-Aesthetics/SHEET
on the other to any specific cause. Within the LRAC-derived
family, the same ceiling-raising effect on clean speech can be
obtained at lower data-cost by re-enhancing the LRAC refer-
ences, which is what D4 does.

6.4. Limitations

Our objective ablation uses a single test set (the LRAC blind
set, 190 utterances) and a fixed set of non-intrusive predic-
tors; PESQ and UTMOS were not available for our systems
and are absent from Table 1. The QA filter we describe is
one specific operationalisation of “data quality”; other filters
might allocate the QA-versus-enhancement trade-off differ-
ently. Finally, D5 differs from D1-D4 along multiple axes si-
multaneously (corpus, scale, curation procedure), so we draw
conclusions from D5 only at the level of overall ceiling, not
at the level of any one factor.

7. CONCLUSION

We presented the Hadar/Canopus system, designed for the
constraints of the 2025 LRAC Challenge Track 2, framed as a
study of which property of the training corpus most strongly
determines codec performance at 6 kbps. With the model,
degradation pipeline and selection protocol fixed, we found
that within the LRAC-derived family supervision-target fi-
delity is the dominant data-centric lever: re-enhancing the
LRAC references with a strong external enhancement model
produces large and statistically significant objective gains,
QA filtering alone produces small ones, and the principle
holds across two target enhancers. An independent propri-
etary corpus shows small additional gains on clean 6 kbps
speech on some metrics but no equivalent advantage at 1 kbps
or on noisy inputs. In a post-event evaluation by the LRAC



Metric Cond. Bitrate LRAC DI D2 D3 D4 D5
SHEET clean 1kbps 216 1.57 1.58 1.60 1.66™*  1.65%**
clean 6kbps 3.84 415 4.23 4.39%**  4.42%** 448"
noisy lkbps 222 141 1.40 1.50***  1.60"** 1.49***
noisy 6kbps 2.89  3.07 2.97 339 348" 321"
ReMOS v2 clean 1kbps 299 279 285"** 2.83** 292"** 283**
clean 6kbps  3.78 398  4.00°  4.04"""  4.097** 4.08%**
noisy lkbps  2.61 238 247"*" 249" 2.60"** 2.54%**
noisy 6kbps  3.18 3.26 3.21 3.34%%*  3.45%** 3.33*
AB-PQ clean 1kbps 491 3.62 3.87"*" 4.03"** 438*** 379***
clean 6kbps 648 698  7.04* 726" 7.23%FF 736"
noisy 1kbps 492 372 4.12%** 423"** 4.61"** 3.96"**
noisy 6kbps 540 6.05 6.18% 648" 636" 6.41%**
AB-CE clean 1kbps 4.00 291 2.88 3.07°%* 337777 3027
clean 6kbps 529  5.66 5.64 571%%  575%**  575%**
noisy 1kbps 333 266 259" 281"** 293"** 282"**
noisy 6kbps  4.00 434 421*F 4.36 4.36 4.40
AB-CU clean 1kbps 474 297 3.32%** 3.82%** 421" 3.65%**
clean 6kbps  6.03 646 650  6.70"** 6.65""" 6.83"""
noisy 1kbps 412 297 3.33**" 375" 4,02*** 359%**
noisy 6kbps 451 494 4.96 5.28%**  5.19%**  532***

Table 1. Full ablation on the LRAC blind test set across five non-intrusive predictors. Higher is better for all metrics shown.
Bold marks the best D-variant per row. Significance markers (vs. D1, paired ¢-test): *p < 0.05, **p < 0.01, * **p < 0.001. AB-
PQ, AB-CE, AB-CU are the Production Quality, Content Enjoyment and Content Usefulness axes of Audiobox-Aesthetics [15];
AB-PC is omitted because Audiobox-PC does not correlate with speech quality. D5 (proprietary corpus) is not a challenge-
rule-compliant configuration and is shown only as a non-LRAC reference point.

organisers using challenge-matched methodology, our system
scored substantially above the LRAC baseline at 6 kbps on
real-world noisy speech.
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