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Abstract

Generative models have shown remarkable performance in
speech enhancement (SE), achieving superior perceptual
quality over traditional discriminative approaches. However,
existing generative SE approaches often overlook the risk of
hallucination under severe noise, leading to incorrect spo-
ken content or inconsistent speaker characteristics, which
we term linguistic and acoustic hallucinations, respectively.
We argue that linguistic hallucination stems from models’
failure to constrain valid phonological structures and it is a
more fundamental challenge. While language models (LMs)
are well-suited for capturing the underlying speech structure
through modeling the distribution of discrete tokens, existing
approaches are limited in learning from noise-corrupted rep-
resentations, which can lead to contaminated priors and hal-
lucinations. To overcome these limitations, we propose the
Phonologically Anchored Speech Enhancer (PASE), a gen-
erative SE framework that leverages the robust phonological
prior embedded in the pre-trained WavLM model to mitigate
hallucinations. First, we adapt WavLM into a denoising ex-
pert via representation distillation to clean its final-layer fea-
tures. Guided by the model’s intrinsic phonological prior, this
process enables robust denoising while minimizing linguistic
hallucinations. To further reduce acoustic hallucinations, we
train the vocoder with a dual-stream representation: the high-
level phonetic representation provides clean linguistic con-
tent, while a low-level acoustic representation retains speaker
identity and prosody. Experimental results demonstrate that
PASE not only surpasses state-of-the-art discriminative mod-
els in perceptual quality, but also significantly outperforms
prior generative models with substantially lower linguistic
and acoustic hallucinations.

Code — https://github.com/cisco-open/pase
Demo — https://xiaobin-rong.github.io/pase demo/
Extended version — https://arxiv.org/pdf/2511.13300

1 Introduction
Speech enhancement (SE) aims to recover clean speech from
noisy mixtures, improving both quality and intelligibility.
Deep learning-based SE methods can be broadly catego-
rized into discriminative and generative approaches. While
the former is effective at noise reduction, it often struggles

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

to preserve speech naturalness under challenging conditions
(Wang et al. 2025). To overcome this, generative models
have recently emerged as a compelling alternative, demon-
strating strong capabilities in synthesizing speech with supe-
rior perceptual quality (Lu et al. 2022). These models learn
the distribution of clean speech using techniques such as
generative adversarial networks (GANs) (Sun et al. 2025),
diffusion models (Lu et al. 2022; Lemercier et al. 2023), flow
matching (Wang et al. 2025), and language models (LMs)
(Wang et al. 2024; Yang et al. 2024).

Despite their strengths, however, generative models are
prone to hallucinations, which could result in inconsisten-
cies in linguistic content or speaker characteristic between
the enhanced and original noisy speech (Saijo et al. 2025).
This problem was initially overlooked as it cannot be ef-
fectively detected by commonly used non-intrusive quality
metrics (Pirklbauer et al. 2023a), such as DNSMOS (Reddy,
Gopal, and Cutler 2021, 2022) and UTMOS (Saeki et al.
2022).

While recent studies (Wang et al. 2025; Yang et al. 2024;
Kang et al. 2025) have started to incorporate hallucination-
sensitive metrics such as word error rate (WER) and speaker
similarity (SpkSim), these evaluations are mostly conducted
under high signal-to-noise ratio (SNR) conditions, where
models tend to perform reliably. However, hallucinations
become much more severe in low-SNR conditions, poten-
tially compromising the system’s practicality. For instance,
GenSE (Yao et al. 2025) achieves strong performance on
high-SNR test sets; however, it still reports a WER as high
as 28.4% on a more challenging test set, indicating substan-
tial room for improvement in mitigating hallucinations un-
der adverse conditions.

In this paper, we aim to mitigate hallucinations in genera-
tive speech enhancement. We begin by categorizing halluci-
nations into two disentangled aspects: linguistic and acous-
tic, based on whether the distortion affects speech content or
speaker characteristics. We argue that acoustic hallucination,
which arises from the loss of fine-grained details, can be al-
leviated by supplying acoustic cues. In contrast, linguistic
hallucination, stemming from models’ failure to constrain
valid phonological structures, is the more fundamental chal-
lenge. While existing LM-based approaches are well-suited
to capturing speech structure through token-based language
modeling, we contend that they are fundamentally limited
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in two ways: (1) they learn phonological priors from noise-
corrupted input representations, which risks leading to unre-
liable or contaminated knowledge; and (2) their reliance on a
limited number of discrete tokens inherently discards essen-
tial acoustic information such as pitch and timbre, making
them ill-equipped to handle acoustic hallucinations.

