The Development of Spectral and Temporal Encodings in Speech Sounds

Frank Lihui Tan

and Youngah Do

The University of Hong Kong
frank.lhtan@connect.hku.hk, youngah@hku.hk

Abstract

This study uses a modeling approach to ex-
plore the development of spectral and posi-
tional encodings in speech sounds. Humans
rely on their auditory system to differentiate
between individual sounds in words by ana-
lyzing both spectral properties of phonemes
and their relative positions. Previous neuro-
scientific research has identified specific neu-
ral populations in the auditory cortex that re-
spond to spectral processing, while behavioral
studies have confirmed humans’ ability to per-
ceive the relative positions of phonemes in
speech sequences. To investigate these encod-
ings, a Long Short-Term Memory (LSTM) au-
toencoder with a cross-attention mechanism
trained on Mel-spectrogram transformed from
raw speech data is employed in this research.
By conducting ABX tests on the model’s rep-
resentations at various learning stages, we ob-
serve the emergence of spectral and positional
encodings. The results show that the model
excels in distinguishing spectral features simi-
lar to neuroscientific findings, and also reveals
independent positional encoding through accu-
rate temporal distinctions. Furthermore, we il-
lustrate the developmental trajectory of spectral
and positional encodings during the learning
process, proposing the need for further investi-
gating their neural correlates.

1 Introduction

When humans process words like “task” or “cast,”
the auditory system is responsible for identifying
individual sounds, e.g., [t], [&], [s], and [k], as part
of the word comprehension. To do so, the audi-
tory system needs to analyze spectral properties of
sounds, including their acoustic features (e.g., for-
mants) as well as acoustic-invariant phonemic rep-
resentations (e.g., [k] in initial and final positions).
Previous neuroscientific studies have shown that
specific neural populations are selectively respon-
sive to the spectral processing of sounds in audi-
tory cortex, especially the superior temporal gyrus

(Chan et al., 2014; Chang et al., 2010; Gwilliams
et al., 2022; Keshishian et al., 2023; Mesgarani
et al., 2008, 2014; Shestakova et al., 2004). For
example, Mesgarani et al. (2014) demonstrated that
electrodes placed at different sites within the su-
perior temporal gyrus, each corresponding to dis-
tinct neural populations, show selective responses
to various phoneme categories, such as plosives,
sibilants, vowels, and nasals. Chang et al. (2010)
found that when listening to speech stimuli along
a continuum, speech representations are categor-
ical and spatially organized in posterior superior
temporal gyrus. This organization involves dis-
tinct regions which correspond to specific phonetic
categories, regardless of their acoustic variations.
Not only do populations of neurons exhibit selec-
tive responses, but individual neurons have also
been found to respond to particular phonemes or
phonemic categories, such as vowels versus con-
sonants, and even to their phonological patterns or
statistical regularities (Lakretz et al., 2021; Leonard
et al., 2024). The development of such spectral en-
codings of sounds begins early in human develop-
ment, within the first year of life (Di Liberto et al.,
2023). In parallel, computational modeling studies
have demonstrated that neural networks trained on
raw speech can spontaneously learn phoneme-like
representations in their latent spaces (e.g. Baevski
et al., 2020; Begus, 2020).

In addition to understanding spectral character-
istics of sounds, it is also crucial to recognize
the relative positions of sounds, such as [t-e&-s-k]
or [k-a-s-t], in order to successfully comprehend
words. Humans’ auditory system is capable of
positional encoding of sounds, allowing the de-
tection of sound sequences with intervals as short
as 15-20 ms (Hirsh, 1959; Steinschneider, 2005).
Behavioral studies showed that humans can de-
tect the relative positions of phonemes in speech
streams (Benavides-Varela and Mehler, 2015; En-
dress and Mehler, 2010; Fl6, 2021; Zhang et al.,
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2003). For example, F16 (2021) conducted a se-
quence perception study in which listeners were
trained on novel words. Although all syllables in
the test words were familiar, listeners preferred
words that maintained some syllables in their fa-
miliarized serial positions over words where all
syllables had changed position, indicating that hu-
mans can track phonemes’ relative positions. Simi-
larly,
to develop emergent positional awareness, enabling
them to perform counting-like and order-sensitive
tasks without explicit positional encoding (Gers
and Schmidhuber, 2001; Weiss et al., 2018).
While there is a range of evidence supporting
the positional encoding of phonemes in humans, it
is still unclear whether distinct neural encodings
are specifically dedicated to marking the times-
tamps of phoneme sequences. This idea is akin
to the spectral encoding found in Gwilliams et al.
(2022), where specific neural encoding of spec-
tral information of phonemes was identified. Neu-
roscientific studies have shown that neural popu-
lations respond differently to the same sound de-
pending on its relative position within a sequence
Leonard et al. (2015): for example, an electrode
with a strong preference for the /n/ sound at the
syllable-initial position showed no specific prefer-
ence when /n/ appeared at the syllable-final posi-
tion, suggesting that temporal context influences
neural responses to speech sounds. However, there
is currently no conclusive evidence for the exis-
tence of neural mechanisms that explicitly encode
the positional information of phonemes indepen-
dently of their spectral features. In the current
study, the first goal is to investigate whether a posi-
tional encoding of phonemes, similar to spectral en-
coding, can be observed during speech perception.
The second goal is to trace the learning trajectories
by which learners acquire spectral and positional
encodings of phonemes. As shown, previous re-
search has provided diverse evidence supporting
the existence of spectral and positional encodings
of phonemes in human cognition, but the process
by which such encodings are established in learners
remains unclear, including whether similar patterns
are observed in the development of both spectral
and positional encodings. To our knowledge, no
longitudinal data exist which directly compare the
emergence and evolution of spectral and positional
encodings. In this context, neural networks offer
a promising framework for investigating the de-
velopmental trajectory of spectral and positional

