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Abstract
This paper proposes a novel approach to address late reverbera-
tion, which degrades speech intelligibility by convolving clean
speech with room impulse response. Our method combines
metric-guided training and non-uniform state sampling within
the Stochastic Regeneration Model (StoRM) diffusion architec-
ture, enabling better diffusion variability modeling while main-
taining computational efficiency. Key metrics such as STFT
loss, spectral convergence loss, Mel Frequency Cepstral Co-
efficient (MFCC) loss and log-magnitude loss guide the re-
generation process, improving convergence by reducing train-
ing epochs by ∼ 19.6% with slight improvements in derever-
beration. Meanwhile, the non-linear state sampling approach
enhances training convergence by ∼ 27.2% with practically
similar perceptual performance. We evaluate the impact of
these modifications on automatic speech recognition and clean
speech distortion relative to the baseline, demonstrating optimal
speech-quality-aware performance.
Index Terms: Dereverberation, Metric-Guided StoRM, Non-
Uniform State Sampling, PESQ Loss, STFT Loss, MFCC Loss,
Log-magnitude Loss, StoRM, SDE, WER, CER, ASR.

1. Introduction
Late reverberation significantly degrades speech intelligibility,
introducing temporal and frequency variability that complicates
dereverberation. Unlike additive noise, which can be modelled
as y(t) = x(t) + n(t), where y(t) is the noisy signal, x(t) the
clean signal, and n(t) is the noise, reverberation is modelled as
y(t) = x(t)∗h(t), where h(t) being the room impulse response
(rir). In addition to convoluted nature, reverberation is a non-
stationary phenomenon, affected by environmental changes and
positional variations [1] [2]. Classical methods such as inverse
filtering [3], spectral subtraction [4], and adaptive filtering [5]
have limitations in handling the complexity of reverberation.
Modern deep learning approaches, including predictive mod-
els like Denoising Autoencoders (DAEs) [6], U-Nets [7], and
generative models like Variational Autoencoders (VAEs) [8],
Generative Adversarial Networks (GANs) [9] [10] and High Fi-
delity GAN [11] offer improved performance. However, most
of the deep learning methods tend to introduce additional dis-
tortions when applied to already clean speech, thereby limiting
their optimal performance. In particular, generative models of-
ten suffer from slow convergence and mode collapse, further
hindering their practical effectiveness.

This paper investigates the application of diffusion-based
generative models [1, 12–14] for effective and optimal derever-
beration tasks, focusing on the diffusion model implemented
within the StoRM [13] framework. The StoRM [13] frame-
work has shown superior performance compared to other lead-

ing architectures. Although these models provide a more sta-
ble learning process, they often encounter challenges with slow
convergence [15] and they also introduce distortion in speech
features while processing clean speech. To address these is-
sues, we propose two techniques: metric based regularizer guid-
ance within the loss function and non-uniform state sampling.
These methods significantly accelerate convergence while train-
ing and achieve slightly improved or similar perceptual and Au-
tomatic Speech Recognition(ASR) performance compared to
baseline. These regularizers also reduce distortion introduced
by the baseline StoRM [13] when processing clean speech by
selectively enhancing reverb signal from the mixture of clean
and reverb signal.

2. Brief Description of StoRM [13]
In the StoRM [13] framework, a predictive model, Dθ , is com-
bined with a generative diffusion model, Gϕ, to facilitate a
stochastic regeneration process. In this approach, the predictive
model Dθ first transforms the observed data y into the poste-
rior mean, y → E[x | y]. Then, the generative model refines
this posterior mean through iterative steps, progressively guid-
ing the sample towards the high-probability regions of the pos-
terior p(x | y) space. The StoRM framework operates through
both a forward and a reverse process, as illustrated in Figure 1.

τ−→(forward process); ←− τ (reverse process)

Figure 1: Depiction of the forward and reverse SDE processes
within the model, illustrating higher variance near T compared
to 0 motivating for T -biased sampling.

