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ABSTRACT:
Despite their success in speech processing, neural networks often operate as black boxes, prompting the following

questions: What informs their decisions, and how can we interpret them? This work examines this issue in the

context of lexical stress. A dataset of English disyllabic words was automatically constructed from read and

spontaneous speech. Several convolutional neural network (CNN) architectures were trained to predict stress

position from a spectrographic representation of disyllabic words lacking minimal stress pairs (e.g., initial stress

WAllet, final stress exTEND), achieving up to 92% accuracy on held-out test data. Layerwise relevance propagation,

a technique for neural network interpretability analysis, revealed that predictions for held-out minimal pairs (PROtest
vs proTEST) were most strongly influenced by information in stressed versus unstressed syllables, particularly the

spectral properties of stressed vowels. However, the classifiers also attended to information throughout the word.

A feature-specific relevance analysis is proposed, and its results suggest that the best-performing classifier is strongly

influenced by the stressed vowel’s first and second formants, with some evidence that its pitch and third formant also

contribute. These results reveal deep learning’s ability to acquire distributed cues to stress from naturally occurring

data, extending traditional phonetic work based around highly controlled stimuli.
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I. INTRODUCTION

While deep learning-based architectures have trans-

formed many aspects of speech processing, those models

often exhibit a nontransparent prediction process, obscuring

how specific decisions are made. This work explores the

application of one technique for shedding light on such archi-

tectures through the lens of a well-studied phenomenon in

speech science and speech processing: lexical stress. Lexical

stress refers to the prominence, accentuation, or emphasis of

a particular syllable within a word. In many languages, lexi-

cal stress is crucial for communication as it can serve as the

primary basis for a contrast in meaning. For example, in

English, the words “PROtest” (noun; stress on initial syllable)
and “proTEST” (verb; stress on final) have contrasting stress

patterns but the same phonemes (with predictable changes to

the quality of the initial vowel depending on stress).

A long tradition of phonetics research has examined the

(relative) temporal, spectral, and energetic properties of

stressed and unstressed syllables [Fry (1955, 1958); for

reviews, see Cutler (2005), Gay (1978), Gordon and Roettger

(2017), and Van Heuven (2018)]. Building on this work, auto-

matic stress detection methods have used acoustic features

such as fundamental frequency, amplitude, and energy

(Tepperman and Narayanan, 2005; Lieberman, 1960).

Bayesian classifiers with multivariate Gaussian distributions

have been applied to enhance stress detection accuracy, utiliz-

ing acoustic features such as peak-to-peak amplitude, normal-

ized energy, and vowel duration (Waibel, 1986; Ying et al.,
1996). Similar to other areas of speech processing, recent work

using deep learning architectures has significantly improved

over these more traditional approaches. Convolutional neural

networks (CNNs) and multi-distribution deep neural networks

(MD-DNNs) outperformed traditional models in both English

and Arabic stress detection in second language speech (Li

et al., 2018; Shahin et al., 2016). An attention-based neural

network combined with data augmentation through a neural

network-based text-to-speech system has been introduced to

detect lexical stress errors in second-language English learners,

achieving significant improvements in precision and recalling

Korzekwa et al. (2020). Classifiers applied to self-supervised

learning representations from wav2vec 2.0 rather than tradi-

tional acoustic features also show high performance (Bentum

et al., 2024).
Although these advancements in deep learning have led

to significant improvements in speech processing, they also

introduce challenges, particularly in understanding classifier

decisions and gaining insight into how these models operate.

This issue of interpretability is crucial. Better understanding

the acoustic features that drive model predictions can helpa)Email: jkeshet@technion.ac.il
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us verify that the model will be reliable when applied to

novel data (which may have different distributions for criti-

cal features). Neural network interpretability has broadly

become an active research area, with a number of techniques

being explored across different domains. Here, we focus on

layerwise relevance propagation [LRP; Bach et al. (2015)],
a technique that was developed to provide insights into the

decision-making processes of these complex models by

understanding what specific portions of the input influence

the model’s output. We use this technique to investigate

how CNNs—which have demonstrated superior perfor-

mance in lexical stress detection—derive their predictions

from the spectral features in their input.

This paper offers several novel contributions. First, a

new speech dataset was automatically gathered without

human annotation, using a pipeline built around deep learn-

ing systems. Second, we present a state-of-the-art model for

lexical stress classification in disyllabic words and show its

ability to generalize to novel disyllabic words. Last, we

employ LRP to analyze the spectral features these classifiers

use to achieve high accuracy.

This paper is organized as follows. In Sec. II, we

describe how the dataset was generated. In Sec. III, we pre-

sent how we built the classifier and how it was trained. In

Sec. IV, we present the LRP technique, its application in our

study, and our techniques for analyzing LRP results. In

Sec. V, we empirically evaluate the classifiers. The LRP

analyses are presented in Sec. VI, and the paper concludes

with a discussion in Sec. VII.