encoding in the acquisition of speech sounds and
their results may help formulate hypotheses about
analogous neural processes in human perceptual
development.

The current study uses a modeling approach
to replicate spectral and positional encodings ob-
served in humans and investigate how these two dif-
ferent types of encodings evolve and interact over
time. To do so, we simulate their learning process
using a Long Short-Term Memory (LSTM) autoen-
coder equipped with cross-attention mechanism.
The autoencoder is trained on Mel-spectrogram
transformed from raw speech data, in order to ex-
amine the emergence and evolution of these encod-
ings during language acquisition. We conduct ABX
tests on the model’s representations from various
layers to assess the information captured in differ-
ent stages of learning. Through this experiment,
we expect to observe spectral encodings, consis-
tent with previous neuroscientific findings. If the
model successfully replicates humans’ positional
encoding abilities of phonemes, we also anticipate
the emergence of independent positional encoding,
which should be observed from the ABX distinc-
tion performance on positional contrasts, e.g., the
same phoneme in different positions. In terms of
developmental progression, we expect the model’s
ability to distinguish spectral and positional fea-
tures to improve steadily across training epochs.

2 Methods

The model was trained to understand and recon-
struct sound sequences accurately. Its ability to
reconstruct the input was evaluated through a recon-
struction task, measuring how well it replicated the
original data. The model was expected to capture
the sequential patterns effectively and accurately
reproduce the input during the reconstruction pro-
cess.

2.1 Model Architecture

An LSTM-based deep autoencoder model (Saini
and Singh, 2024) was employed to learn auditory
input by processing it sequentially without explicit
guidance. The overall architecture follows the same
design as that adopted in Tan and Do (2025). As
there is no explicit feedback or learning guidance,
the learning process is similar to how infants learn
through passive listening. As in Figure 1, the model
consists of an encoder, decoder, and cross-attention
mechanism, all of which were designed to capture
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Figure 1: Illustration of model architecture.

spectral information as well as the temporal depen-
dencies of the auditory sequences. The encoder and
decoder were built with fully connected layers (FC)
and LSTM layers. FC layers connect every neu-
ron in one layer to every neuron in the next layer,
enabling the learning of relationships between fea-
tures in the data. LSTM layers capture sequential
dependencies of the data. Cross-attention, imple-
mented as scaled dot-product attention (Vaswani
et al., 2017), was included to ensure effective infor-
mation flow between the encoder and decoder. See
Appendix A for details.

2.2 Dataset Construction and Preprocessing

The “train-clean-100" subset from the LibriSpeech
corpus (Panayotov et al., 2015) was used, contain-
ing 100 hours of 16kHz English speech recorded
by 251 speakers (125 female and 126 male). We
relied on existing transcriptions (Lugosch et al.,
2019) generated by the Montreal Forced Aligner
(McAuliffe et al., 2017) to produce sub-word clus-
ters from continuous recordings of sentences. We
adopted a segment-based concatenation to con-
struct the stimuli rather than extracting naturally
occurring VCV sequences from continuous speech.
Segments were extracted as individual phoneme
realizations from the corpus and then artificially
concatenated to construct VCV tokens following
the templates VSV and VSHY, rather than being
taken from naturally occurring continuous VCV
sequences. The concatenation process ensured
within-token speaker consistency such that each
concatenated VCV token was constructed exclu-
sively from segments produced by a single speaker.
We selected from the English phoneme inventory

six vowels (four monophthongs: AA, AE, IY, UW;
and two diphthongs: AY, EY) and two consonants
(S and SH). In total, this process yielded 66,792
V-S-V and around 25,238 V-SH-V sequences. We
randomly selected a subset of 25,238 V-S-V se-
quences to match the size of the V-SH-V dataset.
Mel-spectrograms were then extracted from the au-
dio recordings and were standardized with mean
and variance normalization.

