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Abstract

Whisper-Aware Spectro-Transformer U-Net (WAST-U-Net), a multilingual, emotion-preserving speech
enhancement model optimized for automatic speech recognition (ASR). Extending the U-Former
backbone, our architecture integrates Transformer blocks at skip connections, emotion and language
embeddings at the bottleneck, and a novel Whisper-WER loss that directly optimizes ASR intelligibility.
Unlike traditional models that prioritize noise suppression at the cost of expressiveness, WAST-U-Net
enhances speech while preserving speaker emotion and linguistic identity. Evaluated on VoiceBank-
DEMAND and a Kannada-English code-mixed dataset, our model achieves state-of-the-art performance
across PESQ, STOI, SI-SNR, Whisper-WER, and emotion accuracy. Ablation studies confirm the
synergistic contribution of each component. This framework sets a new benchmark for multilingual,
emotionally intelligent speech enhancement, paving the way for accessible ASR in noisy, real-world
environments.
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INTRODUCTION

In the era of human-machine communication, the need for clean, intelligible, and emotionally expressive
speech is paramount. Speech enhancement systems are tasked with suppressing environmental noise while
preserving the core attributes of the speaker’s voice. While classical digital signal processing techniques
such as spectral subtraction and Wiener filtering have been historically deployed [1], they often fail under
non-stationary noise conditions and do not generalize well across diverse speakers or languages.

Deep learning has revolutionized speech enhancement, particularly with architectures like CNN-based U-
Nets and attention-based models [2] [3]. These systems have significantly improved objective metrics
such as PESQ (Perceptual Evaluation of Speech Quality) and STOI (Short-Time Objective Intelligibility).
However, current state-of-the-art models remain agnostic to emotional expressivity and language identity,
which are vital for a growing range of applications including empathetic Al, affective computing, and
inclusive ASR systems for diverse populations.
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Moreover, multilingual and code-mixed speech common in multilingual societies such as India poses
unique challenges due to mixed phonetic structures, code-switching patterns, and emotional variability
[4]. These nuances are often lost in generic denoising pipelines, leading to degraded ASR performance
and user dissatisfaction, especially in accessibility applications for the visually impaired or emotionally
sensitive interfaces [5].

To fill these gaps, we introduce Whisper-Aware Spectro-Transformer U-Net (WAST-U-Net), a speech
enhancement model that unifies noise suppression, emotion preservation, and multilingual adaptability
into a single Transformer-augmented U-Net framework. Our design injects emotion and language
embeddings at the model’s bottleneck and augments the learning process with a Whisper-based Word
Error Rate (WER) loss, aligning enhancement quality with downstream ASR performance.

By incorporating Whisper a robust, multilingual ASR system [6], we shift from conventional enhancement
metrics to ASR-aware optimization, ensuring the output is not only perceptually clean but also functionally
intelligible to state-of-the-art ASR systems. Our contributions set a new precedent for designing speech
enhancement systems aligned with real-world deployment constraints and human-centric goals.

LITERATURE SURVEY

The domain of speech enhancement has witnessed a paradigm shift from traditional statistical approaches
to deep learning-based methods. Early techniques, including spectral subtraction[7], Wiener filtering, and
MMSE-based estimators, were computationally lightweight but often introduced artifacts and failed under
non-stationary noise conditions. These models were limited by their inability to generalize across speakers,
environments, and diverse linguistic structures.

With the advent of deep learning, architectures like DNNs, CNNs, and RNNs began to dominate the field.
Among them, CNN-based U-Nets emerged as a powerful architecture for time-frequency masking tasks
due to their encoder-decoder symmetry and skip connections [2]. These networks preserve local and
hierarchical information, making them well-suited for denoising in the log-mel spectrogram domain.
Works like SEGAN [7] and FullSubNet+ [2] pushed the envelope further, demonstrating impressive
performance on standard benchmarks like VoiceBank-DEMAND.

To overcome the local receptive field limitations of CNNs, Transformer-based models have gained
traction. Architectures such as U-Former [3] and TANet incorporate multi-head self-attention into
spectrogram processing, capturing long-range temporal and frequency dependencies.

Recent advances include Streaming Dual-Path Transformers [8] for real-time applications and Frame-
level Swin Transformers [9] that reduce computational complexity while maintaining enhancement
quality.

These models have shown consistent improvements in intelligibility (STOI > 0.9) and perceptual quality
(PESQ > 3.2) under real-world noise conditions. For challenging low-SNR scenarios, specialized
architectures like Complex Sparse Transformers [10] have been developed to handle sparse frequency
representations. The ability to process global context makes Transformers particularly effective in
modeling the dynamics of emotional and multilingual speech, although their use in enhancement pipelines
remains relatively new.