II. DATASET CONSTRUCTION

Previous studies on lexical stress often depended on

stress labels assigned by human annotators (Tepperman and

Narayanan, 2005; Korzekwa et al., 2020; Shahin et al.,
2016) or were assigned based on the canonical stress for the

orthographic word taken from pronunciation dictionaries,

such as the CMU Pronouncing Dictionary (Li et al., 2018).
However, manual annotation is costly and can introduce

inter-annotator inconsistency, and the use of a single citation

form can yield errors for orthographically ambiguous mini-

mal pair words (e.g., protest). Prior work also failed to

explicitly document measures to prevent lexical overlap

between training and evaluation splits, leaving open the pos-

sibility that identical word types were seen during both

stages (Tepperman and Narayanan, 2005; Li et al., 2018;
Korzekwa et al., 2020; Shahin et al., 2016). Reported accu-

racy may therefore overestimate true generalization. To

avoid these concerns, we created a novel dataset, using a

fully automatic pipeline, without utilizing human annota-

tions (MLSpeech, 2025).

A. Selection of English disyllabic words

We prompted ChatGPT 4o (Hurst et al., 2024) to gener-

ate 30 pairs of English disyllabic words that form stress min-

imal pairs: pairs of words with the same spelling but

different meaning, depending on the primary stress

placement. Five of these items could not be incorporated

into other parts of our pipeline. (The part-of-speech tagger,

discussed below, failed to correctly annotate these forms.)

The remaining 25 pairs are address, conduct, content, con-
trast, convert, decrease, digest, export, extract, import,
increase, insult, object, perfect, present, progress, project,
protest, rebel, record, refuse, reject, subject, suspect, and
transfer; the initial and final syllable stress variants of these

words will be referred to as “minimal pairs.” We also asked

ChatGPT 4o to generate a larger set of 250 English disyl-

labic words that do not have stress minimal pairs (e.g., ini-

tial stress WALLet, final stress exTEND). After excluding

one error, we retained 249 words (124 initial stress, 125 final

stress). We refer to this as the set of “no minimal pair

words.”

B. Extraction of words from existing corpora

These words were then extracted from three existing

English speech corpora. The first dataset is LibriSpeech

(Panayotov et al., 2015), a widely used corpus consisting of

�1000 h of read speech derived from audiobooks. The sec-

ond dataset is The Supreme Court corpus (Spaeth et al.,
2014), which includes recordings of oral arguments made

before the United States Supreme Court. This dataset pro-

vides speech data from a highly formal and legal context,

offering variation in speaker formality and legal terminol-

ogy that can influence acoustics associated with lexical

stress. The third dataset is TED-LIUM (Hernandez et al.,
2018), derived from TED Talks. It includes over 400 h of

speech by speakers from various language backgrounds and

nationalities, discussing a wide range of topics. The diver-

sity in speaking styles and contexts in TED-LIUM further

enriches the phonetic variation in our dataset.

The processing pipeline is shown in Fig. 1. First, we

used a forced alignment algorithm to align the transcript with

the audio. Specifically we used Montreal Forced Aligner

[MFA; McAuliffe et al. (2017)] to align LibriSpeech and

Supreme Court. The MFA works at time-resolution of 10 ms

and was shown by Rousso et al. (2024) to outperform recent

end-to-end automatic speech recognition (ASR)-based align-

ers such as WhisperX (Bain et al., 2023) and MMS (Pratap

et al., 2024). For TED-LIUM, which already includes word-

level timestamps, we used the provided alignments.

Importantly, unlike MFA-aligned corpora (LibriSpeech and

Supreme Court), where word boundaries are adjacent (e.g.,

“hello 0–0.3 second,” “my 0.3–0.4”), the TED-LIUM

timestamps may be non-adjacent (e.g., “hello 0–0.3,” “my

0.35–0.4”), leaving short pauses between words.

Once the start time of each word is obtained, a 0.5-s

window is opened. This window size was chosen to ensure

that both syllables of every disyllabic word were fully

included and to maintain a uniform input length compatible

with our CNN architecture. We retained only those whose

total duration was less than 0.5 s and zero-padded them as

needed to reach exactly 0.5 s. Each minimal pair word was

further segmented into syllables using a syllabification
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algorithm (P2TK Developers, 2014). In addition, phoneme-

level timestamps derived from the forced aligner were

incorporated.

After identifying the location of target minimal pair

words within the audio, we a applied part-of-speech tagging

system [SpaCy; Annex et al. (2020)] to the entire audio in

order to determine whether each word was used as a noun or

verb. The tagging follows linguistic conventions for English

disyllabic words, where nouns typically carry primary stress

on the initial syllable, referred to as initial stress (IS), and

verbs carry primary stress on the final syllable, referred to as

final stress (FS) (Lieberman, 1960). For the no minimal pair

words, we used annotations from the CMU Pronouncing

Dictionary (Li et al., 2018), as the stress placement is unam-

biguous in this case. During this process, we observed that

certain words, specifically address, content, export, extract,
and decrease, were particularly affected by inaccuracies in

the part-of-speech tagging system. Many of these errors

involved incorrectly labeling words with initial stress

instead of final stress. To correct these inconsistencies, we

manually reviewed and relabeled all instances of these

words.