2.3 Training

The model was trained using the Adam optimizer
with a learning rate of 0.0005 (Kingma and Ba,
2014). To reduce the impact of random varia-
tion, each experiment was repeated five times inde-
pendently, with the model trained for 100 epochs
per run to ensure convergence. Performance was
recorded at every epoch, including epoch 0, which
represents the model’s untrained state before any
learning has taken place.

2.4 Layers and Evaluation Metrics

To evaluate the encoding capabilities of the model,
we conducted ABX tests on outputs from all lay-
ers (Millet and Dunbar, 2020; Nguyen et al., 2020;
Schatz et al., 2013, 2018). All representations for
the tests were normalized using z-score normal-
ization prior to distance computation. To reduce
random variation, each ABX test was conducted six
times, with 20 samples drawn from each phoneme
class for every run.

All intermediate representations of the model
were tested with the ABX test. The 96-dimensional
Mel-spectrogram of the input signal was included
as a baseline and labelled as input-mel-spectrogram.
The final-layer outputs from the bidirectional en-
coder LSTM were sepatated into forward and
backward representations and labelled as encoder-
LSTM-last-forward/backward-output, respectively.
The output of the final FC layer of the encoder
was labelled as encoder-output. In the decoder,
the representation produced after cross-attention
was labelled as cross-attention-output. This layer-
by-layer evaluation allows us to trace how phono-
logical information is processed, refined, and ab-
stracted as it propagates through the model during
learning.

For each layer, we conducted two types of ABX
tests: phoneme contrast test and phoneme position
test. The phoneme contrast ABX test assessed the
model’s ability to distinguish between phoneme
categories, e.g., /p/ vs. /k/ or /i/ vs. /u/. Good
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performance in the phoneme contrast ABX test
indicates that the corresponding layer is sensitive
to phonemic or spectral contrasts.

The phoneme position ABX test, on the other
hand, evaluated the model’s ability to distinguish
the same phoneme at different positions within the
sequence (e.g., the first versus the third /i/ in the
constructed VCV structure). Specifically, ABX
triplets were constructed such that A and B cor-
responded to the same vowel category realized at
two different positions in the VCV structure. Good
performance in this test suggests that the layer is
sensitive to positional information independent of
spectral differences.

As a control test, the distinction between the
same phoneme at the same position across differ-
ent tokens was examined. For each training epoch,
including epoch 0, we collected the model’s out-
puts on the evaluation dataset and conducted the
aforementioned ABX tests.

3 Results

We present our findings from two main aspects.
First, we report model’s ability to learn phonemic
contrast (spectral encoding) and phoneme position
contrast (positional encoding) and show how per-
formance differs across layers. Next, we explore
how the two encoding capabilities of different lay-
ers evolve over the course of training.

3.1 Division of Codes: Final Epoch
Distinction Performances

To evaluate whether the model developed distinct
spectral and positional encodings, the ABX test
results from the final epochs were taken as the
model’s learning outcomes during the later stages
of training. Specifically, ABX error rates were col-
lected from epochs 95 to 100, as these represent
the concluding phases of training, offering a reli-
able reflection of the model’s final performance.
The inclusion of five consecutive epochs helped
reduce the impact of random fluctuations. While
all hidden dimensions were assessed and showed
similar trends (see OSF), a mid-range value of 16
was chosen for presentation purposes.

The results are depicted in five representations
as shown in Figure 2: (a) Input Mel-Spectrogram
illustrating the initial state, (b-c) two-directional
last encoder outputs prior to forming the encoder
output, (d) encoder output, which represents the
final knowledge encapsulated by the encoder, and

(e) cross-attention output representing a near-final
representation in the decoder, which is used for
reconstruction.

The input Mel-spectrogram (a) clearly distin-
guished between phoneme categories, with a low
mean ABX error rate of 0.177, but struggled to
encode phoneme position information, resulting in
high error rates of 0.482. This implies that while
the input data exhibited distinct phonemic contrasts
(e.g., /i/ vs. /u/), positional distinctions between
phonemes were less evident in the input (e.g., ini-
tial /i/ vs. final /i/). In the intermediate LSTM
layers, the performance trends remained consistent
with those of the input Mel-spectrogram, showing
better accuracy in distinguishing phoneme category
differences than phoneme position differences (see
OSF for the details). Upon further data processing,
the last LSTM layers (b-c) revealed a significant
difference in how they each encoded spectral and
positional elements within the forward and back-
ward representations. Specifically, the forward out-
put (b) excelled in capturing phoneme position de-
tails with a low error rate of 0.098 but struggled
to differentiate phoneme categories, resulting in
a high error rate of 0.476. Conversely, the back-
ward output (c) demonstrated strong encoding of
phoneme category distinctions with relatively low
error rates (0.183) but encountered challenges in as-
sessing phoneme position, showing high error rates
(0.476). The two types of outputs, thus, demon-
strated complementary distributions in encoding
spectral and positional representations.