In the forward process {xτ}Tτ=0 | τ ∼ Uniform(0, T ], a
clean sample x0 is progressively corrupted by adding noise, re-
sulting in a noisy sample xT , hence the current state is

xτ = µ(x0,y, τ) + σ(τ)z, z ∼ N (z; 0, I),

with µ(x0,y, τ) is mean & σ2(τ) being the variance at τ . The
reverse diffusion process, on the other hand, begins with the
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corrupted sample xT and progressively refines it, following the
reverse trajectory through time steps from T to 0, as governed
by a discretized reverse stochastic differential equation (SDE)
[16]. This iterative process ultimately restores the clean speech
sample x0.

In the StoRM [13] framework, the generative process is
guided by the posterior distribution p(x | y), enabling itera-
tive refinement of the noisy or reverberated signal towards the
clean speech. As a result, the corrupted input y is transformed
into an estimated clean output x̂, as illustrated in Figure 2.

Figure 2: Illustration of the metric-guided StoRM framework,
showing generation of a metric-guided posterior mean [y →
[Dθ̂(y)] → Ê[x | y]], followed by the estimation of a cleaner
sample [Gϕ̂(Ê[x | y]) → x̂⋆]. Grey area is posterior space &
the dotted path represents the baseline StoRM approach.

3. Methodology
In StoRM [13] diffusion model the score function
∇xτ log pτ (xτ ) is the gradient of the log probability
density of the noisy data xτ at diffusion time τ . The score
function ∇xτ log pτ (xτ ) is not tractable and therefore it is
estimated by a deep neural network (DNN) sϕ, referred to as
the score model. The complete loss function of StoRM [13]
combines the denoising score matching objective and the L2

regression loss of the predictive model, as shown in Eq. 1

L(ϕ, θ) = Eτ,(x,y),z

[∥∥∥∥sϕ(xτ , [y, Dθ(y)], τ) +
z

σ(τ)

∥∥∥∥2

2

]
+ E(x,y)

[
∥x−Dθ(y)∥22

]
(1)

To guide the regeneration process and to reduce the distor-
tion of speech features during dereverberation, we incorporated
various regularizers into the original loss function, which com-
prises of Short Time Fourier Transform (STFT) loss [7], log-
magnitude (MAG) loss [7], Spectral convergence (SC) loss [7]
and MFCC loss as in Eq.2-5. These modifications result in ac-
celerated convergence, while obtaining the optimal dereverber-
ation performance by minimizing spectral feature losses.

Following the methods in [7], we integrated the regulariz-
ers mentioned above as shown in Eq.6-8 to create metric-guided
variants of StoRM. These regularizers assist in guiding both the
predictive and diffusion processes during training, as illustrated
in Figure 2. We evaluated different combinations of regulariz-
ers, and the most effective ones, along with the modified loss
function, are detailed in Eq.2-8.

L(STFT) =
1

N

∥|STFT(x)| − |STFT(x̂)|∥F
∥|STFT(x)|∥F

(2)

L(MFCC) =
1

N

∥|MFCC(x)| − |MFCC(x̂)|∥F
∥|MFCC(x)|∥F

(3)

L(MAG) =
1

N
∥log |STFT(x)| − log |STFT(x̂)|∥1 (4)

L(SC) =
1

M

M∑
m=1

(
1

N

∥|STFTm(x)| − |STFTm(x̂)|∥F
∥|STFTm(x)|∥F

)
(5)

L(ϕ, θ, STFT) = L(ϕ, θ) + L2(STFT) (6)

L(ϕ, θ, STFT,MFCC) = L(ϕ, θ) + L(STFT) + L(MFCC)
(7)

L(ϕ, θ, SC2,MAG2) = L(ϕ, θ) + L2(SC) + L2(MAG) (8)

Here, x and x̂ are the clean and estimated speech signals,
respectively, N denotes the number of time frames in the speech
segments and M denotes the number of STFT losses with dif-
ferent STFT resolutions i.e. multiple FFT points as in [7].