To overcome these limitations, we propose the
Phonologically Anchored Speech Enhancer (PASE), a
novel generative framework that circumvents the pitfalls
of LM-based approaches. First, instead of learning a
phonological prior from corrupted inputs, PASE directly
leverages the robust, pre-existing prior embedded in the
self-supervised model WavLM (Chen et al. 2022). Second,
PASE operates entirely in the continuous representation
space, avoiding the information loss from discretization that
contributes to acoustic hallucinations. Specifically, we first
adapt WavLM into a denoising expert via representation
distillation. This process is guided by WavLM’s intrinsic
phonological prior, enabling effective denoising while being
robust to linguistic hallucinations. Subsequently, a vocoder
is trained to reconstruct the waveform with a dual-stream
representation. Following established layer-wise analyses
of WavLM (Pasad, Shi, and Livescu 2023), we use pho-
netic representations from the final transformer layer to
ensure linguistic integrity, while conditioning on acoustic
representations from the first layer to preserve speaker
characteristics. Our contributions are three-fold:

• A New Conceptualization for Hallucination Analysis:
We are, to the best of our knowledge, the first in speech
enhancement to formally categorize hallucinations into
linguistic and acoustic types and trace them to their dis-
tinct root causes, offering a new lens for analyzing the
fundamental flaws of existing generative SE paradigms.

• A Novel Prior-Leveraging Paradigm: We propose
PASE, a framework that marks a paradigm shift from
learning potentially flawed knowledge to directly lever-
aging robust and pre-existing phonological prior, thereby
effectively alleviating linguistic hallucinations, while a
dual-stream, acoustic-conditioned design simultaneously
mitigates acoustic hallucinations.

• State-of-the-Art Performance: PASE establishes new
state-of-the-art (SOTA) results through extensive exper-
iments, significantly outperforming existing generative
and discriminative models in reducing both linguistic and
acoustic hallucinations, while delivering superior percep-
tual quality with lower computational complexity.

2 Related Works
2.1 Knowledge Priors in Self-Supervised Speech

Models
Self-supervised speech models (S3Ms) learn powerful rep-
resentations from large-scale unlabeled data by employing
self-supervised learning (SSL) objectives, such as masked
prediction (Hsu et al. 2021; Chen et al. 2022) and auto-
regressive prediction (Chung et al. 2019). These pre-training
paradigms force the model to capture the underlying struc-
ture of speech, resulting in a hierarchy of representations

where different layers encode distinct aspects of informa-
tion (Pasad, Chou, and Livescu 2021). A consistent finding
is an acoustic-to-linguistic progression: lower layers cap-
ture fine-grained acoustic details and speaker characteristics,
while higher layers encode more abstract linguistic proper-
ties ostensibly related to phonetics, syntax, and even seman-
tics (Dan Wells and Hao Tang and Korin Richmond 2022;
Martin et al. 2023; Shen et al. 2023; Ashihara et al. 2023).

However, the true nature of this high-level “linguistic”
knowledge requires careful scrutiny. A key consideration
is that S3Ms are trained exclusively on raw audio signals,
without access to text or explicit semantic labels. This foun-
dational premise is strongly supported by experimental evi-
dence from a recent study (Choi et al. 2024), which demon-
strates that S3M representations are substantially more sen-
sitive to phonetic similarities than to semantic ones. This ob-
servation reinforces our central thesis: the model’s advanced
capabilities do not stem from a true comprehension of ab-
stract grammar or concepts, but instead emerge from learn-
ing statistical co-occurrence patterns of speech from vast
data. In effect, S3Ms approximate language understanding
by constructing pseudo-linguistic properties in representa-
tions learned from phonetic patterns.

Based on this perspective, we refer to the model’s intrinsic
capability to understand and model speech as the phonolog-
ical prior—a form of knowledge fundamentally based on
phonetic patterns. This prior spans both local phonotactic
constraints and broader statistical regularities across longer
contexts that approximate lexical and syntactic structures.
To be precise, in our framework, the phonological prior
is the knowledge encoded within the model’s pre-trained
weights, while the pseudo-linguistic properties are the mani-
fest attributes of the high-level phonetic representations pro-
duced by this prior.

2.2 Self-Supervised Speech Models for Speech
Enhancement

The advent of S3Ms has catalyzed the evolution of speech
enhancement towards generative paradigms capable of de-
livering superior perceptual quality. Within this landscape,
two major approaches have emerged, differing fundamen-
tally in how they handle S3M representations.

