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Abstract
We present a pipeline for deep neural network assisted modeling and analysis of the behavior of an acoustic tube.
The vocal tract is represented as a series of cylindrical tube segments, each characterized by fixed length and
variable cross-sectional area. A large synthetic dataset of such tube configurations is generated, and a circuit
theory–based algorithm predicts corresponding formant frequencies. To explore mapping between vocal tract shapes
and formant values, the pipeline integrates both linear regression and nonlinear machine learning models —including
multilayer perceptrons. Model interpretability is measured using Shapley Additive Explanations (SHAP), which
quantifies the contribution of each segment to predicted formant frequencies. The proposed framework enables
detailed exploration of the articulatory-acoustic relationships inherent to an acoustic tube and vocal tract simulacrum.
We present and describe the pipeline in the context of modeling effects of perturbations on the first three formants for
a 16-cm tube, divided into 1 cm segments. Our pipeline can be applied to any method that models predictions of
behavior of an acoustic tube, where the tube is conceived as a series of segmented units.
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1. Introduction

For any acoustic resonator, determined by its shape
and dimensions, specific frequencies will exist
where sound waves reinforce each other, vibrat-
ing more strongly. The same physical process is
the basis for various phenomena in speech pro-
duction, where resonance frequencies are termed
formants. Essentially, the vocal tract functions as
a resonator that dynamically changes shape with
the movements of various articulators (lips, tongue
tip, tongue body, etc.) (Dunn, 1950; Fant, 1971;
Liljencrants and Fant, 1975). For this reason, the
vocal tract can be represented as an elongated
tube – a series of segments defined by their length
and cross-sectional area. This idea is long and
well established in phonetic sciences (Fant, 1971;
Stevens, 1998; Carré et al., 2017) and its modern
implementation goes back some 75 years (Dunn,
1950; Stevens et al., 1953). Today, computational
implementations of tube acoustics make possible
the investigation of complex theoretical articulatory-
acoustic phenomena (Stevens, 1998; Carré et al.,
2017; Zhang et al., 2024). We present a pipeline,
DeepVocalTube (DVT), for the analysis of large
such datasets using deep neural networks (DNNs).

It is long established in phonetic sciences that
the first two resonant frequencies (or formants) cor-
respond well to vowel quality, with contributions
by the third formant (Fant, 1971; Stevens, 1998;
Carré et al., 2017). As such, the single-most cru-
cial sanity test for any large-scale modeling attempt
of tube acoustics is the accurate modeling of these
three resonants (hereafter F1 F2 F3). Below, we
describe a simplistic use case for our pipeline – ex-
ploring the relative contributions of each segment

in a sequence, to predicted first, second, and third
formants.

2. Methods

2.1. Simulating the behavior of an
acoustic tube

In theory, any number of algorithms can be used
to derive predicted formant frequencies (Henke,
1966; Mermelstein, 1973; Liljencrants and Fant,
1975; Badin and Fant, 1984). The purpose of our
pipeline is not empirical investigation per se, but
methodological innovation. In theory, our pipeline
applies to any vocal tract modeling effort, where a
model is constructed of segments defined by length
and area. As such, in this work, we opted for the
approach developed by Fant, for simulating the
behavior of a lossless open-to-closed tube (Fant,
1971; Liljencrants and Fant, 1975; Zhang et al.,
2024). The algorithm is both simplistic (making
few assumptions), computationally efficient, and
well established in the literature. Specifically, we
here use the computer program presented by Lil-
jencrants and Fant (1975), which simulates digi-
tally behavior observed in analogue circuits (Dunn,
1950; Stevens et al., 1953; Stevens and House,
1955; Fant, 1971), with predicted formant frequen-
cies calculated based on a transfer function from
glottis to lips.

The algorithm1 recursively computes a determi-
nant through tube segments, the value of which
is called transfer determinant ∆n, reflecting the

1For full modeling considerations, we refer to the origi-
nal publications (Fant, 1971; Liljencrants and Fant, 1975).
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impedance transformation up to the nth tube seg-
ment. The angular frequency ω, measured in radi-
ans per second (rad/s) is defined as:

ω = 2πF (1)

where F represents the frequency of the sound
wave measured in Hertz (Hz), which corresponds
to the specific acoustic frequency being simulated.
For example, if the response of the tube to a 500Hz
sound wave is studied, then F = 500 Hz.