As shown in Figure 1, the diffusion process exhibits a high
variance toward T , containing richer information. To capture
these variations more effectively, we conducted an additional
experiment in which an exponential transformation was applied
to uniformly distributed samples of τ . This modification was
performed without any addition of regularizer. As the state tran-
sitions from 0 to T , the diffusion variance increases, while the
posterior mean decays exponentially. This nonuniform sam-
pling, with a higher density near T , accelerates convergence
while maintaining comparable performance, as highlighted in
Table 1.

In StoRM [13] training, the sample diffusion time is uni-
formly selected as:

τ ∼ U(0, T ]=⇒L(ϕ, θ) (9)

To focus more samples around T, we apply the following
transformation to uniformly distributed samples:

τnu = T
(
1− e−λτ

)
=⇒L(ϕ, θ, τnon-uniform → T ) (10)

Conversely, to concentrate more samples around 0, we use
the following transformation:

τnu = Te−λτ=⇒L(ϕ, θ, τnon-uniform → 0) (11)

where λ = 5 is a hyperparameter that controls the concen-
tration of samples by increasing the exponent value, leading to
a higher density of samples near extreme points. As exponent
increases in Eq. 10, τnu increases, resulting in fewer samples
farther from T . In contrast, according to Eq. 11 as exponent
increases, τnu decreases, causing the samples to concentrate
closer to 0.

Experimental results as in Fig. 4 confirm that Eq. 10 effec-
tively supports our hypothesis that T -biased sampling captures
more information. Hence, incorporating Eq.6-11, the original
StoRM [13] training algorithm is modified as Algorithm 1.
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Table 1: Evaluation of dereverberation on the test dataset (2000) across different models, with mean (µ̄) and standard deviation (σ̄) for
each score. SGMSE+M, StoRM & our proposed variants use N = 30 steps. ’*’⇒ proposed StoRM Variant. Best results are in bold.

Methods
(StoRM variants↔ loss function)

Evaluation Metrics
PESQ CSIG CBAK COVL STOI Epochs

Reverb (unprocessed) 1.6136± 0.0568 2.9701± 0.3439 1.7380± 0.0973 2.2665± 0.1811 0.6631± 0.0092 –

L(ϕ, θ)→ baseline 3.1601± 0.1152 4.4790± 0.6475 3.1569± 0.0553 3.8363± 0.4774 0.9378± 0.0010 504

L(ϕ, θ, STFT)* 3.1783± 0.1147 4.4795± 0.6494 3.1602± 0.0580 3.8366± 0.4783 0.9385± 0.0009 424

L(ϕ,θ,SC2,MAG2)* 3.2020± 0.1142 4.4878± 0.6501 3.1205± 0.0512 3.8505± 0.4814 0.9393± 0.0009 479

L(ϕ,θ, τnon-uniform→T )* 3.1559± 0.1193 4.4547± 0.6475 3.1400± 0.0569 3.8121± 0.4774 0.9372± 0.0010 367

L(ϕ, θ, STFT,MFCC)* 3.1947± 0.0041 4.4798± 0.0067 3.1377± 0.0023 3.8434± 0.0044 0.9387± 0.0001 405

SGMSE+M [13] 2.6443± 0.2034 3.9873± 0.6649 2.8064± 0.2343 3.3259± 0.4715 0.8886± 0.0032 Pre-trained

NCSN++M [13] 2.4461± 0.1839 3.4881± 0.5192 2.7178± 0.0837 2.9798± 0.3815 0.9079± 0.0018 Pre-trained