Overall, we had 7446 samples (124 types) and 3263

samples (125 types) for IS and FS, respectively, in the no

minimal pairs set and 5475 samples and 1715 samples for

the IS and FS, respectively, in the minimal pairs set, consist-

ing of a total of 25 pairs.

C. Phonetic properties of extracted samples

To provide an initial verification that our procedures

yielded sets of disyllabic words that contrasted in stress

location, two well-known correlates of lexical stress were

examined: amplitude (vowels in stressed syllables are louder

than those in unstressed syllables) and duration (vowels in

stressed syllables are longer than those in unstressed sylla-

bles) (Fry, 1955, 1958). For each sample, we calculated the

ratio of the properties of the vowels of the initial versus final

syllables. These relative measures allow us to control for

potential differences in speech rate and amplitude across

samples. Our samples reliably showed the expected differ-

ences. Samples with initial stress had high ratios of ampli-

tude [mean 0.6, standard deviation (s.d.) 0.18] and duration

(mean 0.53, s.d. 0.15), reflecting relatively loud, long vow-

els in stressed initial versus unstressed final syllables. In

contrast, samples with FS showed lower mean ratios for

amplitude (mean 0.29, s.d. 0.14) and duration (mean 0.35,

s.d. 0.12), reflecting relatively quiet, short vowels in

unstressed initial versus stressed final syllables. To confirm

that this is a reliable difference between sample types, we

used bootstrap resampling (with 1000 replicates) to estimate

the 95% confidence interval (CI) for differences in mean

ratios between initial versus final stress samples. These dif-

ferences were significant [amplitude mean difference, 0.305,

95% CI (0.302, 0.309), p < 0.0001; duration mean differ-

ence, 0.178, 95% CI (0.175, 0.18), p < 0.0001]. This pro-

vides independent confirmation that the samples in this

dataset have contrasting stress patterns.

III. LEXICAL STRESS DETECTION

A. Model architectures

In our study, we investigated different CNN architec-

tures to develop a binary classifier for identifying the IS or

FS of stress-minimal word pairs. The input to all models

consists of magnitude spectrograms obtained using the short-

time Fourier transform (STFT), following z-score normaliza-

tion (see Figs. 2 and 3 for examples). The STFT was com-

puted with a sampling rate of 16 000Hz, using a Hamming

window of size 0.02 s and a window stride of 0.01 s. We

experimented with several well-known CNN architectures.

The LeNet-5 model consists of three connected convolu-

tional layers with average pooling between the layers, fol-

lowed by two dense layers in a 2� 2 configuration (Lecun

et al., 1998). The VGG11, VGG16, and VGG19 architec-

tures consist of 8, 13, and 16 convolutional layers, respec-

tively, with maximum pooling between the layers, followed

by an additional 3 dense layers (Simonyan, 2014). Finally,

the ResNet18 model consists of 18 convolutional layers with

FIG. 1. End-to-end workflow for dataset construction, model training, and interpretability analysis. The blue-colored section illustrates the dataset creation

and training process. Audio is collected from various datasets and extracted based on word- and phoneme-level timestamps. Words are tagged for stress

using either part-of-speech tagging (minimal pairs) or dictionary entries (no minimal pair words). Once the audio is extracted, the training data (no minimal

pair words) are expanded through data augmentation techniques to make CNN-based model training more robust. The red-colored section illustrates the pro-

cesses of model interpretability and acoustic feature relevance measurement, applied to the test set of minimal pairs. Audio is converted into a spectrogram.

This is processed by the trained model; LRP methods are applied to generate heatmaps, revealing the regions of the spectrograms that contributed most to

the model’s predictions. The contribution of different (sub)syllabic regions to the LRP heatmap is quantified with the IOU metric. For the stressed vowel,

acoustic features are extracted and used to generate feature-specific heatmaps; these are compared to the full heatmap to determine which acoustic features

are most dominant in the model’s decision-making process.
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residual connections to address the vanishing gradient prob-

lem during training (He et al., 2016).

B. Data splitting

The data were partitioned so that no word type appears

in more than one split, thereby eliminating lexical overlap

between training, validation, and test sets.

The training set was constructed using 201 out of the

249 word types from the no minimal pair words. Data aug-

mentation techniques were employed to enlarge this set of

examples. For each sample, we added a low-pass-filtered

version of the sample (cutoff frequency at 3000Hz) as well

as three versions of the sample mixed with noise. A sample

of multi-talker babble from the VOiCES corpus (Richey

et al., 2018) was combined with the original sample at three

different levels [20, 10, and 3 dB signal-to-noise ratios

(SNRs)]. These augmentations aimed to simulate real-world

conditions, enhancing the robustness of our models. After

the augmentation, we had 29 830 and 13 510 samples from

the initial and final stress, respectively, corresponding to the

201 no minimal pair word types. The augmented dataset

will be referred to as the “no minimal pairs train.”

