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Abstract
Sentence stress is crucial for conveying speaker intent and
meaning. Yet recent alignment-free stress detection mod-
els struggle to capture fine-grained prosody due to domi-
nant semantic representations. In this work, we introduce
ProWhistress, an enhanced dual-stream transcription architec-
ture that integrates explicit acoustic modeling to effectively pre-
serve fine-grained acoustic details and significantly improve
stress detection robustness. To mitigate the scarcity of Man-
darin sentence stress data, we introduce a customized data
generation pipeline specifically tailored for Mandarin, yielding
the 12-hour synthetic SinoStress-Syn and the 3-hour human-
recorded SinoStress-Real benchmark. Evaluations across five
English and Mandarin datasets show that ProWhistress signifi-
cantly surpasses competitive baselines, demonstrating superior
accuracy and impressive zero-shot generalization on real-world
speech. Code page: https://github.com/Guhujian/
ProWhistress.git.
Index Terms: Sentence stress detection, automatic speech
recognition, computational paralinguistics, Mandarin sentence
stress dataset

1. Introduction
Sentence stress plays a central role in spoken communication
by signaling information focus and speaker intent [1]. Linguis-
tic theories describe stress both as a rule-governed phonolog-
ical pattern [2] and as a discourse-level mechanism reflecting
communicative intention [3]. Cross-linguistic studies show that
stress is primarily realized through variations in pitch and du-
ration [4, 5]. In Mandarin Chinese, stress interacts with lexical
tones but is similarly expressed through pitch range expansion
and syllable lengthening [6]. Furthermore, its distribution is in-
tricately linked to syntactic structure and information focus [7],
a complexity recently highlighted in Mandarin prosody bench-
marks [8]. These findings suggest that despite language-specific
prosodic constraints, the underlying cross-lingual acoustic reg-
ularities provide a strong foundation for computational model-
ing.

Accurate stress detection benefits downstream applications
such as rich transcription in automatic speech recognition
(ASR), automated prosodic feedback in computer-assisted lan-
guage learning (CALL) [9, 10, 11], and expressive speech syn-
thesis in text-to-speech (TTS) [12, 13, 14]. Driven by the de-
mands of these applications, early computational stress detec-
tion approaches relied on handcrafted acoustic features, includ-
ing pitch, duration, and intensity [4, 15, 16], as well as contour
and wavelet-based representations [17, 18]. These features were
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typically embedded in multi-stage pipelines requiring forced
alignment and external ASR systems [19, 20], which suffer
from error propagation and lack end-to-end optimization [21].

To bypass the dependency on forced alignment, alterna-
tive approaches predict prosodic prominence directly from text.
While models like BERT capture useful syntactic cues [22, 23],
they inherently struggle with complex phenomena such as con-
trastive focus [24]. To address this, recent methods like Pro-
Mode [25] and SupraDoRAL [26] explicitly condition on both
acoustic and textual inputs. This underscores that textual repre-
sentations alone are insufficient, reinforcing the need for multi-
modal prosodic modeling.

Recent work has therefore shifted toward end-to-end ASR-
aided frameworks leveraging self-supervised speech represen-
tations. Whistress [27], built upon Whisper [28], introduces
an alignment-free architecture for joint transcription and token-
level stress prediction. However, it remains constrained by a
semantic–prosodic trade-off, where deeper layers favor seman-
tic abstraction while attenuating fine-grained acoustic cues [29].
This limitation motivates explicit prosodic modeling within
self-supervised speech backbones.
Our contributions are summarized as follows:
• We propose ProWhistress, a dual-stream transcription archi-

tecture that integrates explicit acoustic modeling with im-
plicit semantic representations, effectively addressing the
semantic–prosodic trade-off in ASR-based sentence stress
detection.

• We construct two novel datasets, SinoStress-Syn and
SinoStress-Real, filling the data gap for Mandarin sentence
stress, and develop a synthetic data generation pipeline
guided by a hierarchical annotation protocol tailored for
Mandarin.

• Experimental results demonstrate that ProWhistress achieves
leading performance across English and Mandarin bench-
marks, validating its multilingual applicability and robust-
ness to complex tonal prosody.

2. Mandarin Corpus Construction
The proposed corpora consist of a synthetic training set,
SinoStress-Syn, and a human-recorded benchmark, SinoStress-
Real. Motivated by the synthetic process of TinyStress-
15k [27], SinoStress-Syn is also generated with four key steps:
(i) transcription selection, (ii) stress annotation, (iii) speech syn-
thesis, (iv) quality control.