The encoder output (d), i.e., the learned outcome
at the final stage of the encoding process, showed
the lowest average error rates, indicating a success-
ful learning outcome at the final stage of the en-
coder. This layer effectively integrated spectral and
positional information, achieving moderate error
rates for phoneme category differentiation (0.303)
and low error rates for phoneme position distinction
(0.105). Nevertheless, when cross-attention was ap-
plied to this encoder output in the decoding process,
the representation in the decoder reverted to empha-
sizing spectral encoding, a different encoding type
compared to the final encoder stage. The output
from the cross-attention layer exhibited the low-
est error rates in phoneme category classification
among all layers (0.125) but faced challenges in
preserving phoneme position information (0.485).

The ABX test results show a combination of
spectral and positional encoding. Notably, layers
within the model specialize in either spectral or
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Figure 2: Layer representations’ ABX test error rate on phoneme category test and phoneme position test for epochs

95-100.

positional information encoding to a certain extent.
This relatively specialized division among layers
could allow the model to optimize the reconstruc-
tion of input data by assigning specific encoding
tasks to different layers. Specifically, successful
spectral encoding in the input Mel-spectrogram
is expected, as Mel-spectrogram features repre-
sent primarily spectral information; consequently,
the same phoneme occurring in different positions
yields highly similar representations, leading to
weak positional distinctions in ABX comparisons.
For the encoder output, it can also be inferred from
its bridging role between the encoder and decoder
that the encoder output encodes both spectral and
positional information. The specialization of the
cross-attention output in spectral encoding can be
understood from its structural role—positioned be-
fore the final FC layer, it prioritizes spectral infor-
mation to optimize reconstruction, mirroring the
input. In contrast, the separate encoding of spectral
and positional information in the final LSTM out-
puts, and their relation to forward and backward
directions, is not easily explained solely by the
model’s structure. While the exact reasons for why
and how each direction is linked to its specific en-
coding, i.e., forward output for spectral encoding
and backward output for positional encoding, are
not entirely predictable, it is evident that there is a
clear division of labor based on their respective di-
rections. We will revisit this topic in the Discussion
section.

3.2 Model Development: Evaluation along
Training Trajectory

The developmental trajectories of ABX error rates
provide evidence of how spectral and positional in-
formation encoding in layers evolved during train-
ing. We examine how different layers progressed
from an initial stage to their eventual specialization
in encoding spectral or positional information.

As shown in Figure 3, the model initially strug-
gled to distinguish between phoneme categories
and phoneme positions, with middle to high ABX
error rates across all layers. Following the ear-
lier epochs, the L-shaped learning trajectories were
found from some layers, both for phoneme contrast
(solid lines) and phoneme position tests (dotted
lines), with phoneme position tests showing more
rapid learning. They are characterized by initial
high ABX error rates, followed by a steady decline
(comparison of ABX error rates between epoch 0
and the epoch with the lowest error rate, p < 0.001)
as the model improves its ability to detect phoneme
contrast or position, then stabilizes at a lower error
rate with comparatively minor fluctuations. This
pattern is primarily observed in layers that strongly
encode either phoneme category or phoneme posi-
tion in the final epochs, as described in the previous
section, e.g., the encoder output. This pattern dis-
tribution suggests that each layer exhibits L-shaped
learning trajectories for the specific type of infor-
mation they specialize in encoding. For example, in
the phoneme position test, the encoder LSTM last
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Figure 3: Trajectory of layer representations’ ABX test
phoneme position test (dotted lines).

forward output, and the encoder output followed
an L-shaped trajectory, demonstrating steady im-
provement over training. Similarly, in the phoneme
category test, this pattern was observed consistently
in the encoder LSTM last backward output and the
cross-attention output.