The remaining 48 no minimal pair word types were

divided into two lists of 24 words each, with one list used

for the validation (i.e., hyper-parameter tuning; “no minimal

FIG. 2. Spectrograms and corresponding attributions for the words “PREsent” and “preSENT” using the VGG16 model. Orange vertical lines represent pho-

neme boundaries, with each label centered within its phoneme segment; 1 and 0/2 denote stressed and unstressed vowels, respectively. The blue vertical line

represents the end of the initial syllable. Panel (a) shows the spectrogram of “PREsent” (IS), while panel (e) shows the spectrogram of “preSENT” (FS).

Panels (b)–(d) and (f)–(h) display attributions using various methods—LRP�;LRPa1; andLRPCMP, respectively—shown over the spectrograms. These

LRP variants effectively capture initial versus final stress contrasts, highlighting features at different scales. The LRPa1 [panel (c) vs (g)] and LRPCMP

methods [panel (d) vs (h)] show clearly different patterns depending on the location of stress. Note that the phoneme labels differ slightly across the two

rows; these reflect natural differences in pronunciation between initial and final stress members of this word pair (i.e., stress-related changes to vowel

quality).

FIG. 3. Further illustrative examples of spectrograms and corresponding attributions for the words “subject,” “address,” and “refuse” with different primary

stress location, using the VGG16 model. Vertical lines and annotation follow Fig. 2. Panels (a)–(d) show spectrograms and corresponding LRPCMP heat-

maps for the word “subject” with initial and final stress, respectively. Similarly, panels (e)–(l) display spectrograms and heatmaps of the words “address”
and “refuse,” with different stress types. Note that the examples were drawn from datasets in which word segments were zero-padded to reach the fixed

0.5-s window length, as described in Sec. II B.
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pairs validation”) and the other for the test set (“no minimal

pairs test”). The 25 minimal pairs words will be referred to

as “minimal pairs test.” Note that two test sets were used

(“no minimal pairs test” and “minimal pairs test”) as the

minimal pairs set may contain errors; stress was determined

solely by part-of-speech tagging, which may be inaccurate.

In contrast, the tagging for the no minimal pair words is

more reliable; as the word form is unambiguous, the lexi-

cally determined stress pattern can be accurately identified.

See Table I for dataset composition.

C. Training process

The models were trained using standard procedures for

CNNs. To stabilize training, we employed an Adam opti-

mizer (Kingma and Ba, 2014) with a learning rate of

5� 10�4 and batch normalization. Training was performed

for up to 50 epochs, with early stopping triggered after 15

epochs without validation improvement. All experiments

were conducted on eight Nvidia A40 graphics processing

units (GPUs) (Nvidia, Santa Clara, CA).

As the training data contain substantially more initial

than final stress examples, a potential concern is an initial

stress bias, whereby a classifier could achieve relatively

high accuracy by disproportionately predicting the majority

class, rather than relying on acoustically relevant cues to

lexical stress. Such a bias could obscure the extent to which

the model genuinely learns stress-related acoustic patterns.

To mitigate this possibility, we employed the focal loss (FL)
function of Lin et al. (2017), modifying the standard cross-

entropy loss to focus more on hard-to-classify examples and

to reduce the influence of the majority class during training.

FL introduces a modulating factor, ð1� ptÞc, to the cross-

entropy objective, reducing the relative loss contribution of

well-classified examples and amplifying that of misclassi-

fied ones. Formally, it is defined as

FLðptÞ ¼ �ð1� ptÞc log ðptÞ; (1)

where pt denotes the predicted probability for the true class

and c � 0 is the focusing parameter that controls the rate at

which easy examples are down-weighted. In our experi-

ments, we set c ¼ 2 based on validation performance, which

provided a good balance between stability and

discrimination.

IV. INTERPRETABILITYANALYSIS METHODS

A. LRP

LRP has been extensively used in computer vision to

provide insights into the contribution of individual input fea-

tures to model predictions Kohlbrenner et al. (2020).

Starting at the output, LRP attributes the classification pre-

diction to units in the preceding layer: How relevant is each
unit to the classifier producing one output versus another?

This process is then repeated, back-propagating the rele-

vance score of each unit to the classification prediction until

the input layer is reached. This technique allows us to attri-

bute relevance scores to each feature (e.g., how much does

pixel X contribute to classifying an image as dog versus

cat?).
In our study, we apply this technique to our lexical

stress classifiers, back-propagating prediction to time-

frequency bins in the input using the Captum interpretability

library (Kokhlikyan et al., 2020). This method identifies the

regions of the spectrogram that have the most significant

influence on the model’s classification of lexical stress. We

specifically examine our best-performing VGG-based classi-

fier, VGG16, and ResNet18. (For model performance com-

parisons see Sec. V and Table II.)

Denote by xl the input to the l-th layer. Denote by Wl

the weights associated with layer l. Denote by Zl is the ele-

mentwise preactivation of layer l and it is defined as

Zl
ij ¼ Wl

ij � xli. The relevance score of layer l is computed

recursively from a higher layer, lþ 1. In Kohlbrenner et al.
(2020), the relevance score LRPZ is defined as

Rl
i ¼

X
j

Zl
ij

Zl
j

Rlþ1
j ; (2)

where Zl
j ¼

P
i Z

l
ij. The LRPZ method effectively traces the

influence of each element of the input through the network,

TABLE I. Composition of the train before and after data augmentations

(w. aug.), validation, and test sets. Each set consists of disjoint word types

(no overlap across splits). The table reports the number of unique word

types and the total number of samples corresponding to initial stress (IS)

and final stress (FS) words.