Transcription Selection. To obtain coherent and di-
verse everyday language, we utilize the large-scale Mandarin
AISHELL-3 corpus [30]. Sentences of 10-20 characters are se-
lected as samples. To improve semantic coherence, we restore
missing punctuation using the DeepSeek-v3 model.
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Stress Annotation. For SinoStress-Syn, we adopt a hier-
archical annotation strategy. First, at the sentence level, the
primary stress words are identified by instructing DeepSeek-
v3 Model to provide 2 or 3 options that reflect the semantic
focus of each utterance. Second, at the lexical level, character-
level annotation is determined using prosodic rules derived from
phonetic studies [6]. Specifically, for modifier-head or verb-
complement structures, stress is assigned to the first syllable
(left-headed rule), while for general noun phrases and rhythmic
units, prominence is assigned to the final syllable (right-headed
rule).

Speech Synthesis. Same to [27], speech is synthesized us-
ing the Google Text-to-Speech (TTS) API by a randomly cho-
sen voice from a pool of 4 possible voices (2 females and 2
males). For the prosodic features adjustment, stress-related pa-
rameters are sampled from Gaussian distributions: pitch ele-
vation from N (1.5, 0.3) semitones, volume amplification from
N (3, 0.5) dB (clipped to [1.5, 5] dB), and speaking rate from
N (55, 3)% of the original speed (clipped to [50, 70]%).

Quality Control. To ensure speech-label alignment, we
apply Whisper-based filtering, discarding synthesized samples
where the transcribed core Chinese character count (excluding
punctuation) mismatches the ground truth.

Finally, SinoStress-Syn contains 14,315 samples, totaling
approximately 12 hours, and serves as the primary training re-
source for Mandarin sentence stress detection in this work.

For SinoStress-Real, we recruit 7 graduates (2 females and
5 males) to record texts derived from the AISHELL-3 corpus.
The recordings are guided by a character-level acting protocol
strictly consistent with our hierarchical annotations. The re-
sulting dataset contains 2,614 samples, totaling approximately
3 hours.

3. Method
To effectively address the semantic-prosodic trade-off in
alignment-free stress detection, this section presents the tech-
nical framework of ProWhistress.

3.1. Architecture of ProWhistress

As shown in Figure 1, ProWhistress adopts a dual-stream tran-
scription architecture that augments the Whisper backbone with
explicit acoustic modeling. It integrates a Whisper implicit
stream and a dedicated Acoustic Encoder via a Stress Detection
Head with gated residual fusion.
Whisper Backbone (Implicit Stream). Following
Whistress [27], we adopt the pre-trained Whisper model
as a frozen backbone. It generates transcriptions while
providing semantic and prosodic representations for stress
modeling.
Acoustic Encoder (Explicit Stream). To model fine-grained
prosody, we introduce a trainable Acoustic Encoder that distills
acoustic representations from intermediate layers of the frozen
Whisper backbone encoder. The module consists of stacked
Transformer encoder layers that capture contextual prosodic
patterns independent of the decoding process.

Stress Detection Head. The detection head is responsible for
integrating the implicit semantic representations with the ex-
plicit acoustic features. This dual-stream fusion is executed
through four core components:

• Additional Decoder Block (Implicit Alignment): Follow-
ing Whistress, an additional decoder block aligns the fi-
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Figure 1: Architecture of ProWhistress.

nal Whisper decoder states with encoder outputs via cross-
attention.

• Bottleneck Cross-Attention (Explicit Injection): Explicit
acoustic features are injected into the linguistic stream via
bottleneck cross-attention. Prior to alignment, input features
are projected into a low-dimensional latent space (dctx =
256), encouraging discriminative interaction while reducing
computational cost. The fused representations are then pro-
jected back to the original feature dimension.

• Gated Residual Fusion: Let Himp denote the aligned
implicit features from the Additional Decoder Block and
Hexp the aligned explicit features from the Bottleneck Cross-
Attention. The fused representation is computed as

Hfused = Himp+σ(Wg[Himp;Hexp]+bg)⊙Hexp, (1)

where σ denotes the sigmoid function, ⊙ represents element-
wise multiplication, and Wg , bg are learnable parameters.
The gate modulates the contribution of the explicit stream be-
fore residual addition. The bias bg is initialized to a negative
value to stabilize early training.