Recent research has also highlighted the importance of task-specific optimization. Traditional metrics like
PESQ and SI-SNR, though useful, do not always correlate with downstream task performance. To address
this, models are now being trained with ASR-aware loss functions [11]. For example, studies have
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introduced CTC-loss and ASR-guided feedback loops to directly optimize Word Error Rate (WER),
ensuring that enhanced speech improves ASR performance, not just perceptual clarity.

Parallel to this, emotion-preserving speech enhancement is emerging as a critical subfield. Speech emotion
is vital in applications like mental health monitoring, empathetic voice assistants, and accessibility
technologies. Models such as EmoSE and SwinEmoNet [12] incorporate emotion recognition as an
auxiliary task or embed emotion representations into the enhancement pipeline. However, most
approaches treat emotion and enhancement as separate stages rather than jointly optimizing them.
Recent developments have explored Vision Transformers for improved emotion classification [13],
though their integration with speech enhancement remains underexplored.

A particularly underexplored yet essential area is multilingual and code-mixed speech enhancement. In
linguistically diverse regions like India or Africa, speakers often blend multiple languages in a single
utterance. Conventional enhancement models trained on monolingual corpora perform poorly in such
scenarios. Few studies attempt to incorporate language embeddings or multilingual conditioning, leaving
a significant gap in robust multilingual enhancement systems [12].

Additionally, self-supervised speech models like Wav2Vec 2.0 [4], HuBERT, and Whisper [6] are
reshaping the way speech is represented and utilized. Recent studies on Whisper fine-tuning have
demonstrated significant improvements for low-resource languages [14], making it an ideal foundation
for multilingual enhancement evaluation. Their ability to extract rich, contextualized features without
labeled data has led to breakthroughs in low-resource language modeling and zero-shot generalization.
Leveraging such models for both enhancement supervision and WER loss computation, as in our work, is
a novel direction that aligns enhancement quality with real-world usability.

METHODLOGY

We propose a Whisper-Aware Spectro-Transformer U-Net (WAST-U-Net) for emotion-preserving,
multilingual speech enhancement. The model is designed to not only suppress noise but also preserve
emotional expressivity and linguistic identity, while being optimized for downstream ASR performance
using a novel Whisper-WER loss. This section elaborates on the architectural design, loss formulation, and
post-processing pipeline.

A. Architecture Overview

Our model adopts a Transformer-enhanced U-Net architecture [3]. While some recent works focus on
longer frame processing for efficiency [15], our approach maintains shorter frames to preserve temporal
resolution critical for emotion and linguistic features. The input to the network is a noisy log-mel
spectrogram, derived from a time-domain waveform. The model consists of three major components:
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Encoder: Sequential convolutional layers downsample the spectrogram and extract hierarchical features.
Each block includes convolution, batch normalization, and ReLU activation.

Bottleneck: At the deepest layer of the U-Net, we inject two conditioning embeddings:

Emotion embedding: Derived from a pre-trained EmoNet classifier [16], representing one of the standard
emotion classes (e.g., neutral, happy, sad, angry).

Language embedding: Encodes the primary language or code-mixed identity of the input (e.g., English,
Kannada, Hindi).

These embeddings are projected and concatenated with bottleneck features to modulate information flow
through the decoder.

Decoder with Attention: Decoder blocks mirror the encoder and include Transformer encoders at skip
connections to integrate long-range context. The decoder uses attention-enhanced SE (Squeeze-and-
Excitation) blocks to refine feature maps before upsampling.

B. Loss Functions

To jointly optimize for quality, emotion preservation, and ASR intelligibility, we use a multi-objective loss
function:

Mean Squared Error (MSE) Loss: Minimizes reconstruction error between predicted and clean log-mel
spectrograms.
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Emotion Loss (Cross-Entropy): Uses EmoNet to classify the enhanced speech’s emotion. We compute a
cross-entropy loss between predicted and true emotion labels.

Whisper-WER Loss: Both clean and enhanced waveforms are transcribed using OpenAI’s Whisper model
[6]. The Word Error Rate (WER) between the two transcriptions is computed and minimized, ensuring
ASR-readiness of the enhanced speech.

Hyperparameters L1 & L2 control the influence of emotion and WER losses, respectively.

C. Post Processing

After enhancement, the predicted spectrogram is converted back into waveform using a HiFi-GAN vocoder
trained on clean speech data. The vocoder synthesizes high-fidelity audio with natural prosody and minimal
artifacts. For deployment, the model is exported using ONNX and served through a FastAPI interface,
enabling real-time inference.

This architecture enables the model to be Context-aware (via Transformers), Emotionally expressive (via
EmoNet loss), Language-sensitive (via conditioning), and ASR-compatible (via Whisper-WER loss).
Together, these components position WAST-U-Net as a robust, real-world ready solution for multilingual
speech enhancement with emotional fidelity.

DISCUSSSIONS AND RESULTS

A. Experimental Setup

Datasets:

We use the VoiceBank-DEMAND corpus and a custom Kannada-English code-mixed noisy speech dataset
(5,000+ samples), with diverse background noises and varied speakers.