CM-GAN [9] 2.0599± 0.0931 3.3712± 0.3616 1.9335± 0.0481 2.6940± 0.2266 0.8138± 0.0023 263

TF-GAN (Voice-Fixer) [10] 1.4445± 0.0052 2.9021± 0.0201 1.7657± 0.0041 2.1782± 0.0098 0.7891± 0.0002 Pre-trained

MetricGAN-U [19] 1.6329± 0.0588 3.0252± 0.3461 1.8252± 0.1073 2.3085± 0.1839 0.6618± 0.0092 250

Algorithm 1 : Modified-StoRM Training

Input: Training set of pairs (x,y)
Output: Trained parameters {ϕ, θ}

1: Uniform sample time τ ∼ U(τϵ, T ) | τϵ = 0; T = 1
2: T -biased diffusion time τnu = T (1− e−λτ ) | λ = 5.0
3: Sample noise signal z ∼ N (0, I)
4: Infer initial prediction Dθ(y)
5: Generate perturbed state xτnu ← µ(x, Dθ(y), τnu) +

σ(τnu)z
6: Estimate score sϕ(xτnu , [y, Dθ(y)], τnu)
7: Compute loss L(ϕ, θ, f(µ)) = J StoRM(ϕ, θ) + f(µ)|

τ, µ → metric; L(ϕ, θ, τnon-uniform) = J StoRM(ϕ, θ)| T -
biased diffusion time (τnu)

8: Backpropagate loss L(ϕ, θ, f(µ)) or L(ϕ, θ, τnon-uniform) to
update {ϕ, θ}

4. Experiments
4.1. Dataset

In [13], the authors used the WSJ0+Reverb dataset, which was
created by convolving WSJ0 speech data [17] with simulated
rirs using the pyroomacoustics library-based utility, as detailed
in the footnote1. For our experiments, we used LibriSpeech
dataset [18], selecting 14,000 random utterances (10,000 for
training, 2,000 for validation and 2,000 for testing). Each FLAC
file was converted to a single-channel WAV file (16 kHz, 16-bit,
linear PCM). For data generation, we used the same utility1 as in
the StoRM [13] framework to configure all parameters, includ-
ing room dimensions [5, 15] × [5, 15] × [2, 6] m, a minimum
source-to-wall distance of 1 m, anechoic targets with an ab-
sorption coefficient of 0.99, and a noise floor of 50 dB. 14,000,
rirs (T60: 0.4–2.5 s) thus generated were convolved with Lib-
rispeech clean dataset to create parallel corpora for our experi-
ment. The StoRM code, data preparation utility and pre-trained
model are downloaded from the online GitHub repository1.
4.2. Experimental details

To train the dereverberation model in a supervised manner, we
created a dataset of paired reverb and clean speech files, as de-
tailed in Subsection 4.1. We selected a batch size of 4, with each
batch comprising 2-second segments randomly sampled from

1StoRM code, data preparation utility and pre-trained model can be
accessed at: https://github.com/sp-uhh/storm.

pairs of clean and reverb speech signals. Following the method
in [13], we applied a square-root Hann window (size 510, hop
length 128) to convert each 2-second, 16 kHz speech frame into
256 frames, resulting in input tensors as [4,1,256,256].

Training used, a patience of 50 epochs, N=30 iterations for
training, evaluation, and inference, and a total diffusion time
of T=1. The baseline model was trained using a pre-trained
model1, extended to 504 epochs until the training patience. Fur-
ther, the code was modified with loss functions and state sam-
pling mechanisms as outlined in Section 3 and Algorithm 1.
StoRM variants, which incorporate non-uniform state sampling
and metric-guided learning (using STFT, MAG, MFCC & SC
losses) were trained separately, with results and detailed com-
parisons provided in Table 1.