Set

No. of

Word

types

IS samples

(w. aug.)

FS samples

(w. aug.)

No minimal pairs train 201 5966 (29 830) 2702 (13 510)

No minimal pairs validation 24 763 260

No minimal pairs test 24 717 301

Minimal pairs test 25 5475 1715

TABLE II. Classification accuracy for each model architecture on each

stress type and test set. (Chance-level performance is 50%.) The highest

values for each test set are highlighted in boldface.

Test set Classifier

Accuracy (%)

IS FS Overall

Minimal pair

LeNet 86.3 82.5 86

VGG11 87.2 83.5 87

VGG16 88.2 83.6 88

VGG19 88.3 82.3 88

ResNet18 87.74 84 87

No minimal pair

LeNet 91 85.6 90

VGG11 91.8 88.3 91

VGG16 92.6 90.6 92

VGG19 92.2 91.3 92

ResNet18 90.3 88.7 90
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providing insight into how these impact the model’s

predictions.

In addition to this method, we experimented with

several types of LRP to determine the most effective

method for identifying the regions of the spectrogram

that are most influential for classifying words as stressed

versus unstressed. The LRP� rule extends the basic LRP

method by addressing challenges such as division by zero

and the influence of weak or noisy preactivations. It is

defined as

Rl
i ¼

X
j

Zl
ij

Zl
j þ � signðZl

jÞ
Rlþ1
j : (3)

In this rule, a small constant � is added to the denominator

along with the sign of Zl
j . This modification prevents divi-

sion by zero and mitigates the impact of small or noisy

preactivations Zl
ij on the relevance distribution. By incorpo-

rating �, the LRP� rule enhances the stability of relevance

propagation, leading to more reliable and interpretable

results. This adjustment is particularly beneficial when deal-

ing with minimal or problematic contributions, as outlined

by Bach et al. (2015).
The LRPab rule, introduced by Bach et al. (2015), is an

extension of the basic LRP method that differentiates the

contributions of facilitatory and inhibitory activation flow. It

is defined as

Rl
i ¼

X
j

aZþ
ij

Zþ
j

þ bZ�
ij

Z�
j

 !
Rlþ1
j ; (4)

where Zþ
ij ¼ max Zl

ij; 0
n o

and Z�
ij ¼ min Zl

ij; 0
n o

. In this

rule, a and b are nonnegative parameters that weight the

relevance distribution for facilitatory and inhibitory pre-

activations, respectively. The sum of a and b is con-

strained to 1 to ensure the conservation of relevance

between layers. This approach allows for a more nuanced

allocation of relevance based on the nature of the

preactivations.

Earlier implementations of LRP, such as those pro-

posed by Bach et al. (2015) and Lapuschkin et al. (2016),
typically employed a single LRP rule applied uniformly

throughout the network. This approach failed to account

for the varying needs of different layers or components

within the network, resulting in less accurate and insight-

ful relevance attributions. To address these limitations,

Kohlbrenner et al. (2020) introduced a composite strategy,

which employs a combination of multiple LRP rules

tailored to different parts of the network. In our analysis,

an identity function was used to back-propagate activation

for the first two convolutional layers closest to the input,

LRPa1 (LRPab with a ¼ 1) for the remaining convolu-

tional layers, and LRP� for the fully connected layers

closest to the output. This combined approach, denoted as

LRPCMP, enhances model interpretability and provides

more accurate relevance attributions.

B. Intersection over union (IOU) in sub-syllabic
regions of the LRP heatmap

We quantitatively assess the LRP analysis to assess

how regions corresponding to different components of the

initial and final syllables contribute to lexical stress classifi-

cation using the IOU metric, adapted for analyzing rele-

vance attribution in heatmaps. Specifically, we define the

inside-total overlap ratio l:

l ¼ Rin

Rtot
: (5)

Here, Rin is the sum of all pixels of the spectrogram inside a

bounding box derived from LRP heatmap and Rtot is the

total sum of relevance values across the entire heatmap.

This metric l effectively measures the proportion of rele-

vance attributed to the area of interest, providing insight

into what portions of the signal the model has paid attention

to. Higher values of l indicate that a larger fraction of the

relevance is concentrated within the target area.

The bounding boxes defining the regions of analysis

were created using the phoneme-level timestamps and sylla-

ble boundaries described above, ensuring alignment with the

relevant parts of the spectrograms. We set bounding boxes

around the initial and final syllables and then, within each

syllable, separate the vowel region from any other portion of

the syllable (onset/coda).