However, not all learning trajectories followed
a straightforward progression. As shown in Sec-
tion 3.1, most layers ultimately specialize in encod-
ing only one type of information, either spectral
or positional. Accordingly, each layer typically ex-
hibits only one L-shaped trajectory, corresponding
to the information type it retains. The other tra-
jectory does not remain flat at chance level; rather,
it often shows an initial rise in performance be-
fore regressing. For instance, the encoder LSTM
last backward output and the cross-attention out-
put, which specialize in spectral encoding, initially
displayed some positional encoding ability. Yet, un-
like the trajectories that steadily improved in their
specialized information, these non-specialized tra-
jectories showed early progress followed by de-
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(c) encoder-LSTM-last-backward-output
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error rate on phoneme category test (solid lines) and

cline, resulting in the loss of the transiently en-
coded information. This phenomenon, evidenced
by significant differences in ABX error rates be-
tween epoch 0, the final epoch, and the epoch with
the lowest error rate (p < 0.001 for both com-
parisons), may suggest an “exploratory” learning
strategy. Rather than having predefined roles from
the outset, each layer underwent an adaptive pro-
cess, eventually converging on the specific type of
information it would specialize in encoding. These
findings indicate that the specialization of layers
observed in the final epoch did not emerge imme-
diately but rather resulted from a gradual process
of trial and refinement. Instead of encoding a sin-
gle type of information from the start, many layers
initially attempted to encode both spectral and po-
sitional details before settling into distinct roles.

4 Discussion

4.1 Summary of Main Findings

This study addressed two primary research ques-
tions: (1) whether independent positional encod-
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ings exist to mark the timestamps of sound se-
quences separately from spectral representations
and (2) how spectral and positional encodings de-
velop over time in neural network learners newly
introduced to language. As positional understand-
ing is essential for perceiving phonemes in a sound
stream (Chambers et al., 2003; Saffran et al., 1996),
and behavioral studies have provided evidence sup-
porting humans’ ability for positional encoding of
phonemes (Benavides-Varela and Mehler, 2015;
Endress and Mehler, 2010; F16, 2021; Zhang et al.,
2003), we hypothesized that an independent po-
sitional encoding mechanism would be observed
as a parallel to the spectral encoding observed by
Gwilliams et al. (2022). We further anticipated
a steady improvement in both spectral and posi-
tional encodings along with their separation across
different layers of the model.

By evaluating the model’s different layers on the
phoneme contrast test (spectral knowledge) and the
phoneme position test (positional knowledge), we
found that the model successfully learned distinct
encodings of phoneme categories (spectral knowl-
edge) and phoneme positions (positional knowl-
edge), with different layers specializing in each
task. Moreover, the trajectory of different layers’
outputs showed how such spectral and positional
encodings evolved during the early stages of learn-
ing. We show that most layers exhibited expected
learning trajectories showing a specialized type
of information, either spectral or positional, and
they steadily improved their specialized knowledge
over time. However, as to the opposite information
that a certain layer is not successfully encoding
(e.g., spectral information for layers specialized
in positional encoding and vice versa), instead of
consistently displaying low distinction, these lay-
ers initially encoded both spectral and positional
distinctions before gradually suppressing the en-
coding of the two types of information as training
progressed. We elaborate each point below.

4.2 Phoneme Category and Position Encoding
Specialization

The observed specialization of layers aligns with
previous neuroscientific research demonstrating
the existence of spectral encoding, i.e., position-
invariant neural phoneme encoding (Gwilliams
et al., 2022), as it supports a designated space for
encoding the spectral information of phonemes.
For example, the encoder LSTM last forward layer
encoded the positional information of phonemes

within a sequence while largely disregarding their
spectral characteristics. This pattern suggests that
positional encoding operates relatively indepen-
dently from phonemic categorization. Literature on
positional encoding suggests that its mechanisms
are not restricted to language; Instead, positional
encoding has also been identified in studies on
non-linguistic sound sequences (Furl et al., 2011;
Overath et al., 2007; Skerritt-Davis and Elhilali,
2018). For instance, Furl et al. (2011) observed
that neural responses to temporal sequences of
pure, non-linguistic tones were stronger when the
sequence violated expectations based on prior train-
ing. Similarly, Overath et al. (2007) found that pure
tone sequences with higher entropy led to increased
neural activity in the planum temporale. Similar
encoding of temporal patterns and sequence statis-
tics extends beyond humans, as evidenced by an-
imal auditory perception as well (Bouchard and
Brainard, 2013; Schnupp et al., 2006), highlighting
the broader significance of identifying temporal en-
coding of sounds. Additionally, behavioral and neu-
ral studies on object sequence recall in animals fur-
ther support the existence of relative position sen-
sitivity beyond human language and auditory per-
ception (Ninokura et al., 2003, 2004; Orlov et al.,
2000). Ninokura et al. (2004) identified neural
populations in the dorsal lateral prefrontal cortex
that selectively responded to relative position of ob-
jects, regardless of their physical properties. Such
a diverse range of evidence beyond phonemes and
human perception suggests that the positional en-
coding mechanisms identified in the current study
have the potential to offer insights into the broader
cognitive processes involved in auditory perception
and temporal pattern recognition beyond language.