For evaluation 2000 file pairs from test dataset were pro-
cessed using the trained model. The enhanced batch and its
corresponding clean batch from the test dataset were used to
compute performance metrics for comparison. Additionally, we
evaluated our test dataset using several pre-trained models, in-
cluding Voicefixer (TFGAN) [10], NCSN++M and SGMSE+M
[13]. We have also trained the CMGAN [9], MetricGAN-U
[19] models from SpeechBrain [20] [21] on our training dataset
and evaluated their performance on test dataset. The results
obtained were then compared with those from our modified
StoRM models, as shown in Table 1. The performance of ASR
on the dereverbed dataset, evaluated using the large Wav2Vec
[22] model, showed the Word Error Rate (WER) & Character
Error Rate (CER) comparable to the baseline as in Table 2. We
also assessed the degradation introduced by StoRM variants by
processing 2000 clean test files, the results are shown in Table
3. Code & inference data is available online. 2

4.3. Evaluation metrics

To evaluate dereverberation performance, we employed several
objective metrics [23] on dereverb test data. Speech quality
was assessed using the Perceptual Evaluation of Speech Qual-
ity (PESQ) [24] in wide band mode, Short-Time Objective In-
telligibility (STOI) [25], signal distortion (CSIG) [23], back-
ground noise (CBAK) [26] and overall quality (COVL) [27]
scores. PESQ function used in our experiment is a Python pack-
age that wraps the ITU-T P.862 standard. These metrics offer a
comprehensive evaluation of the dereverberation performance.

2https://github.com/cmsiisc/StoRM-variants
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To evaluate accelerated convergence, we measured the number
of epochs required for each variant of metric-guided StoRM to
reach its saturation point at the patience limit during training. To
evaluate perceptual and automatic recognition distortion intro-
duced by the variants of StoRM, PESQ, WER & CER metrics
are used. The results are shown in Table 3.

4.4. Results

Figure 3. illustrates that incorporating metric based regulariz-
ers into the loss function, as described in Section 3, accelerates
convergence by requiring upto 19.6% fewer epochs and slightly
improves dereverberation compared to the baseline, as shown
in Table 1. As outlined in subsection 3, Figure 4 demonstrates
that concentrating samples around T, instead of 0, captures more
variability, resulting in a 27.2% faster convergence compared
to the baseline, while maintaining comparable performance, as
shown in Table 1. Conversely, sampling near 0 leads to dimin-
ished performance, as illustrated in Figure 4.
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Figure 3: PESQ vs epoch plot during validation, showing
faster convergence (upto 19.6%) and improved performance of
Metric-guided StoRM as in Section 3. w.r.t the baseline.
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Figure 4: PESQ vs. epoch plot showing that sampling more
towards T (Eq. 10) outperforms uniform sampling (baseline)
within 367th epoch (27.2% faster). Conversely, sampling to-
wards 0 (Eq. 11) results in degraded performance.

The CMGAN [9] and MetricGAN-U [19] models were
trained on our dataset, whereas for SGMSE+M [13],

NCSN++M [13] and Voicefixer [10] we used pre-trained mod-
els. StoRM and its variants outperform competing models (Ta-
ble 1), with mean (µ̄) and standard deviation (σ̄) of scores from
2000 test pairs, demonstrating superior performance in handling
long-tail reverberation (T60: 0.4–2.4 s). Tables 1 and 2 jointly
show that all StoRM variants achieve faster convergence with
nearly similar or improved perceptual and ASR performance.
Paired t-tests showed statistically significant gains in each mea-
sured metric (p < 0.05). Table 3 further confirms that process-
ing clean speech with regularizer based StoRM variants does
not alter PESQ, WER or CER values, highlighting their opti-
mal quality-aware enhancement, whereas the baseline StoRM
reduces PESQ of clean speech from 4.5 to 4.24. Notably, a
PESQ value greater than 4.5 is due to floating-point precision,
reflecting near-perfect input pair matching as shown in Table 3.

Table 2: ASR [22] CER & WER on 2000-dereverb test dataset
remain nearly unchanged with StoRM variants vs. baseline*,
ensuring optimal performance. Reverb data processing meth-
ods↔ respective loss functions (StoRM variants).