The first paradigm, which we term continuous representa-
tion mapping (CRM), operates directly in the continuous do-
main. It typically employs a vocoder to reconstruct enhanced
waveforms from either raw noisy representations (Irvin et al.
2023) or their denoised counterparts produced by a mapping
network (Sun et al. 2025). However, we posit that CRM ap-
proaches treat these representations as mere sequences of
feature vectors, overlooking the contextual structure that un-
derpins their pseudo-linguistic properties. While these ap-
proaches outperform traditional spectrogram-based methods
(Huang et al. 2022), their gains likely stem from the inherent
strengths of high-level representations rather than effective
modeling of their internal structure.

The second paradigm, termed discrete language model-
ing (DLM), discretizes S3M representations into token se-
quences and then attempts to explicitly learn a phonolog-
ical prior by modeling token distributions autoregressively
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Figure 1: (a) Overall architecture of the proposed PASE framework. (b) Diagram of denoising representation distillation.

(Yang et al. 2024; Yao et al. 2025). While correctly iden-
tifying the importance of context, we argue that this ap-
proach risks prior contamination: by learning from cor-
rupted representations, the model is prone to generating lin-
guistically inconsistent outputs. Some DLM variants, such
as SELM (Wang et al. 2024) and LLaSE-G1 (Kang et al.
2025), adopt a parallel prediction paradigm, framing denois-
ing as a masked prediction task in order to encourage the
model to capture contextual dependencies when inferring
the “masked” (i.e., noisy) tokens. However, we contend this
analogy is flawed. Unlike a true hard mask that completely
obscures information, noise acts more like a soft mask that
merely distorts it. This crucial distinction often allows the
model to reconstruct the output from local cues alone, by-
passing the need to leverage the very contextual knowledge.
The above limitations in current approaches leave the core
challenge of leveraging S3M’s long-range contextual knowl-
edge for robust denoising.

3 Methods
3.1 Framework Overview
In this section, we introduce PASE, a generative SE frame-
work designed to deliver high perceptual quality while ef-
fectively mitigating hallucinations. As depicted in Fig. 1 (a),
the PASE framework consists of two key components:
(1) Denoising WavLM (DeWavLM), created by fine-tuning
WavLM through a denoising representation distillation
(DRD) strategy, adapting it into a denoising expert that pro-
duces enhanced representations given noisy inputs; (2) A
vocoder, which reconstructs the enhanced waveform from
DeWavLM’s dual-stream representations.

This dual-stream design is motivated by the limitations
of existing layer-selection strategies for SE. Weighted sum
across all layers often overemphasizes the first layer (Irvin
et al. 2023), limiting access to high-level phonetic informa-
tion. Alternatively, empirically selecting a single intermedi-
ate layer (e.g., the 6th) (Yao et al. 2025; Kang et al. 2025),
which mixes acoustic and phonetic cues, yielded suboptimal
performance in our preliminary experiments, likely due to
insufficient separation of the two types of information.

In contrast, PASE adopts a principled approach. Draw-
ing from established layer-wise analyses (Pasad, Shi, and
Livescu 2023), we select two specialized representations

from the DeWavLM module: (1) Phonetic representation:
The output of the final transformer layer, which is rich in
abstract, context-dependent phonetic content. (2) Acoustic
representation: The output of the first transformer layer,
which retains the fine-grained acoustic details crucial for
preserving speaker identity and prosody.

3.2 Denoising Representation Distillation
The DRD strategy, as illustrated in Fig. 1 (b), is a feature-
level knowledge distillation scheme. We instantiate two
copies of the WavLM model: a frozen teacher and a train-
able student, both initialized from the pre-trained weights to
inherit the phonological prior. The student model is trained
to map a noisy input waveform to a clean representation by
minimizing the mean-squared error (MSE) loss against the
target representation. This target is generated by the teacher
model from the corresponding clean waveform. A compre-
hensive ablation study (see Appendix A.1) reveals that us-
ing the final layer outputs from both the student and teacher
models yields the best performance. Accordingly, all subse-
quent experiments adopt this configuration.

A crucial concern during DRD is the risk of catastrophic
forgetting, where the new denoising objective may overwrite
the model’s original phonological prior. To mitigate this,
we explore a joint objective combining the distillation loss
with the original masked prediction loss (Chen et al. 2022),
weighted equally. Surprisingly, our further ablation studies
reveal that the simpler distillation objective is not only ade-
quate but also yields superior performance.