Moreover, Ninokura et al. (2004) discovered neu-
ral populations that encode objects’ identity as well
as relative position, with some neurons special-
ized in each property individually. This indicates
that combined encoding arises through the inter-
action of separate yet complementary representa-
tions. Our findings on the encoder output, which
merges spectral and positional information, align
with those observed in object perception as in Ni-
nokura et al. (2004). Instead of inherently encod-
ing both spectral and positional properties from the
start, the encoder output, representing the learned
knowledge of the encoder, construct a joint repre-
sentation by transforming independently learned
spectral and positional encodings. This mecha-
nism may represent a broader principle within the
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human auditory system, where distinct neural pop-
ulations process various aspects of speech before
integrating their outputs at higher processing lev-
els. This organization aligns with the structure pro-
posed in the Phonological Loop Model (Burgess
and Hitch, 1999), which posits that separate item
property and order processing mechanisms con-
tribute to sequence perception and recall.

4.3 Developmental Trajectories of Encoding
Specialization

The analysis of the model’s learning trajectory re-
vealed patterns that align with previous research on
phoneme acquisition. The L-shaped learning trajec-
tory observed in spectral encoding—particularly in
layers such as the encoder LSTM last backward
layer and the cross-attention layer—indicates a
progressive improvement in phonemic encoding
during the early stages of training. This trend mir-
rors findings in human development, where phone-
mic representations become increasingly detailed
and acoustically invariant over time. For instance,
Di Liberto et al. (2023) demonstrated that infants in
their first year of life gradually refine their phoneme
encoding, developing more robust and stable phone-
mic categories. Similarly, behavioral and neural
research supports the notion that infants’ ability
to distinguish phonemes in their native language
steadily improves as they are exposed to linguistic
input (Cheour et al., 1998; Kuhl et al., 2006; Rivera-
Gaxiola et al., 2005; Sundara et al., 2006), similar
to the L-shaped developmental trajectory in the
present study. A similar developmental trajectory
was observed in layers specializing in positional
encoding as well, such as the encoder LSTM last
forward layer and the encoder output layer.
Furthermore, our analysis revealed that posi-
tional encoding developed more rapidly than spec-
tral encoding, reaching a stable level of proficiency
earlier in training. This pattern also aligns with de-
velopmental findings in infants, where sensitivity to
temporal structure emerges before robust phoneme
discrimination. Studies have shown that newborns
already exhibit positional awareness (Gervain et al.,
2008), and by five months of age, the better learners
among infants begin to show sensitivity to relative
positions (F16, 2021). This sensitivity continues to
develop, with evidence of positional awareness at
seven months (Benavides-Varela and Mehler, 2015)
and nine months of age (Gerken, 2006). In con-
trast, while infants display an early universal sen-
sitivity to phonemes, the ability to reliably distin-

guish phonemic contrasts in their native language
develops more gradually and continues to refine
over time (Cheour et al., 1998; Kuhl et al., 2006;
Rivera-Gaxiola et al., 2005; Sundara et al., 2006).
The developmental trajectory of the current model
reflects a similar pattern, in which positional en-
coding emerges earlier, likely supporting later re-
finements in phoneme representation.

The learning trajectories of spectral and posi-
tional encoding indicate that different layers spe-
cialize in encoding distinct types of information,
either spectral or positional. Despite the antici-
pation that layers would not encode information
opposite to their specialization, our results unveil
that many layers initially encode both types of in-
formation. For instance, the encoder LSTM last
forward layer initially showed some capacity for
encoding phonemic contrast, even though this layer
was specialized for positional encoding. Similarly,
the encoder LSTM last backward layer exhibited
a certain degree of positional encoding at first, de-
spite specializing in spectral encoding. This sug-
gests that layers were not strictly selective for the
type of information to encode innately but rather en-
gaged in an exploratory phase where they encoded
both spectral and positional information to some ex-
tent. However, as learning progressed, rather than
continuously improving in encoding both types of
information or simply maintaining the initial level
of encoding for the non-specialized dimension, the
layers actively suppressed the encoding of the non-
specialized information. They restructured their
representation space and de-learned certain con-
trasts. This trajectory suggests that specialization
was not predefined but emerged dynamically from
exploratory learning as the network optimized its
representations for the reconstruction task. Instead
of having rigidly assigned roles from the beginning,
each layer initially explored how to encode both
spectral and positional information before gradu-
ally refining its specialization.