Processing methods CER(%) WER(%)
Clean (unprocessed) 0.69 2.81
Reverb (unprocessed) 11.97 26.01
L(ϕ, θ)→ baseline* 1.74 5.6
L(ϕ, θ, STFT) 1.77 5.83
L(ϕ, θ,MFCC) 1.77 5.73
L(ϕ, θ, STFT,MFCC) 1.72 5.51
L(ϕ,θ,SC2,MAG2) 1.70 5.11
L(ϕ, θ, τnon-uniform → T ) 1.72 5.51

Table 3: StoRM variants yield near-identity transformation
while processing 2000-clean test dataset vs. baseline*, where
PESQ drops (4.5→ 4.24), ensuring their optimal performance.
PESQ > 4.5 stems from floating-point precision, indicating
near-identical input pairs. Processing methods↔ loss func.

Processing methods PESQ CER(%) WER(%)
Clean (unprocessed) 4.5 0.69 2.81
L(ϕ, θ)→ baseline* 4.24 ± 0.020 0.70 2.85
L(ϕ, θ, τnon-uniform → T ) 4.24 ± 0.018 0.71 2.83
L(ϕ, θ, STFT) 4.51 ± 0.004 0.69 2.77
L(ϕ, θ,MFCC) 4.52 ± 0.003 0.70 2.79
L(ϕ, θ, STFT,MFCC) 4.53 ± 0.002 0.69 2.76
L(ϕ, θ, SC2,MAG2) 4.53 ± 0.002 0.69 2.78

5. Conclusion
In this work, we integrated metric based regularizers into
the StoRM architecture, leading to significant improvement in
training convergence as in Figure. 3 and slight improvements in
dereverberation as in Table 1. Additionally, T -biased sampling
shows even faster convergence with nearly similar performance,
whereas 0-biased sampling degrades performance, as in Fig-
ure 4 and Table 1. We also investigated the optimality of percep-
tual and recognition performance of metric-guided StoRM com-
pared to the baseline. Metric guidance ensured quality-aware
dereverberation, with the trained model acting as nearly iden-
tity transformation for clean speech w.r.t baseline where PESQ
drops (4.5→ 4.24) as evident from Tables 2 & 3 jointly.
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sational ai with speechbrain 1.0,” J. Mach. Learn. Res., vol. 25,
no. 1, Jan. 2024.

[22] S. Schneider, A. Baevski, R. Collobert, and M. Auli, “wav2vec:
Unsupervised pre-training for speech recognition,” arXiv preprint
arXiv:1904.05862, 2019.

[23] T. R. Letowski and A. A. Scharine, “Correlational analysis of
speech intelligibility tests and metrics for speech transmission,”
2017. [Online]. Available: http://rgdoi.net/10.13140/RG.2.2.
26581.93921

[24] A. W. Rix, J. G. Beerends, M. P. Hollier, and A. P. Hekstra,
“Perceptual evaluation of speech quality (pesq)-a new method for
speech quality assessment of telephone networks and codecs,” in
International Conference on Acoustics, Speech, and Signal Pro-
cessing (ICASSP). Proceedings (Cat. No. 01CH37221, vol. 2.
IEEE, 2001, pp. 749–752.

[25] C. H. Taal, R. C. Hendriks, R. Heusdens, and J. Jensen, “A short-
time objective intelligibility measure for time-frequency weighted
noisy speech,” in International Conference on Acoustics, Speech
and Signal Processing (ICASSP). IEEE, 2010, pp. 4214–4217.

[26] Y. Hu and P. C. Loizou, “Evaluation of objective quality measures
for speech enhancement,” IEEE Transactions on Audio, Speech,
and Language Processing, vol. 16, no. 1, pp. 229–238, 2007.

[27] ——, “Evaluation of objective measures for speech enhance-
ment,” in Interspeech, 2006.

3817