• FCNN Classifier: The final prediction is produced by a two-
layer Fully Connected Neural Network (FCNN) binary clas-
sifier. It takes the fused representations Hfused as input and
outputs a stress label for each token.

3.2. Training and Inference

Training. We follow the training protocol of Whistress [27].
Length filtering is applied to ensure transcription–label consis-
tency, excluding punctuation from length statistics. We opti-
mize the model using weighted cross-entropy loss to address
class imbalance.
Inference. ProWhistress retains the alignment-free property
of the baseline. Given raw Mel-spectrograms, the Whisper
backbone generates transcriptions autoregressively while the
detection head predicts token-level stress probabilities syn-
chronously.

4. Experimental Setup
In this section, we detail the datasets, implementation specifics,
and evaluation metrics employed to assess the performance of
our proposed model.



4.1. Datasets

TinyStress-15k. A large-scale synthetic dataset for English
sentence stress detection, introduced in Whistress [27]. It con-
tains 16,000 speech samples (15,000 for training and 1,000 for
testing), with a total duration of approximately 15 hours. In
this work, TinyStress-15k serves as the primary benchmark for
English experiments.

Expresso. An expressive speech corpus featuring approxi-
mately 47 hours of recordings from four speakers (two female,
two male) [31], encompassing 7 read speech styles and 25 con-
versational styles. To ensure a fair comparison with Whistress,
we strictly adhere to their filtering strategy: we select sam-
ples solely from speakers ex01 and ex02, retaining only those
marked with emphasis labels for the test set.

EmphAssess. A synthetically generated dataset where each
sentence contains at least one stressed word, accompanied by
detailed annotations of transcriptions and stress indices [14]. It
comprises 3,652 speech samples derived from 913 unique tran-
scripts. Each transcript is rendered using four distinct voices,
with varying stress placements across the voices. These four
voices correspond directly to the Expresso speakers, namely
ex01, ex02, ex03, and ex04.

SinoStress-Syn & SinoStress-Real. As detailed in Section 2,
SinoStress-Syn is partitioned into 12,883 training and 1,432
testing samples. For the human-recorded SinoStress-Real
benchmark, speech samples from two specific speakers (ex01
and ex02) are strictly reserved for evaluation to ensure speaker
independence.

4.2. Baselines

To evaluate the performance of ProWhistress, we compare our
results against competitive baselines reported in the Whistress
study [27] and other relevant benchmarks.
• Acoustic-feature-based Baselines: Following [27], we in-

clude Bidirectional LSTM (BLSTM) models evaluated under
two conditions: ideal conditions using ground-truth times-
tamps, denoted as Baseline (+GT alignment), and pipeline
settings using timestamps predicted by MFA [32], denoted as
Baseline (+MFA). These serve as a reference for traditional
pipeline approaches.

• EmphaClass: A robust prosodic prominence detection
model based on pre-trained XLS-R (wav2vec 2.0) [14]. We
cite its reported performance on the Expresso and EmphAs-
sess datasets as the primary benchmark for expressive speech
tasks.

• Whistress: Serving as the leading alignment-free baseline
and the direct predecessor of our work, we compare against
the original Whistress architecture configured with the 9th
layer of the Whisper decoder, as recommended in [27]. This
direct comparison allows us to isolate and demonstrate the
efficacy of our proposed explicit prosodic stream.

4.3. Implementation Details

We instantiate the Whisper backbone with whisper-small
for Mandarin and whisper-small.en for English.1 The
Additional Decoder Block utilizes the 12th layer of the Whis-
per encoder and the 9th layer of the Whisper decoder as in-
puts. Meanwhile, our 3-layer Acoustic Encoder extracts from

1Both are official pre-trained checkpoints introduced in [28].

Table 1: Word-level sentence stress detection results on English
benchmarks compared to baselines.

Evaluated Dataset Model Prec Rec F1

TS-15K

BLSTM (+GT alignment) 0.862 0.853 0.858
BLSTM (+MFA) 0.776 0.859 0.815
Whistress 0.912 0.906 0.909
ProWhistress 0.953±0.014 0.966±0.011 0.959±0.007

Expresso

EmphaClass 0.569 0.769 0.654
BLSTM (+MFA) [0-shot] 0.404 0.599 0.482
Whistress [0-shot] 0.573 0.863 0.689
ProWhistress [0-shot] 0.737±0.034 0.924±0.012 0.820±0.018

EmphAssess

EmphaClass 0.938 0.94 0.938
Whistress 0.945 0.942 0.943
ProWhistress 0.978±0.010 0.984±0.009 0.981±0.002