4.4 Limitations

While our findings align with previous neural and
behavioral studies, several limitations should be
acknowledged. First, we presented modeling ev-
idence supporting positional encoding and traced
the model’s developmental trajectories for both
spectral and positional encoding. To our knowl-
edge, no empirical neuroscientific evidence cur-
rently suggests the presence of distinct neurons or
neural groups dedicated to positional encoding in
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speech perception, nor are there longitudinal stud-
ies comparing the emergence and development of
spectral and positional encoding in humans. Yet,
the LSTM autoencoder used here is not intended
as a mechanistic model of infant auditory cortex,
and we do not assume that human learners use the
same architecture, objective function, or optimiza-
tion procedure. Rather, consistent the view that
cognitive models are tools for exploring the impli-
cations of theoretical ideas under simplified and
explicitly specified conditions (McClelland, 2009),
the present model serves as a controlled artificial
learner. In this sense, the contribution of the model
does not depend on the claim that human infants
learn in the same implementational manner as the
network. Instead, its relevance lies in providing
a computational demonstration: it tests whether a
particular representational organization can emerge
from the information structure of sequential speech
under the pressure to preserve that information
for reconstruction. The current results therefore
show that a division of labor between phoneme-
category information and relative-position infor-
mation is a computationally plausible outcome for
an artificial learner exposed to sequential speech
input. Given that human learners are also sensi-
tive to statistical regularities in auditory input (Saf-
fran et al., 1996; Saffran and Kirkham, 2018), this
modeling result offers a hypothesis for future em-
pirical work: under similar information-structural
constraints, human learners may also arrive at sep-
arable phoneme-category and relative-position rep-
resentations through a comparable developmental
trajectory. While neurophysiological evidence can
inspire modeling studies, we advocate for recipro-
cal influence, where modeling data could also gen-
erate hypotheses and inspire neurophysiological
research. We hope that our findings can stimulate
neuroscientists and acquisitionists to investigate
parallels between spectral encoding and positional
encoding.

Second, we did not test alternative model ar-
chitectures, such as Transformer-based models or
convolutional networks. The emergence of posi-
tional encoding in our LSTM-based model may
be inherently linked to the sequential nature of re-
current networks, which are explicitly designed
for processing temporal dependencies. However,
we argue that using an LSTM was the appropriate
choice in the current study, given that sequential
processing is a fundamental and early-acquired cog-
nitive ability in humans. Research has shown that
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even newborns exhibit increased neural responses
to reduplicated sequences (Gervain et al., 2008) and
demonstrate sensitivity to ordinal positions by six
months of age (Lewkowicz, 2013). Additionally,
sequential learning plays a crucial role in linguis-
tic processes, such as phonotactic pattern learning
(c.f. Saffran and Kirkham, 2018), which infants
begin acquiring as early as seven months (Thiessen
and Saffran, 2003). Future work should explore
whether similar spectral-positional encoding spe-
cializations emerge in non-recurrent architectures
to determine if this effect is unique to LSTMs or
a more general feature of neural network-based
learning.

Finally, we want to note that the observed over-
learning and subsequent de-learning trajectory of
non-target information lacks empirical support
from human neurophysiological studies. Never-
theless, our findings have shown that layers special-
izing in spectral or positional encoding followed
learning trajectories similar to those observed in
phoneme acquisition and positional learning re-
search in the field. Therefore, we argue that the
observed patterns in the current study warrant fur-
ther neuroscientific investigation. A deeper un-
derstanding of how neural systems transition from
broad, exploratory encoding to specialized repre-
sentations may provide valuable insights into both
human cognitive development and artificial learn-
ing architectures.

5 Conclusion

In conclusion, this study used an LSTM-based au-
toencoder to examine how spectral and temporal
encodings can emerge and specialize during learn-
ing. By applying layer-wise ABX analyses, we
showed that different components of the model
come to preferentially encode phoneme category or
phoneme position information, while higher-level
representations integrate both. Yet, these encoding
specializations were not present from the start but
emerged gradually through learning.

Code Availability

Data, analysis scripts, and all results
can be found at the following OSF link:
https://osf.io/pja86/?view_only=
3d182a56f7bb46e796149af313516bc2.
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A  Model Architecture Details
A.1 Encoder

The encoder was designed to extract latent infor-
mation from the input, capturing essential features
for further processing. To facilitate modeling, the
original audio data was transformed into the Mel-
Spectrogram features, which captures how differ-
ent frequencies of sound change over time. The
Mel-spectrogram features were structured in the
shape of (B,T,F), where B is the batch size (set
to 128), T is the sequence length, and F is 96
which corresponds to the number of Mel filter
banks, defining the feature dimension for each
frame. Zero-padding was applied to shorter se-
quences within the batch to maintain uniform se-
quence lengths. The input Mel-spectrogram was

first passed through an FC layer, transforming the
feature dimension from 96 to the target hidden di-
mension, reflecting differing memory capacities.
The transformed features were then processed se-
quentially through five bidirectional LSTM layers,
each integrating information from both past and
future timesteps. This allowed the model to cap-
ture dependencies and patterns in the input data,
enhancing its understanding of the sequential in-
formation. The output from the final LSTM layer
was passed through another FC layer to integrate
the concatenated bi-directional representation into
a final output of the target dimension. This struc-
ture allowed the encoder to capture spectral as well
as temporal patterns and generate a compact yet
abstract representation of the input sequence, show-
ing how the model learned the input data.