The normalized phase angle of the nth tube seg-
ment is:

θn =
ωLn

c
(2)

where c = 35300 cm/s is the speed of sound at
35◦C, and Ln is the length of the nth segment. The
ratio of the area of two connected tube segments
(An+1 and An) is represented as:

kn =
An+1

An
(3)

The recursive formula for the transfer determinant
is:{
∆1 = cos θ1 − ωL0

c sin θ1,

∆n = dn−1,n∆n−1 − bn−1,n∆n−2, when n ≥ 2,

(4)
where:

dn−1,n = cos θn + kn−1 cos θn−1 ·
sin θn

sin θn−1
,

bn−1,n = kn−1 ·
sin θn

sin θn−1
.

(5)

After obtaining the determinant of the final tube seg-
ment ∆M , a quasi-spectral function is constructed:

Y (F ) = cos2 (arctan(∆M )) (6)

DVT also includes an internal end correction for
segments where a narrow segment opens into a
much wider segment. The original computational
approach developed by Liljencrants and Fant (1975,
p. 16) did not include such a correction, “since ac-
tual [vocal tract] configurations seldom display such
discontinuities”. However, because DVT models
the behavior of an acoustic tube – including but
not limited to realistic vocal tract configurations –
we determined such an end correction was neces-
sary. The correction was implemented based on
Ingard (1953, p. 1041) and Fant (1971, p. 36). It
determines that where the relationship between a
smaller segment A0 and a more expansive seg-
ment A is A0 < 0.16A, the length of A0 may be
adjusted to compensate. This change is expressed
as:

δi ≃ 0.48 ·
√
A(1− 1.25ξ) (7)

where A denotes the cross-sectional area of the
greater-area section, and ξ =

√
A0/A is a correc-

tion factor indicating the ratio of curvature to area.
Note that depending on the purposes of model-
ing, additional internal end corrections (Dang et al.,
1998; Lindblom et al., 2007) may be similarly in-
cluded in data generation procedures.

2.2. Dataset Generation

It is generally agreed upon that while a small num-
ber of tube segments allow for simplistic modeling
of influential factors such as opening (jaw and lips),
tongue position, and pharyngeal constriction into
account (Fant, 1971), additional segments allow
for finer discrimination and more accurate repre-
sentation of vocal tract behavior (Stevens et al.,
1953; Fant, 1971; Mrayati et al., 1988; Carré et al.,
2017). For example, the “distinctive regions model”
developed by Mrayati and colleagues (1988) identi-
fies eight regions necessary to capture naturalistic
speech-like behavior of a tube (where each region
corresponds to a selectively “sensitive” part of the
tract, where changes are disruptive and selectively
influential on formant output). In addition, reliabil-
ity of DNNs is contingent on achieving close fit to
data, even when data becomes more complex. For
these reasons – to showcase both the appropriate-
ness of the modeling procedure to basic research
in speech production, and the applicability of our
pipeline as benefiting future such research – we
constructed a 16-segment model divided into equal-
length segments of 1 cm in length (Fig. 1).2

For training and evaluating the multilayer per-
ceptron (MLP), we generated 40,000 sample data,
corresponding to random permutations of the 16-
segment tube sequence, where each segment was
varied between 0.1 cm2 and 10 cm2. To validate
our choice of 40,000 samples, we conducted a sen-
sitivity analysis of dataset size by using different
amount of data (1,000, 5,000, 10,000, 20,000, and
40,000). A larger sample is possible (in theory, up
to the total number of possible permutations), pro-
vided no computational limitations exist. However,
data samples cover a wide range of tube model
configurations, enabling the models to learn the
relationship between tube shape and formant fre-
quencies. Since the length of each tube segment
was kept constant in the modeling, only the area of
tube segments was used as an input feature in the
subsequent modeling.3

2The pipeline in theory applies to any tube model,
where predictions are based on parametrized segments.