3.3 Acoustic-Conditioned Reconstruction
While DRD excels at producing linguistically accurate rep-
resentations, these high-level features often lack the fine-
grained acoustic details necessary for speaker-consistent and
high-fidelity waveform synthesis. To bridge this gap, we em-
ploy a dual-stream conditioning mechanism to guide a neu-
ral vocoder, ensuring the synthesized speech is both intelli-
gible and faithful to the original speaker’s characteristics.

Specifically, we adopt a simple yet effective addition strat-
egy: the acoustic representation is first passed through a
linear projection layer to align its feature space with that
of the phonetic representation, after which they are aggre-
gated via element-wise summation. While more complex fu-
sion strategies like concatenation, cross-attention, and FiLM
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(Perez et al. 2018) can be utilized, our further ablation stud-
ies confirm that simple addition is sufficient.

For the vocoder backbone, we adopt Vocos (Siuzdak
2023), a cutting-edge neural vocoder offering a strong trade-
off between synthesis quality and efficiency. We use the im-
proved variant proposed in WavTokenizer (Ji et al. 2024),
which integrates an attention module to enhance contex-
tual modeling. To improve perceptual quality, we employ
adversarial training using both the multi-period discrimina-
tor (MPD) (Kong, Kim, and Bae 2020) and the multi-band
multi-scale STFT discriminator (MBMSD) (Kumar et al.
2023), with their adversarial losses equally weighted. Fol-
lowing Gesper (Chen et al. 2023), our training objective
combines reconstruction, adversarial, and feature-matching
losses with weights of 15, 2, and 1, respectively.

4 Experiments
4.1 Experimental Setup
Datasets We construct our training dataset using the large-
scale corpora provided by the Interspeech 2025 URGENT
Challenge (URGENT2) (Saijo et al. 2025). Clean speech is
drawn from multiple sources, including the LibriVox subset
of the DNS5 Challenge (Dubey et al. 2024), LibriTTS (Zen
et al. 2019), VCTK (Veaux, Yamagishi, and King 2013),
and Common Voice 19.0 (Ardila et al. 2020), totaling ap-
proximately 2,000 hours. Noise data comes from DNS5,
WHAM! (Wichern et al. 2019), FSD50K (Fonseca et al.
2021), and FMA (Defferrard et al. 2016). Room impulse re-
sponses (RIRs) are taken from openSLR26 and openSLR28
(Ko et al. 2017). Training mixtures are generated on the fly.
For each example, the clean utterance is convolved with a
randomly selected RIR with 50% probability, then mixed
with a randomly chosen noise clip at an SNR uniformly sam-
pled between -5 and 15 dB. The training target is obtained
by retaining the first 50 ms of reflections.

We construct a test set with transcripts by leveraging
speech and metadata from the test-clean split of the Lib-
riTTS corpus, enabling WER evaluation. The noise data is
sourced from the validation portion of the URGENT2 cor-
pus to prevent any leakage into the training set. In total,
1,000 test samples are generated using the same procedure
as in training. For ablation studies on phonetic represen-
tation quality, we use the dev-clean split of LibriSpeech
(Panayotov et al. 2015), which provides aligned phonetic
transcripts. To facilitate more comprehensive comparisons,
we also include the public DNS1 test set (Reddy et al. 2020),
which includes two subsets: with-reverb and without-reverb,
depending on whether the clean speech contains reverbera-
tion. All audio samples are resampled to 16 kHz.

Baselines We compare our PASE model with SOTA SE
models, including the discriminative model TF-GridNet
(Wang et al. 2023), the diffusion-based model StoRM
(Lemercier et al. 2023), the flow-matching model FlowSE
(Wang et al. 2025), the LM-based model LLaSE-G1 (Kang
et al. 2025), and the commercial model Adobe Enhance
Speech V2 (AES-V2). TF-GridNet is trained from scratch
using the official implementation, while all other models are

evaluated using their publicly released checkpoints. Further
details of the baseline systems are provided in Appendix B.

Evaluation Metrics We adopt multiple evaluation metrics
from the URGENT2 Challenge to comprehensively assess
the performance of our proposed PASE model and the base-
line systems. The metrics can be categorized as follows:
(1) Non-intrusive speech enhancement metrics: DNS-
MOS (Reddy, Gopal, and Cutler 2022) and UTMOS (Saeki
et al. 2022); (2) Downstream-task-independent metrics:
Levenshtein phoneme similarity (LPS) (Pirklbauer et al.
2023b) and SpeechBERTScore (SBS) (Saeki et al. 2024);
(3) Downstream-task-dependent metrics: speaker similar-
ity (SpkSim) evaluated using RawNet3 (weon Jung et al.
2022), and word error rate (WER) computed with OWSM
v3.1 (Peng et al. 2024). Notably, the third category is partic-
ularly effective at capturing speech hallucinations, offering
insights into the preservation of speaker characteristics and
linguistic content. For all metrics except WER, higher val-
ues indicate better performance.