A.2 Hidden Representation

Each layer’s output contained information at vary-
ing levels of abstraction, with deeper layers ex-
pected to capture more abstract and generalized
features. The output of the encoder, i.e., the deep-
est hidden representation, encapsulated the knowl-
edge learned by the encoder. This hidden repre-
sentation formed the foundation for the decoder’s
reconstruction process, enabling the generation of
output sequences. To further evaluate the influence
of hidden dimensionality on the model’s ability to
learn phoneme contrast from contextual input, we
experimented with six different hidden dimension
settings: 4, 8, 16, 32, 48, and 64. Increasing the
size of hidden dimensions aimed to mimic higher
memory capacities.

A.3 Decoder and Cross-Attention

The aim of the decoder was to accurately recon-
struct the input data using the learned information
extracted by the encoder. It received the hidden
representation the encoder generated as input and
processed it autoregressively, meaning that each
timestep’s input was the output of the previous
timestep. As shown in Figure 1, the decoder con-
sists of an FC layer, five unidirectional LSTM
layers, the cross-attention layer, and a final FC
layer to generate the output. The decoding process
began with a starting token, initialized to zeros,
which served as the input for the first timestep. For
each subsequent timestep, the decoder’s LSTM lay-
ers incorporated historical information and made
a prediction for reconstructing the next timestep.
The scaled dot-product cross-attention mechanism
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Figure 4: Illustration of layer output names.

(Vaswani et al., 2017) played a crucial role in bridg-
ing the encoder and decode. It allowed the decoder
to query relevant information from the hidden rep-
resentation. Specifically, the decoder’s LSTM out-
put served as the query, i.e., a representation of
the current output that is used to retrieve relevant
information, while the hidden representation acted
as the keys and values, which helped the model to
focus on important aspects of the input data. The
cross-attention mechanism captured the similarity
between the query and keys, guiding the decoder’s
reconstruction for the current timestep. After the
attention layer, the data underwent a final FC trans-
formation, shaping the output to match the input
dimensions. This autoregressive output was then
used as input for the next decoding timestep until
the entire sequence was processed.

A.4 On Bi-directional LSTM

The use of bi-directional LSTMs was chosen to
enhance the model’s ability to integrate contextual
information more effectively; this does not intro-
duce additional non-humanlike characteristics, as
the decoder’s cross-attention mechanism will al-
ready incorporate global information.

A.5 Loss

This output was assessed against the input using
the masked mean squared error (MSE) loss func-
tion (Paszke et al., 2019) to measure reconstruction
accuracy.

B Dataset and Preprocessing Details

B.1 Concatenation

This approach allowed precise control over
phoneme identity and phonotactic structure while
minimizing systematic dependencies on particular
lexical items or local contextual realizations. Seg-
ment selection was not constrained by positional
or prosodic factors (e.g., word boundary, phrase
position, or local coarticulatory context) but were
instead sampled across a wide range of naturally
occurring environments. This design was intended
to avoid systematic coupling between specific po-
sitional contexts and acoustic realizations, thereby
reducing the influence of strong but non-target
position-acoustic correlations that are inherent in
continuous speech.

B.2 Preprocessing

Mel-spectrograms were extracted from the audio
recordings using the transforms.MelSpectrogram
function from the torchaudio library (Hwang et al.,
2023). This function transforms the input signal
into a sequence of spectral samples through the
application of filter banks for ease of processing.
The n_f{ft and window length parameters were set
to 512, and the hop length to 128. Using 96 Mel fil-
ter banks, the process produced windows of 32 ms
with an 8 ms shift between consecutive windows.
The resulting Mel-spectrogram had dimensions of
(wave frame // 128, 96), where “wave frame” repre-
sents the total number of waveform frames. Finally,
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mean and variance normalization was applied to
the Mel-spectrogram to standardize input features
and enhance consistency during processing.

C Evaluation Layer Outputs
Visualization

Figure 4 displays the naming of layer output repre-
sentations in more detail.

D Model Reconstruction Results
Performances

We evaluated the model’s performance on its pri-
mary training objective, namely reconstruction. Re-
construction quality visualization at the end of train-
ing can be found in the OSF link. Although the re-
construction lacked finer acoustic details, the model
successfully captured the coarse energy distribu-
tions of sounds, which are crucial for their identifi-
cation. The mean squared error (MSE) loss on the
test set over 100 training epochs also demonstrated
consistent improvement in reconstruction quality,
reducing the MSE loss from 0.677 (o = 0.0459)
at epoch 0 to 0.179 (¢ = 0.0118) by the end of
training. This reconstruction performance confirms
that the model was learning effectively, providing
a reliable foundation for subsequent evaluations.
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