C. Feature-specific relevance

In addition to the IOU metric, we introduce a measure

to evaluate how the model focuses on specific acoustic fea-

tures during decision-making. Focusing on the vowel within

the stressed syllable, this analysis aims to isolate the contri-

bution of each acoustic feature to the model’s decision-

making process. We constructed feature-specific heatmaps
that represent the relevance distribution as if the model were

focusing exclusively on the given feature. This was done by

extracting the fundamental frequency (F0) and the first three

formants (F1;F2, and F3), along with their formant band-

width and sound intensity, using the default settings of the

PRAAT analysis software (Boersma and Weenink, 2005). For

each formant, heatmap values at each time point were gener-

ated by normalizing the intensity within the formant’s band-

width and then scaling these normalized values by the sound

intensity.

To quantify the similarity between these feature-

specific heatmaps and the original relevance heatmap pro-

duced by LRP, we employed the Pearson correlation coeffi-

cient r. By comparing the strength of the correlation

between feature-specific heatmaps, we gain insight into the

relative importance of each acoustic feature in the model’s

decision-making process. Additionally, we examine the abil-

ity of heatmaps created by all possible combinations of these

features to determine how these different acoustic features

interact to contribute to the model’s predictions.
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Finally, we also examine the limitations of these specific

features by considering the distribution of residual pixels left

unexplained by any of these features (F0–F3). We mask the

LRP heatmap using the heatmap generated by combining all

these features. We then examine the relative distribution of

these unexplained pixels across the spectrum of the stressed

vowels to consider what additional features, beyond pitch

and formants, contribute to model performance.

V. MODEL PERFORMANCE

Classifier results on the test sets are summarized in

Table II. The VGG16 architecture achieved classification

accuracies of 88% and 92% in distinguishing between IS

and FS in the disyllabic minimal pair and no minimal pair

words test sets, respectively. The lower accuracy in the min-

imal pair test set may reflect errors in part-of-speech tag-

ging. Note as well that human perception of lexical stress in

disyllabic words based solely on acoustics (without access

to syntactic or other contextual cues) is not at ceiling: Yu

and Andruski (2010) reported first-language English listen-

ers had a mean accuracy of 84% in this task.

Other architectures also showed strong results. VGG19

matched VGG16’s performance, despite utilizing a more

complex architecture, suggesting that VGG16 is sufficient.

VGG11 showed slightly lower performance on both test

sets. While the other architectures also showed slightly

lower performance, they still achieved a high level of per-

formance (>86% on both test sets).

VI. INTERPRETABILITY RESULTS

We utilized LRP and our interpretability metrics to

examine more closely the aspects of the input that influ-

enced the strong performance of these classifiers.

A. LRP analysis

Inspection of the LRP heatmaps for both initial and final

stress words suggested they highlighted distinct areas of rel-

evance that align with the energy distribution patterns

observed in the spectrograms. Figures 2 and 3 illustrate this

for the best-performing VGG16 classifier. For initial stress

words, the LRP heatmaps emphasized the initial syllable as

the most relevant area for classification by VGG16.

Conversely, for final stress words, the LRP heatmaps

showed a concentration of relevance towards the end of the

phoneme sequence. Figure 3 provides further illustrations of

these differences, focusing on the LRPCMP method.

B. Bounding box and IOU analysis

The IOU measurements provide a quantitative assess-

ment of the overlap between the bounding boxes and the rel-

evant pixels in the LRP heatmaps.

Table III shows IOU measurements (l) for different

LRP methods, examining VGG16 and ResNet18. The

LRPCMP, LRPa1, and LRP� methods suggest that both clas-

sifiers attend primarily to acoustic information in stressed

versus unstressed syllables and that the greatest concentra-

tion of pixels is specifically in the stressed vowel region.

The basic LRPz method results are mostly consistent with

these generalizations, but give some greater weight to

unstressed syllables.

Overall, these findings suggest that the classifiers pre-

dict the location of stress by attending to features of the

stressed syllable, in particular, to stressed vowels. However,

it is important to note that under all methods, a considerable

number of pixels lie outside of the stressed vowel—consis-

tent with the distribution of cues to lexical stress throughout

the syllable. Furthermore, many pixels lie outside of the

stressed syllable—consistent with a view that sees lexical

stress as a “relational” property of stressed as compared to

unstressed syllables.

C. Feature-specific relevance analysis

We extended our IOU analysis by investigating how

VGG16’s predictions are influenced by the phonetic features

of the signal region that most strongly drives its responses,

namely, the stressed vowels. We compared each of these

features to the LRPCMP-derived heatmap, focusing on the

heatmap region corresponding to the stressed vowel.

Figure 4 shows two feature-specific heatmaps corresponding

to F1 and F2 in isolation. Additionally, the original rele-

vance heatmap produced by VGG16 and LRPCMP is pre-

sented for comparison.

As shown in Table IV, a heatmap generated solely

using F1 of the stressed vowel exhibits the strongest correla-

tion with the observed heatmap. Unsurprisingly, this for-

mant makes a significant contribution, as it correlates with

tongue height, jaw height, and the overall opening of the

oral cavity, which in turn are strongly associated with vowel

sound intensity. However, the combination of F1 and F2 is a

close second to F1 alone, suggesting that the two acoustic

features traditionally related to vowel quality in English

work together to determine classifier predictions. Similarly,

heatmaps combining these two formants with F3 and, to a

lesser extent, F0, are used to predict LRP responses.