Implementation Details
• DeWavLM Configurations: The DeWavLM module is

initialized from the official WavLM-Large checkpoint.
During DRD, the entire model is fine-tuned. When incor-
porating the masked prediction loss, we generate pseudo
labels by clustering the 9th transformer layer output of
the released 2nd-iteration HuBERT-Base model.

• Vocoder Configurations: The Vocos backbone com-
prises a linear layer projecting inputs into a 768-
dimensional hidden space, followed by an attention mod-
ule and 12 ConvNeXt blocks (Liu et al. 2022), each with
a shared intermediate dimension of 2304. The iSTFT
uses an FFT size of 1280 and a hop size of 320.

• Training Details: The DeWavLM model is trained for
100k steps with a batch size of 4 and a learning rate of
1e-4, while the vocoder is trained for 200k steps with
a batch size of 12 and a learning rate of 2e-4. During
vocoder training, DeWavLM is kept frozen. All models
are optimized using AdamW with a linear warm-up over
the first 10% of steps, followed by cosine decay. During
training, all utterances are cropped to 4 seconds. All ex-
periments are conducted on 4 NVIDIA RTX 4090 GPUs.

4.2 Ablation Study
To validate the effectiveness of our key design choices, we
first conduct a series of ablation studies on the simulated
LibriTTS test set. For brevity, we report only DNSMOS
(OVRL), UTMOS, SpkSim, and WER here. Comprehensive
evaluation results across all metrics for the ablation studies
are presented in Appendix A.

On the Distillation Objective We investigate the impact
of the objective function of DRD: (1) KD, which uses only
the MSE loss; (2) SSL, which uses only the masked predic-
tion loss; (3) SSL+KD, a joint objective that combines both
losses. We assess them on two aspects: prior preservation
and denoising performance. For the former, we evaluate the
model’s behavior on clean speech using three key metrics:

32829



DRD Objective PNMI ↑ RFS ↑ MRS ↑
w/o DRD 0.69 1.00 0.68

SSL 0.68 0.71 0.68
KD 0.69 0.98 0.76

SSL+KD 0.70 0.93 0.77

Table 1: Evaluation of phonological prior preservation. “w/o
DRD” denotes the baseline without fine-tuning. PNMI is
calculated on LibriSpeech dev-clean, while RFS and MRS
are measured on clean speech from our LibriTTS test set.

DRD Objective DNSMOS ↑ UTMOS ↑ SpkSim ↑ WER (%) ↓
Noisy 1.33 1.44 0.77 14.35
Clean 3.02 3.26 1.00 2.60

w/o DRD 1.55 1.39 0.46 32.33

SSL 2.64 1.96 0.39 15.38
KD 3.26 3.42 0.57 7.62

SSL+KD 3.07 2.95 0.52 8.78

Table 2: Evaluation of denoising performance. “w/o DRD”
denotes the baseline without fine-tuning.

‘

• Phone-Normalized Mutual Information (PNMI):
Measures the mutual information between predicted
phone units and reference phone labels, normalized by
phone label entropy, as introduced in HuBERT. A higher
PNMI indicates better phonetic discriminability.

• Representation Fidelity Score (RFS): Cosine similarity
between the model’s output and the teacher’s output on
clean speech. A higher RFS indicates better preservation
of desired feature properties after fine-tuning.

• Masked Reconstruction Score (MRS): Cosine similar-
ity between the model’s output on masked input and
clean input, calculated over the masked regions. A higher
MRS reflects a stronger ability to infer missing con-
tent based on the surrounding context, which is acquired
through the masked prediction training objective.

Specifically, PNMI is computed using 500 k-means clus-
ters, while MRS is calculated by applying mask embeddings
to the intermediate CNN outputs at predefined masking in-
dices. For denoising performance, the enhanced representa-
tions produced by the fine-tuned DeWavLM are fed to a pre-
trained vocoder to synthesize the final waveform, on which
we then compute objective enhancement metrics.