BLSTM (+MFA) [0-shot] 0.566 0.609 0.587
Whistress [0-shot] 0.672 0.98 0.797
ProWhistress [0-shot] 0.758±0.033 0.974±0.009 0.852±0.018

Note: “[0-shot]” denotes zero-shot evaluation (trained on TinyStress-15k); un-
marked models are supervised on the target dataset.

the 9th layer of the Whisper encoder. Additionally, the bias of
the gating network is initialized to -3.0 to implement the cold-
start strategy. Models are trained using AdamW with positive
loss weight wpos = 2.33 for 2 epochs on large-scale synthetic
datasets, extended to 4 epochs on the smaller real datasets to en-
sure convergence. Metrics are averaged over five random seeds
(42–46) on a single RTX 3090 GPU.

5. Results
5.1. Main Results on English Benchmarks

Table 1 reports word-level stress detection results on English
benchmarks.

Supervised Performance. Under in-domain supervised
training, ProWhistress achieves the best performance on
TinyStress-15k and EmphAssess, consistently outperforming
Whistress and BLSTM-based baselines. EmphaClass, which
leverages a closed-source dataset closely matching the Expresso
distribution, serves as a strong in-domain reference. These re-
sults confirm the effectiveness of explicit acoustic modeling
when training and testing distributions are aligned.

Zero-shot Generalization. In the zero-shot setting (trained
on TinyStress-15k), ProWhistress demonstrates strong gener-
alization to both Expresso and EmphAssess. On Expresso, it
substantially surpasses Whistress despite domain shift. Consis-
tent with [27], we do not report supervised results on Expresso,
as surpassing zero-shot performance would require significantly
more diverse annotated human-recorded speech, which is cur-
rently unavailable.

5.2. Cross-lingual Generalization on Mandarin Bench-
marks

Table 2 reports the results on Mandarin benchmarks.
Supervised Performance. Under supervised training,

ProWhistress consistently surpasses Whistress and BLSTM
(+MFA) in overall F1 across both datasets. While BLSTM
(+MFA) achieves a slightly higher precision (0.839) on
SinoStress-Real, its noticeably lower recall suggests it strug-
gles to capture the more subtle and diverse prosodic variations
present in real-world speech. Conversely, ProWhistress main-
tains a superior precision-recall balance, yielding a robust F1
(0.870) and proving the efficacy of our explicit acoustic model-
ing for Mandarin.

Zero-shot Generalization. In the zero-shot setting,
ProWhistress surpasses all baselines on SinoStress-Real by a
large margin. Crucially, while BLSTM (+MFA) degrades sig-
nificantly when transferring to real data (F1: 0.835 → 0.762),



Table 2: char-level stress detection results on Mandarin bench-
marks.

Evaluated Dataset Model Prec Rec F1

SinoStress-Syn
BLSTM (+MFA) 0.875±0.008 0.830±0.008 0.852±0.004
Whistress 0.771±0.044 0.826±0.028 0.797±0.033
ProWhistress 0.950±0.009 0.965±0.009 0.958±0.009

SinoStress-Real

BLSTM (+MFA) 0.839±0.015 0.830±0.022 0.835±0.016
Whistress 0.734±0.034 0.767±0.046 0.749±0.027
ProWhistress 0.821±0.030 0.926±0.031 0.870±0.014

BLSTM (+MFA) [0-shot] 0.749±0.032 0.776±0.021 0.762±0.022
Whistress [0-shot] 0.749±0.022 0.806±0.040 0.775±0.016
ProWhistress [0-shot] 0.832±0.019 0.912±0.033 0.869±0.015

Note: “[0-shot]” rows denote zero-shot evaluation on real data (trained on syn-
thetic SinoStress-Syn); other rows are supervised on the target dataset.

ProWhistress maintains near-identical supervised and zero-shot
performance (0.870 vs. 0.869). This contrast proves our ar-
chitecture learns domain-invariant prosodic representations, en-
suring robust Sim-to-Real generalization without overfitting to
synthetic acoustics.

5.3. Ablation Studies

To validate the contribution of each component and verify
our design choices, we conducted ablation studies on the
TinyStress-15k test set. The results are summarized in Table 3.

Table 3: Ablation studies on the TinyStress-15k test set.