However, the outsize influence of F1 is made clear by the

low performance of the other formants and pitch in

TABLE III. Average IOU values for different classifiers and LRP methods,

separated by stressed versus unstressed syllables and syllable region (vowel

versus all other components of syllable).

Classifier LRP method

lvowel lnotvowel

Stress No stress Stress No stress

VGG16

LRPCMP 0.432 0.135 0.276 0.156

LRPa1 0.419 0.129 0.279 0.173

LRP� 0.428 0.137 0.27 0.164

LRPz 0.301 0.154 0.318 0.226

ResNet18

LRPCMP 0.37 0.136 0.298 0.195

LRPa1 0.361 0.128 0.255 0.255

LRP� 0.34 0.13 0.275 0.254

LRPz 0.326 0.12 0.204 0.364
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isolation. When additional features that are less relevant to

the model’s actual decision-making are combined (e.g., F1

þ F2 þ F3), the overall similarity to the LRP-derived heat-

map tends to decrease. This reduction arises because the

inclusion of non-informative or weakly correlated regions

introduces additional variance, thereby lowering the r value.
In this sense, “more” does not necessarily mean “better”:

Although these additional features may still play supporting

roles in classification, their weaker correspondence to the

model’s main decision cues can dilute the overall correlation

with the relevance pattern.

While the r values are significant, they suggest that

these features, even when considered in combination, fail to

explain many aspects of the LRP heatmap for stressed vow-

els. To explore this, we examine the frequency distribution

of residual (unexplained) pixels. As shown in Table V, the

vast majority of unaccounted-for pixels lie in between F0

and F1.

What other acoustic features might explain these pix-

els? Resolving questions like this is a key area for

development of this work. The phonetics literature suggests

a number of possibilities (which are not mutually exclusive).

Intensity has been proposed as a cue to stress (Cutler, 2005;

Gay, 1978; Gordon and Roettger, 2017; Van Heuven, 2018).

These pixels could reflect sensitivity to the concentration of

energy in low frequencies during vowels. A number of prior

studies have identified spectral tilt/spectral balance as an

important cue to lexical stress (Gordon and Roettger, 2017;

Van Heuven, 2018). Although spectral tilt measures often

rely on information across a wider range of frequencies,

spectral information in this range would provide a great deal

of information about the steepness of spectral tilt. It is also

possible that these pixels reflect sensitivity to harmonic

structures. Inspection of Figs. 2 and 3 suggests that the clas-

sifier is attending to regularly spaced concentrations of

energy in these lower frequencies—which could correspond

to harmonics. The classifiers are using this information to

track pitch, a contributor to lexical stress perception (Cutler,

2005). Our classifier relies on a standard spectrographic rep-

resentation as input. The relatively poor resolution of this

representation at low frequencies makes it a poor estimator

of pitch. Tracking the spacing of harmonics (which have

high amplitude in this region of the signal) would give the

classifier access to this critical information. This could allow

the classifier to estimate pitch with a higher degree of reso-

lution than is available in the region of the spectrogram cor-

responding to F0, using information that can be readily

FIG. 4. Heatmaps of the first two formants (F1 and F2) and the original

heatmap generated by LRPCMP using VGG16 for the word “PREsent.”
Panels (a) and (b) display the heatmaps generated for the two formants, con-

sidering bandwidth, spectrogram intensity, and voice intensity within the

relevant time points. Finally, panel (c) illustrates the heatmap attributes

generated by LRPCMP utilizing VGG16. Orange vertical lines represent

phoneme boundaries, and the blue vertical line represents the end of the ini-

tial syllable—the same as in Fig. 2.

TABLE IV. r and p values for heatmaps based on different features in the

stressed vowel region (averaged across samples), using VGG16 and apply-

ing LRPCMP method, sorted by r. (See text for details.)

Method Acoustic feature Mean r " Mean p #

VGG16 þ LRPCMP

F1 0.366 0.003

F1;F2 0.359 0.003

F1;F2;F3 0.305 0.002

F0;F1 0.3 0.002

F1;F3 0.277 0.001

F0;F1;F2 0.245 0.001

F0;F1;F2;F3 0.237 0.001

F0;F1;F3 0.205 0.001

F0;F2 0.154 0.003

F2 0.154 0.008

F2;F3 0.136 0.008

F0 0.116 0.004

F0;F3 0.114 0.003

F3 0.048 0.02

TABLE V. Relative distribution of pixels (averaged across samples) in the

stressed vowel region of the residual LRPCMP heatmap for VGG16. (See

the text for details.)

Region Initial stressed vowel Final stressed vowel

Between F0;F1 0.93 0.886

Between F1;F2 0.07 0.1134

Between F2;F3 0 0

Above F3 0 0
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uncovered from the spectrographic input. It is also possible

that the classifier is using the first and second harmonic

amplitude difference, H1–H2, to measure voice quality

(Garellek, 2019) differences related to stress (Gordon and

Roettger, 2017).