The results of our prior preservation analysis, as presented
in Table 1, demonstrate that all fine-tuning objectives retain
PNMI scores comparable to the original model (w/o DRD),
indicating that phonetic discriminability is well preserved.
However, applying only the SSL loss causes a notable drop
in RFS, indicating a representation shift: the learned features
deviate from the original manifold toward a new, incompat-
ible one. While this shifted manifold retains core phonetic
properties (as evidenced by the stable PNMI), we argue it
offers no discernible advantage and risks overfitting to the
limited fine-tuning data, discarding the robustness gained

DeWavLM DNSMOS ↑ UTMOS ↑ SpkSim ↑ WER (%) ↓
Base 3.32 3.67 0.50 15.49

Base+ 3.30 3.55 0.49 13.34
Large 3.26 3.42 0.57 7.62

Base-FS 3.33 3.58 0.44 36.16
Large-FS 3.24 3.20 0.41 38.62

Table 3: Evaluations of denoising performance for different
DeWavLM variants.

from large-scale pretraining. Adding the KD loss (SSL+KD)
effectively mitigates this shift. Acting as a regularizer, it
draws the representations back toward the original mani-
fold, restoring RFS to 0.93. Notably, MRS also improves,
suggesting that the KD objective reinforces contextual in-
ference. We hypothesize that DRD functions as a form of
prior refinement: by providing phonologically grounded su-
pervision, it enables the model to further hone its contex-
tual reasoning by generalizing to speech in adverse acoustic
conditions. Interestingly, the best performance is achieved
by the KD-only objective, which delivers a near-perfect
RFS of 0.98 and a strong MRS of 0.76. This suggests that
teacher guidance alone provides strong regularization, ef-
fectively preventing both knowledge degradation and catas-
trophic forgetting, while avoiding SSL’s drawbacks.

The denoising performance results in Table 2 align with
our previous findings. While the SSL objective can partially
reduce noise, the representation shift leads to incompatibil-
ity with the pre-trained vocoder, yielding only modest im-
provements. The suboptimal performance of the joint objec-
tive further supports this concern. In contrast, the KD objec-
tive achieves a substantial improvement in denoising perfor-
mance, highlighting its superiority and effectiveness.

On the Origins of the Phonological Prior In this section,
we first establish the critical role of the phonological prior.
We then design a series of experiments to explore a central
question: what gives rise to this prior? Since the pre-training
process involves two key components: large-scale data ex-
posure and a masked prediction objective, we structure our
investigation around these two factors.

The Necessity of a Pre-Existing Prior: We compare two
DRD configurations for the Large-sized model: one initial-
ized from the pre-trained WavLM (Large in Table 3) and the
other from scratch (Large-FS), both fine-tuned with KD loss.
As shown, the randomly initialized model fails to achieve
comparable denoising performance, especially in terms of
WER (38.62% vs. 7.62%). This substantial gap highlights
that the knowledge inherited from pre-training is the most
critical factor for mitigating linguistic hallucinations.

The Role of Data Scale: We now investigate the role of
data scale in shaping the phonological prior. A common as-
sumption is that the prior derives primarily from exposure
to large-scale data. However, as shown in Table 3, the Base
model—initialized from a checkpoint pre-trained on a rel-
atively modest 960-hour dataset—significantly outperforms
its randomly initialized counterpart (Base-FS), achieving a
WER of 15.49% vs. 36.16%. This suggests that an effective
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DeWavLM RFS ↑ MRS ↑
Base 0.93 0.55
Large 0.96 0.76

Base-FS 0.84 0.32
Large-FS 0.71 0.23

Table 4: Evaluation of phonological prior richness for differ-
ent DeWavLM variants.

phonological prior can be established even with limited data,
indicating that data scale is not the fundamental source of
the prior. Furthermore, increasing the pre-training data from
960 hours to 94,000 hours (Base+) yields no notable im-
provement. This suggests that for a Base-sized architecture,
simply scaling up data does not proportionally strengthen
the prior. In contrast, increasing model capacity (Large, pre-
trained on the same 94k-hour dataset) leads to significant
gains, highlighting that the full benefit of large-scale data
requires sufficient model capacity.

In summary, our analysis reveals that data scale is a crit-
ical amplifier but not the foundational source of the phono-
logical prior. A strong prior can emerge from modest data,
but its full power materializes only through the synergy of
high-capacity models and massive, diverse training data.

The Foundational Role of the Masked Prediction Objec-
tive: The evidence so far points towards the pre-training ob-
jective—masked prediction—as the potential foundational
source. We again take advantage of the RFS and MRS met-
rics to reveal the crucial relationship between masked pre-
diction and prior strength. As shown in Table 4, the ran-
domly initialized models (Base-FS and Large-FS) exhibit
relatively high RFS, indicating the distillation successfully
teaches them to mimic the teacher’s representation prop-
erties. However, this mimicry is superficial: these models
show extremely low MRS, demonstrating a failure to acquire
the ability to perform contextual inference.