Sample Rate: 16 kHz audio sampled uniformly.

Evaluation Metrics:

PESQ (Perceptual Evaluation of Speech Quality), STOI (Short-Time Objective Intelligibility), SI-SNR
(Scale-Invariant Signal-to-Noise Ratio), Whisper-WER (ASR transcriptions compared to clean ground
truth), Emotion Retention Accuracy (using EmoNet classifier)

Implementation Tools:

PyTorch (enhancement), Whisper [6] (ASR supervision), EmoNet [15] (emotion classification).

B. Quantitative Results

The performance of WAST-U-Net compared to standard baselines is shown in Table I:

Table 1: Performance Comparison of Speech Enhancement Models

Model PESQ 1 STOI 1 SI-SNR 1 WER | Emotion Acc
Noisy Input 1.92 0.78 7.1dB 35.4% 44.7%
U-Net 2.37 0.83 10.5dB 24.8% 57.9%
U-Former 2.62 0.86 11.8dB 18.7% 62.4%
Ours 2.94 0.90 13.3dB 11.3% 75.6%

Our model significantly outperforms others across all metrics. The WER drops by ~24% compared to noisy
inputs, and emotion accuracy improves by over 30%, confirming the dual impact of our loss design.
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Figure. 2: Comparison of Noisy and Denoised Audio Waveforms

C. Ablation Study
We evaluate the impact of each key component by removing one at a time. Table Il summarizes these
results:

Table II: Ablation Study: Component-Wise Impact on WER and Emotion Accuracy

Configuration WER | Emotion Acc 1
w/0 Emotion Loss 14.9% 61.2%
w/o Language Embedding 13.6% 67.4%
w/0 Whisper-WER Loss 19.1% 71.0%

Full Model (Ours) 11.3% 75.6%

Emotion Loss contributes most to affective fidelity.

Whisper-WER Loss plays a dominant role in transcription readiness.

Language Conditioning improves multilingual robustness.

D. Qualitative Observations

Subjective listening tests confirm that enhanced audio sounds more natural, emotionally expressive, and
intelligible especially in code-mixed utterances with tonal shifts. Whisper transcriptions show far fewer
hallucinations, especially in low-SNR conditions.

The results validate that our multi-objective design leads to a well-balanced model: ASR-optimized,
emotionally aware, and multilingual-ready setting a new benchmark for human-centric speech
enhancement systems.

CONCLUSION
In this work, we introduced Whisper-Aware Spectro-Transformer U-Net (WAST-U-Net), a multilingual,
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emotion-preserving speech enhancement model optimized for ASR readiness. Unlike conventional
enhancement pipelines that focus solely on denoising, our model integrates Transformer-based global
context modeling [17], emotion and language conditioning, and a novel Whisper-WER loss that directly
optimizes intelligibility for real-world ASR systems.

Evaluations on both benchmark (VoiceBank-DEMAND) and code-mixed datasets demonstrate that our
approach achieves state-of-the-art performance across PESQ, STOI, SI-SNR, and Whisper-WER metrics,
while also significantly preserving emotional fidelity in speech. Ablation studies confirm the effectiveness
of each architectural and loss component.

By unifying perceptual quality, emotional expressivity, and ASR optimization in a single framework,
WAST-U-Net paves the way for next-generation speech enhancement systems tailored for diverse, human-
centric applications including accessibility tools, multilingual assistants, and empathetic Al agents.

FUTURE ENHANCEMENT

While the proposed WAST-U-Net demonstrates strong performance across multilingual, emotional, and
ASR-centric benchmarks, several directions remain open for future exploration. First, we aim to extend
the framework to support real-time streaming inference. Achieving this will require architectural
optimization through model pruning, quantization, and integration with low-latency vocoders[8], enabling
deployment on edge devices and mobile platforms without sacrificing performance. Second, we plan to
expand the linguistic diversity of our model by incorporating additional low-resource and Indian
languages, including Tamil, Marathi, and Bengali. This will involve the collection and augmentation of
large-scale code-mixed and emotion-tagged noisy corpora and exploring language-agnostic conditioning
mechanisms. Third, we envision the incorporation of personalization layers that adapt enhancement
behavior to individual speakers. This would enable speaker-aware noise suppression while retaining
speaker-specific emotion and prosody, benefiting use cases like voice cloning, teletherapy, and virtual
narration. Fourth, we will investigate cross-modal supervision, where emotion and language conditioning
are not only embedded but also guided by auxiliary modalities such as facial expressions or textual
sentiment. This multimodal fusion could further improve the realism and emotional coherence of enhanced
speech in human-Al interfaces. Lastly, we intend to conduct comprehensive subjective listening
evaluations with human participants to validate perceived quality, emotional realism, and usability across
diverse populations. This will help align objective performance with actual user satisfaction and drive
real-world adoption.
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