Configuration Prec Rec F1

Panel A: Contribution of Streams
Implicit Stream Only (Whistress-Enc12) 0.928±0.008 0.938±0.004 0.933±0.004
Explicit Stream Only (AcousticEncoder) 0.878±0.022 0.900±0.011 0.889±0.015
ProWhistress (Dual Stream) 0.953±0.014 0.966±0.011 0.959±0.007

Panel B: Input Layer for Acoustic Encoder
Layer 3 0.932±0.032 0.949±0.015 0.940±0.022
Layer 6 0.941±0.018 0.951±0.029 0.946±0.023
Layer 9 (Default) 0.953±0.014 0.966±0.011 0.959±0.007
Layer 12 0.927±0.027 0.925±0.024 0.926±0.023

Panel C: Fusion Mechanism
Standard Cross-Attention 0.946±0.020 0.954±0.019 0.950±0.018
Bottleneck Cross-Attention (Ours) 0.953±0.014 0.966±0.011 0.959±0.007

Dual-Stream Architecture (Panel A). We start by analyzing
the impact of layer selection in the implicit stream. Using Whis-
per Encoder Layer 12 (paired with Decoder Layer 9) yields
a stronger baseline (F1=0.933) than the original configuration
(Encoder and Decoder both at Layer 9). This suggests that
Layer 12’s superior semantic alignment compensates for its
acoustic loss. While the “Explicit Stream Only” model achieves
0.889, ProWhistress combines both to reach peak performance
(0.959). This confirms that the streams are complementary: the
implicit stream provides robust alignment anchors, while the
explicit stream supplements missing fine-grained prosody.
Acoustic Source Selection (Panel B). Having established the
dual-stream framework, we identify the optimal explicit source.
Performance peaks at Encoder Layer 9, whereas using Layer
12 drops accuracy (0.959 → 0.926). This verifies the semantic-
prosodic trade-off : Layer 12 lacks the acoustic fidelity required
for explicit features, necessitating intermediate layers.
Bottleneck Fusion (Panel C). With the stream components
optimized, we finally evaluate how to best integrate them.
Replacing our Bottleneck Cross-Attention with standard full-
dimension attention degrades performance (0.959 → 0.950).
This indicates that the bottleneck design functions as an infor-
mation filter, effectively distilling salient stress cues while dis-
carding irrelevant noise from the explicit stream.

5.4. Visualization Analysis of the Gating Mechanism

To intuitively understand how ProWhistress integrates explicit
acoustic cues, we visualized the activation values of the gat-

ing mechanism (σ(·)). As shown in Figure 2, we observe a
remarkably consistent Low-Amplitude Inverse Correlation Pat-
tern across both English and Mandarin real-world datasets.
Specifically, the gate activation consistently operates in a low-
value regime (≈ 0.04), yet exhibits distinct local minima at
ground-truth stress positions.
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Figure 2: Visualization of gate activation (σ) on real-world
datasets. Blue line: gate activation value; Red regions: ground-
truth stress.

This behavior suggests that ProWhistress treats the explicit
acoustic stream as a subtle residual correction rather than a
dominant signal. Since the frozen Whisper backbone (Layer
12) already provides strong semantic representations, the model
does not need to inject explicit features with high magnitude.
Instead, it uses small, precise modulations—suppressing injec-
tion at semantic peaks (stress) and enhancing it slightly in the
background—to refine the decision boundary. The consistency
of this “subtle correction” strategy across languages validates
that our explicit modeling approach is both parameter-efficient
and robust.

6. Conclusion
In this work, we presented ProWhistress, integrating a dual-
stream architecture into Whisper via explicit acoustic modeling.
This design significantly boosts stress detection performance
over baselines while preserving ASR capabilities. To support
Mandarin, we introduced SinoStress-Syn and SinoStress-Real,
mitigating resource scarcity with a comprehensive benchmark
using a linguistically grounded hierarchical protocol. Experi-
ments confirm strong in-domain performance and robust zero-
shot generalization to challenging real-world acoustic scenar-
ios.

Beyond empirical gains, our findings underscore the ne-
cessity of explicit prosodic modeling to resolve the seman-
tic–prosodic trade-off. Recovering fine-grained acoustic cues
proves essential for capturing the interplay between linguis-
tic content and paralinguistic expression, enabling the system
to transcend mere transcription to decode communicative in-
tent and enhance interaction-aware understanding. Future work
will extend this framework to automated CALL feedback and
expressive TTS, advancing prosody-aware speech modeling
across diverse languages and paving the way for more natural,
intent-sensitive human-computer interaction.
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