In contrast, both pre-trained models (Base and Large)
achieve significantly higher RFS and MRS, validating their
superior ability to recover masked information beyond sim-
ply mapping representation properties. Notably, the RFS and
MRS gaps between the pre-trained and randomly initial-
ized versions are much greater for the Large-sized model.
This suggests its embedded pseudo-linguistic properties and
phonological prior are more complex and thus harder to
learn from scratch through simple distillation.

Finally, we observe a strong correlation between a
model’s WER in the denoising task (Table 3) and its MRS
in this probing task. This relationship, along with the above
cues, suggests that the phonological prior is fundamentally
sourced from the contextual modeling ability instilled by the
masked prediction objective. Such knowledge cannot be ac-
quired through mere feature-level mimicry and represents
the indispensable foundation for robust speech restoration.

On the Acoustic-Conditioned Schemes In this section,
we validate our dual-stream design by analyzing different
acoustic conditioning schemes. As shown in Table 5, con-
ditioning on acoustic representation causes a moderate drop

Method DNSMOS ↑ UTMOS ↑ SpkSim ↑ WER (%) ↓
w/o condition 3.26 3.42 0.57 7.62

Add 3.11 3.09 0.80 7.50
Cat 3.12 3.09 0.80 7.49
CA 3.13 3.08 0.79 7.78

FiLM 3.10 3.06 0.80 7.58

Table 5: Evaluation of denoising performance for different
acoustic-conditioned schemes.

in UTMOS (from 3.42 to 3.09) due to residual noise in the
shallow-layer features, but significantly boosts SpkSim from
0.57 to 0.80. This confirms that injecting low-level acoustic
cues is crucial for suppressing acoustic hallucinations.

Interestingly, the fusion scheme—from simple addition
(Add) and concatenation (Cat) to complex cross-attention
(CA) or FiLM—has little impact on performance. We at-
tribute this to two factors: (1) the phonetic and acoustic rep-
resentations are largely orthogonal (see Appendix C), mak-
ing addition efficient with minimal information loss; and (2)
the vocoder has sufficient capacity to implicitly model the
interaction between these disentangled features. Given its
strong performance and simplicity, we adopt addition as the
default fusion strategy in PASE.

4.3 Comparison with Baselines
Results on the LibriTTS Test Set We compare PASE
against various SOTA baselines, with results on our simu-
lated test set summarized in Table 6. The key findings are
as follows: (1) The discriminative TF-GridNet achieves a
low WER of 9.93% and a high SpkSim of 0.80, confirm-
ing that discriminative models are less prone to hallucina-
tions. However, this comes at the cost of perceptual qual-
ity, as evidenced by its significantly lower UTMOS score
of 2.62. (2) The LM-based LLaSE-G1 suffers from severe
hallucinations, with a markedly high WER of 36.58% and a
poor SpkSim of 0.42, supporting our hypothesis that mod-
eling speech structure from corrupted inputs risks hallucina-
tions. (3) Other generative models, including the diffusion-
based StoRM and the flow-matching-based FlowSE, exhibit
similar hallucination problems despite their significantly
higher computational complexity. (4) The commercial AES-
V2 delivers the best perceptual quality, with the highest UT-
MOS of 4.09. However, this comes at the expense of con-
tent integrity, evidenced by a high WER of 21.32%, high-
lighting the challenge of achieving both perceptual quality
and linguistic accuracy. (5) In contrast, our proposed PASE
demonstrates well-balanced performance across all aspects.
It maintains high perceptual quality while achieving the low-
est WER and the highest SpkSim, LPS, and SBS scores, val-
idating its strong fidelity across acoustic, phonetic, and se-
mantic dimensions—all with the lowest computational cost
among the compared methods.

Results on the DNS1 Test set For a more comprehen-
sive evaluation, we assess performance on the DNS1 test
set, with results shown in Table 7. Since DNS1 lacks tran-
scripts, we analyze linguistic integrity using SBS and LPS
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Model Params (M) MACs (G/s) DNSMOS UTMOS ↑ SBS ↑ LPS ↑ SpkSim ↑ WER (%) ↓
OVRL ↑ SIG ↑ BAK ↑

Noisy - - 1.33 1.72 1.36 1.44 0.62 0.63 0.77 14.35
Clean - - 3.02 3.42 3.76 3.26 1.00 1.00 1.00 2.60

TF-GridNet 2.77 49.63 3.04 3.34 3.96 2.62 0.85 0.90 0.80 9.93
StoRM 55.12 317.76 × 30 3.07 3.38 3.96 2.55 0.68 0.65 0.63 45.94
FlowSE 350.63 36.79 × 32 2.38 2.91 3.22 1.74 0.71 0.70 0.57 30.13

LLaSE-G1 1895.63 63.90 3.16 3.51 3.88 3.17 0.74 0.71 0.42 36.58
AES-V2 - - 3.35 3.56 4.17 4.09 0.79 0.85 0.60 21.32

PASE (ours) 382.14 21.42 3.12 3.48 3.88 3.09 0.90 0.93 0.80 7.49

Table 6: Comparison results on the simulated LibriTTS test set.