VII. DISCUSSION

To explore what allows CNNs to outperform more tra-

ditional approaches, we built several novel classifiers for

lexical stress detection in English disyllabic words, using

LRP-based analyses to explore the spatiotemporal properties

that drive model performance. A fully automatic pipeline

was used to extract disyllabic words from read and sponta-

neous speech. CNNs trained on words without minimal pairs

exhibited high performance on held-out no minimal pair

words and words with minimal pairs. LRP analyses on the

spectrogram input space for the CNNs revealed that the

models were sensitive to acoustic properties in both stressed

and unstressed syllables, but showed greater reliance on

stressed syllables (particularly the stressed vowel). Analysis

of our highest-performing model showed that F1 of the

stressed vowel exerted a stronger influence on predictions

than other formants, but F2 and, to a lesser extent, F3 also

contributed. Furthermore, these features failed to capture a

substantial amount of variance in the LRP heatmap, sugges-

ting additional features of the stressed vowel contribute to

its predictions (e.g., spectral balance and pitch based on

spacing of harmonics).

The classifiers’ greater reliance on the properties of

stressed versus unstressed syllables and more specifically

stressed vowels versus other syllable regions is similar to

the focus of the phonetics literature on stressed syllables and

stressed vowels (Cutler, 2005; Gay, 1978). Critically, differ-

ing from some early phonetics studies, the classifier does

not focus exclusively on these regions, but also attends to

information in both syllables, including non-vowel por-

tions.1 The use of information in the unstressed syllable res-

onates with the relatively widespread use of relativized or

normalized cues to lexical stress (Cutler, 2005; Van

Heuven, 2018). The use of information outside of the vowel

is also consistent with phonetics research that examines

duration and intensity of the whole syllable, the rime, or

consonants (Cutler, 2005; Gordon and Roettger, 2017).

More broadly, the use of consonantal information is consis-

tent with the view that stress is not a property of vowels but

of whole syllables, organized within more complex prosodic

structures such as feet; these structures condition not only

the properties of vowels but also surrounding consonants in

stressed and unstressed syllables [see, e.g., Jensen (2000)].

Future work should continue to develop this general line of

analysis by examining variation in stress driven by larger

sentential and discourse contexts [see Van Heuven (2018)

for a review and discussion].

While, in English, stressed versus unstressed syllables

are typically distinguished by full versus reduced vowel

quality, some disyllabic stress-pairs are pronounced with

full vowels in both syllables. Figure 5 summarizes classifi-

cation accuracy on the minimal pairs test set after aggregat-

ing all minimal pairs words into two groups based on the

presence or absence of vowel reduction in the unstressed

syllable. Because the task is binary (initial vs final stress),

chance-level performance corresponds to 50% accuracy.

Tagging of minimal pairs words as “with” or “without”

vowel reduction was based on a predefined list of English

stress pairs (Bosker, 2024). Words treated as lacking vowel

reduction include import, insult, digest, increase, and trans-
fer. This classification was not based on token-level acoustic

annotation; consequently, the actual degree of reduction in

particular, productions may not precisely align with these

assumptions. The figure reveals a clear performance gap:

The models achieve substantially higher accuracy for words

exhibiting vowel reduction than for those that do not. When

vowel reduction is absent, mean accuracy falls to the chance

level. This pattern is consistent with the nature of the train-

ing data, which consisted primarily of no minimal pairs

disyllabic words in which vowel reduction serves as an

important acoustic correlate of stress (Van Heuven, 2018). It

also supports the interpretation that formant information,

particularly cues related to vowel reduction, plays a central

role in model performance, while also confirming that the

models are sensitive to additional cues in cases where vowel

quality differences are minimal.

Our feature-specific relevance analysis allowed us to

connect the LRP results to formants of the stressed vowel.

However, these analyses left a great deal of the LRP signal

unexplained—not only in the stressed vowel, but also in

other regions of the stressed syllable and the entirety of the

unstressed syllable. This is consistent with prior work sug-

gesting that formant information alone is insufficient for lex-

ical stress classification (Bentum et al., 2024). Future work

FIG. 5. Classification accuracy of the VGG16 model on the minimal pairs

test set, aggregated by vowel reduction in the unstressed syllable. Bars

show mean per-word accuracy, averaged across minimal pairs with vowel

reduction (left) and without vowel reduction (right). Error bars indicate

6standard error of the mean computed across words within each group.

The number of test samples in each group is indicated by n. The dashed red

horizontal line denotes chance-level (random baseline) accuracy at 50%.
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examining what acoustic features these pixels correspond to

may provide new insights into the phonetics of English

stress.

More broadly, this work suggests that deep learning may

offer an important complement to traditional approaches to

phonetics. Rather than starting with highly controlled materi-

als like minimal pairs elicited under laboratory conditions,

our classifier was trained on “messy” data—uncontrolled

materials, varying along many dimensions beyond the con-

trast of interest, drawn from speech produced by a number of

talkers in a variety of conditions. When exposed to this (natu-

rally occurring) variability, the classifiers were able to extract

regularities that fit with the previous phonetics literature.

With increasingly powerful interpretability tools, deep learn-

ing may help phoneticians better understand the acoustic

properties associated with linguistic contrasts.
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