3Note, however, that the pipeline may be employed
to study effects of e.g., elongation of segments.
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Figure 1: An open-to-closed acoustic tube, segmented into 16 equal-length segments. For comparisons
with speech production, the initial “closed” section corresponds to the laryngeal opening, while the “open”
segment corresponds to the termination of the oral tract, i.e., the lips.

2.3. Data Analysis Method

2.3.1. Linear Regression as Diagnostic
Baseline

To probe the degree of linear dependence between
tube configuration and acoustic output, we fitted
a multiple linear regression model using the nth
formant frequency as the outcome variable and the
cross-sectional areas of tube segments as predic-
tor variables. The purpose was to assess whether
a simple linear mapping could approximate the
articulatory-acoustic relationship. However, given
the physical properties of acoustic resonance in
non-uniform tubes, the linear model provided a poor
fit to the data, with R2 values below 0.32 across all
three formants. Residual analysis further indicated
substantial nonlinear structure. We did not apply
nonlinear feature transformations (e.g., logarithmic
scaling or polynomial expansions). Because of the
clearly nonlinear relationship between tube dimen-
sions and resonance frequencies, we proceeded
to nonlinear modeling approaches.

2.3.2. Machine Learning Approaches

Considering the evidently limited ability of linear
models, we used a commonly used nonlinear mod-
eling method, the multilayer perceptron (MLP). This
machine learning model is able to effectively cap-
ture the complex nonlinear relationship between
tube configuration and formant frequencies, and
provide a certain degree of interpretability with
SHAP. Test iterations tested XGBoost (Chen and
Guestrin, 2016) – an integrated learning algorithm
based on Gradient Boosting (Friedman, 2001). The
basic idea of Gradient Boosting is to construct a se-
ries of decision trees (Breiman et al., 2017), where
each new tree is used to correct the residuals of
the previous set of models, thus gradually approx-
imating the target output. However, earlier stud-
ies showed that XGBoost was consistently outper-
formed by MLP (Song, 2025). In addition, XGBoost
has a limitation of presenting gradient outputs in
continuous space. In comparison, MLPs perform
better at approximating smooth nonlinear functions,
and thus show better strength in modeling the com-

plex mapping relationship between tube segments
and formant frequencies.

Here, we implemented a MLP regressor using
scikit-learn. The structure of the MLP network was
set as (1) an input layer containing 16 elements
(length and cross-sectional areas), (2) two hidden
layers containing 64 and 32 neurons respectively;
(3) an activation function ReLU, applied in each
hidden layer to introduce nonlinearity; (4) an out-
put layer, a neuron for predicting the continuous
variable N corresponding to N ∈ {1, 2, 3} formants.

All input variables were standardized before
model training by StandardScaler, a common data
preprocessing technique that transforms each in-
put feature into a distribution with a mean of 0 and
a standard deviation of 1 (Goodfellow et al., 2016).
This process aims to remove the differences in the
numerical scales between features and ensuring
that the contribution of each dimension to the loss
function is on the same scale. For neural networks,
which are based on gradient optimization, a large
difference in the scales of the input features may
lead to an imbalance in the parameter update pro-
cess, which may slow down the convergence speed
of the model or even cause training instability.

The model training process employed the Adam
optimizer (Kingma and Ba, 2014) with an initial
learning rate of 0.001 and a batch size of 200.
Adam is an optimized method that combines mo-
mentum and adaptive learning rate, and is able to
enhance the stability of training while improving the
convergence speed. The momentum mechanism
utilizes historical gradient information to accelerate
parameter updates, while the adaptive learning rate
automatically adjusts the learning step size accord-
ing to the gradient history of different parameters.
Adam is widely used in deep learning tasks for its
robustness.

The loss function was mean squared error (MSE)
with L2 regularization α = 1 × 10−4, and the ran-
dom seed was fixed at 42 to ensure reproducibility.
Unless otherwise specified, all other parameters
were kept at their default values in scikit-learn’s
MLPRegressor.

This study set 500 epochs for the 16-segment
models. Increasing the number of epoch helped
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the models to adapt to the increasing complexity of
the high-dimensional inputs, and to ensure that they
have sufficient learning ability. The implemented
model made a trade-off between interpretability and
expressiveness by adopting a shallow MLP archi-
tecture with two hidden layers. It has been shown
that shallow networks can effectively model struc-
tured nonlinear relationships with moderate dimen-
sional inputs. In contrast, deeper networks are
likely to suffer from training instability and degrada-
tion of interpretability, although they may in theory
be more powerful (Ba and Caruana, 2014).