Model
Without Reverb With Reverb

DNSMOS UTMOS SBS LPS SpkSim DNSMOS UTMOS SBS LPS SpkSim
OVRL SIG BAK OVRL SIG BAK

Noisy 2.48 3.39 2.62 2.36 0.80 0.90 0.94 1.39 1.76 1.50 1.30 0.78 0.66 0.88
Clean 3.28 3.56 4.04 4.14 1.00 1.00 1.00 1.86 2.33 2.26 1.38 1.00 1.00 1.00

TF-GridNet 3.35 3.58 4.17 3.86 0.92 0.97 0.94 2.63 3.04 3.66 1.41 0.81 0.84 0.84
StoRM 3.31 3.58 4.08 3.73 0.89 0.95 0.93 2.63 3.03 3.82 1.48 0.47 0.27 0.32
FlowSE 3.27 3.52 4.10 3.09 0.85 0.91 0.82 2.25 2.81 3.06 1.36 0.82 0.73 0.72

LLaSE-G1 3.42 3.67 4.14 3.84 0.84 0.90 0.77 3.35 3.60 4.10 2.90 0.69 0.67 0.51
AES-V2 3.42 3.61 4.20 4.08 0.88 0.94 0.75 3.40 3.59 4.20 3.71 0.70 0.79 0.67

PASE (ours) 3.39 3.63 4.15 3.95 0.93 0.97 0.94 2.75 3.22 3.61 1.61 0.82 0.85 0.82

Table 7: Comparison results on the DNS1 test set.

metrics. On the without-reverb subset, performance trends
largely align with the previous findings, with PASE ranking
first or second across nearly all metrics. However, the gap
between PASE and TF-GridNet narrows, likely due to the
higher SNR in DNS1, where speech is largely intelligible
and the benefit of a generative prior is less pronounced. In
contrast, our simulated test set includes extremely low-SNR
cases, where a phonological prior is crucial for recovering
missing content and avoiding hallucinations.

The with-reverb subset presents a more challenging sce-
nario and reveals some distinctions. Models such as LLaSE-
G1 and AES-V2 achieve significantly higher scores on per-
ceptual quality metrics. However, this comes at the cost of
pronounced degradation in speaker fidelity (SpkSim) and
linguistic integrity (LPS and SBS). These results suggest
that their approaches produce perceptually “clean” yet struc-
turally distorted speech, leading to severe hallucinations.
In contrast, PASE excels consistently in linguistic integrity,
achieving the highest LPS (0.85) and SBS (0.82), while
maintaining a strong SpkSim (0.82). Regarding the rela-
tively low UTMOS score, we attribute this to two main
factors: (1) a potential mismatch in reverberation intensity
between the training data and the DNS1 test set, and (2)
a potential bias of UTMOS towards “dry” speech, as evi-
denced by the substantial score drop from clean speech in
the without-reverb to the with-reverb subset. Notably, TF-
GridNet also receives a relatively low UTMOS score. Con-
sidering its well-established dereverberation capability, the

comparable UTMOS of PASE should not be interpreted as
an inability to handle reverberation effectively. Representa-
tive audio examples covering both test sets and highlighting
differences in perceptual quality, speaker fidelity, and lin-
guistic integrity are included in Appendix D.

5 Conclusion
In this work, we propose PASE, a novel framework for
low-hallucination generative speech enhancement. We be-
gin by categorizing hallucinations into linguistic and acous-
tic types, and introduce corresponding targeted strategies. To
mitigate linguistic hallucination, PASE leverages the strong
phonological prior encoded in a pre-trained WavLM via de-
noising representation distillation, which anchors the en-
hancement process to the original content and preserves lin-
guistic integrity even under severe noise and reverberation.
To combat acoustic hallucination, a dual-stream design con-
ditions reconstruction on both phonetic content and acous-
tic cues, enabling high-quality synthesis while retaining
speaker characteristics. This dual-pronged approach makes
PASE a more reliable and faithful solution for real-world
speech enhancement, bridging the gap between perceptual
quality and content accuracy.
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