Several model tuning strategies were tested, in-
cluding increasing the number of neurons in the
hidden layers and adding additional hidden layers,
as well as adjusting various hyperparameters. How-
ever, these modifications did not lead to noticeable
performance improvement, instead, they consid-
erably increased the training time. Therefore, the
original model configuration was retained for analy-
sis.

2.3.3. K-Fold Cross-Validation

In order to increase the reliability of the evalua-
tion of the model’s performance, we employed a
k-fold cross validation, avoiding overfitting (Fushiki,
2011), by dividing the dataset into training and test
set. Specifically, the data were divided equally
into k non-overlapping subsets (folds); in each it-
eration, the k − 1 subsets were used for training,
and the remaining one for testing, looping k times
such that each subset was used as a test set once.
The final model performance was then averaged
over all folds of evaluation metrics. For the 16-
segment experiment (40,000 samples), a five-fold
cross-validation was used. In other words, 32,000
data points were used for training and the remain-
ing 8,000 for testing. The reason for using five
folds was to increase the model’s ability to general-
ize (Arlot and Celisse, 2009), while still retaining a
sufficiently large training set in each split. For the
smaller datasets (i.e., in the 4- and 8-segment ex-
periments), we used two folds for the same reason
– to avoid training on too little data.

2.3.4. SHAP for Model Interpretability

Neural models are typically “black boxes”, preclud-
ing insights into how predictions are made (e.g.,
Samek et al., 2021). As a way around this prob-
lem, and, more pointedly, to ease the interpretabil-
ity of the model output, the pipeline employs the
Shapley Additive Explanation (SHAP) (Lundberg
and Lee, 2017) framework to uniformly measure
the contribution of each input feature to the model
prediction results – a method derived from game
theory (Shapley, 1953). SHAP measures the av-
erage contribution of a given input feature to the

overall prediction across all possible sequences
of input features. SHAP treats features as “par-
ticipants” and model predictions as “cooperative
benefits”, calculating the average contribution of
each feature to the output to explain the behavior
of the model.

As such, SHAP straightforwardly illustrates fea-
ture contributions to prediction. Specifically, a pos-
itive SHAP value indicates that the feature con-
tributes to increasing the predicted value compared
to the model’s average output, and a negative
SHAP value indicates that the feature contributes
to decreasing the prediction. Here, we employed
two types of SHAP visualizations, (1) the Summary
Plot. which aggregates SHAP values across all
samples and features, highlighting feature impor-
tance, as well as how high and low values of each
feature affect the prediction; and (2) the Waterfall
Plot, which illustrates a single prediction by show-
ing how each feature changes the output from a
baseline value to the final prediction. In sum, (1)
allows for visual inspection of the contributions of
every segment to formant output, as observed in
the dataset, while (2) visualizes the contribution of
segments to formant changes within a single tube
model. To facilitate interpretation of the MLP “black
box”, we also adopted KernelExplainer (Lundberg
and Lee, 2017), which approximates the marginal
contributions of features by perturbing model in-
puts and constructing a local linear model. SHAP
provides both local and global interpretability, as
well as uniform and robust interpretation results
for different types of models, which is particularly
suitable for the needs of multi-model comparison
and structural analysis (Molnar, 2020).

2.4. Evaluation Metrics

We employed a total of five common regression
metrics to evaluate model performance: the coef-
ficient of determination (R2), mean absolute error
(MAE), mean absolute percentage error (MAPE),
mean square error (MSE), and root mean square
error (RMSE). Each metric offers complementary
data pertaining to model performance, and together
they provide a coherent summary of model quality.
MAE, MAPE, MSE, and RMSE show how far off
the predictions are on average. R2 shows how well
the model explains the data.

2.4.1. Coefficient of Determination

R2 is an estimate of how much of the variance in
the target variable is explained by the model. It is
defined as:

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
(8)
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where yi corresponds to true values, ŷi to pre-
dicted values, ȳ to the mean of yi, and n to the
number of data points. An R2 value ranges from
0 to 1, where 1 means perfect prediction, and 0
means the model cannot explain any of the vari-
ance in the data (only predict the average). For our
purposes, a higher R2 suggests that a model better
captures the relationship between tube configura-
tions and formant frequencies.

2.4.2. Mean Absolute Error

MAE is the mean absolute difference between the
predicted values and the actual values in a dataset.
It is calculated as:

MAE =
1

n

n∑
i=1

|yi − ŷi| (9)

The lower the MAE, the better a model fits a
dataset. A MAE value of 0 means the model pre-
dicts perfectly. MAE treats all errors equally, without
giving extra weight to larger ones, so it provides an
average measurement of the model’s performance.

2.4.3. Mean Absolute Percentage Error

MAPE is the computed average of the absolute rel-
ative errors between the predicted and true values,
expressed as a percentage:

MAPE =
1

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% (10)

The smaller the value of MAPE, the more accu-
rate a prediction is. For example, a MAPE value
of 11.5% means an average difference between
predicted and actual value of 11.5%.

2.4.4. Mean Square Error

MSE is the average squared difference between the
predicted values and the actual values in a dataset.
It is given by:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (11)

Unlike MAE and MAPE, MSE is more sensitive to
observations that are more derived from the mean,
thus making it useful for identifying poor predic-
tions.

2.4.5. Root Mean Square Error

RMSE is the square root of MSE:

RMSE =
√
MSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (12)

and allows for the observations of model deviations
from true labels

3. Results

3.1. Data Sensitivity Analysis
To determine the required data volume for the ex-
periment, we generated eight datasets of increas-
ing sizes: 1,000, 5,000, 10,000, 20,000, 40,000,
80,000, 100,000, and 120,000 samples. We then
used these datasets to evaluate the effectiveness
of MLP using F3 – which is more sensitive to minor
changes than lower-frequency resonances. The
evaluation results for this experiment are presented
in Table 1 below.

Dataset N R2 MAE MAPE MSE RMSE
1,000 0.3262 285.02 15.39% 134478.90 366.42
5,000 0.4642 251.33 13.37% 108494.82 329.30
10,000 0.7072 184.48 9.88% 60558.82 245.64
20,000 0.8877 108.49 5.75% 22757.70 150.79
40,000 0.9360 78.08 4.13% 13016.64 113.96
80,000 0.9521 66.27 3.51% 9677.87 98.37
100,000 0.9543 64.68 3.43% 9316.56 96.46
120,000 0.9537 64.34 3.42% 9477.86 97.27

Table 1: Evaluations of model fit for different sizes
of dataset.

As the dataset size increased, the performance
of MLP improved, with R2 values increasing and
all error metrics decreasing. However, the per-
formance gain showed a clear diminishing return:
while the increase from 1,000 to 80,000 samples
led to large stepwise improvements with each in-
crease, additional benefits of expanding the dataset
beyond 80,000 were marginal. For example, the
difference in R2 between 80,000 and 120,000 sam-
ples was less than 0.01, and some evaluation met-
rics results based on 120,000 samples were slightly
worse than those based on 100,000 samples. The
computational cost also increased sharply: gen-
erating 120,000 samples took about 220 seconds
compared to only a few seconds for 1,000 sam-
ples. The SHAP analysis procedure finished within
1 minute with 1,000 samples, and required nearly
an hour for 80,000. Considering both accuracy
and efficiency, we chose 80,000 samples for sub-
sequent illustration and investigation, as this size
captured the main performance improvements with-
out incurring excessive computational burden.

3.2. Formants
In the following experiment, we investigated how
well the MLP model predicts (F1, F2, F3) and how
individual tube segments contribute to these pre-
dictions. In general, the model achieved high ac-
curacy across all formants, confirming an ability
to reliably capture parameter–formant mappings
(Tab. 2). To interpret the model, we applied SHAP
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to analyze the contribution of each tube segment.
As an illustrative case, we considered an exam-
ple tube segment constellation corresponding to a
vocal tract configuration for open front unrounded
vowel [a], split into 16 segments (Fig. 2).

R2 MAE MAPE MSE RMSE
F1 0.9849 8.73 2.64% 144.19 12.00
F2 0.9768 31.37 3.02% 1894.12 42.52
F3 0.9521 66.27 3.51% 9677.87 98.37

Table 2: Evaluations of models fit for each formant.

Waterfall plots (Fig. 3) illustrate how SHAP ex-
plains the prediction for a single configuration. The
horizontal axis shows frequency (Hz). The base-
line value E[f(X)] represents the dataset average
for a given formant (F1 = 520 Hz, F2 = 1569 Hz,
F3 = 2638 Hz). Each bar shows the contribution
of one segment (Ai) relative to this baseline: red
bars increase the prediction, blue bars decrease it.
The final value f(X) at the right end represents the
MLP prediction for this example ([705, 1300, 2709]
Hz), which closely matches the reference prediction
from the example ([722, 1290, 2710]). Segments
are ordered by contribution magnitude, so the most
influential segments appear at the top.

The ordering of features in each plot reflects their
relative importance. For example, F1 is strongly in-
fluenced by the posterior segments A13, A15, and
A16, corresponding to a constricted pharynx rais-
ing F1 in natural speech. F2 is decreased by con-
strictions around the mid-back oral cavity A11-A13,
while smaller posterior areas A15-A16 increase it.
F3 shows opposing effects between adjacent seg-
ments A10-A11 and A12-A13. In contrast to the
single-case waterfall plots, the beeswarm summary
plots in Figure 4 show the sensitivity of each for-
mant to tube segment variations across the entire
dataset.

For F1, front sections (corresponding to the lips
and the front oral cavity) A1-A5 generally have pos-
itive contributions, indicating that widening these
regions raises F1, consistent with earlier studies
(Fant, 1971; Stevens, 1998). In contrast, larger pos-
terior areas (corresponding to pharyngeal regions)
near the pharynx) A13-A16 tend to lower F1.

For F2, effects of segment changes are more
complex: Expansion of the anteriormost sections
(corresponding to lip opening) A1-A2 raise F2. Ar-
eas corresponding to the oral cavity A3-A8 often
show negative SHAP values, where expansion low-
ers F2 (Ladefoged and Maddieson, 1996). Expan-
sion in more posterior sections (roughly correspond-
ing to the tongue root area and the front part of the

pharynx) A9-A13 again show positive effects, con-
sistent with tongue retraction and “bunching” lower-
ing F2 in natural speech. Areas corresponding to
the lower pharynx A14-A16 have negative effects,
such that expansion reduces F2.

For F3, several strong effects are observed. The
anteriormost section (again, corresponding to the
lips) A1 lowers F3 when constricted, reflecting the
typical lip-rounding effect (Ladefoged and Mad-
dieson, 1996; Song, 2025). Segments correspond-
ing to the back oral cavity (e.g., A6-A8) have a
sustained positive effect on F3, with A7 being most
influential. Segments corresponding to the mid-
pharyngeal segments A13-A14 also lower F3 when
constricted. The posteriormost segment (corre-
sponding to glottal region) A16 shows a strong
negative effect: when expanded, F3 decreases.

4. Discussion

4.1. Limitations and future work

We have left unexplored interaction effects on for-
mant values between segments. Future modeling
endeavors may seek to quantify such nonlinear in-
teractions, for example in the context of verifying or
complementing prior theoretical arguments posit-
ing distinctively “stable” and “unstable” regions of
the vocal tract (Mrayati et al., 1988; Stevens, 1989;
Carré et al., 2017). Such efforts should also be
coupled with model selection evaluation (e.g., AIC
Akaike, 2003). Given the strive for low computa-
tional cost and already high R2 values, another
clear path forward is to include a hyperparame-
ter search for improving the multi-level perceptron
model (Bergstra and Bengio, 2012).

4.2. Conclusions

The DVT pipeline allows for leveraging tens of thou-
sands of datapoints to answer foundational ques-
tions of theoretical phonetic sciences. Our analysis
was focused on examining and describing the con-
tributions of individual tube model segments. The
software package necessary to replicate and build
upon the use cases described here, or to perform
any additional experiments, including illustrations,
is freely available online.
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Figure 2: Tube segment parameters and predicted formant frequencies for vowel [a].
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