XLIV BRAZILIAN SYMPOSIUM ON TELECOMMUNICATIONS AND SIGNAL PROCESSING - SBrT 2026, SEPTEMBER 29TH TO OCTOBER 2ND, 2026, SALVADOR, BA

Reservoir Computing with Multi-Scale Attention for
Efficient Speaker Verification

Luiz Silva and Edson Cataldo

Abstract— This paper proposes a lightweight architecture for
speaker recognition and verification that combines Reservoir
Computing (RC) with multi-scale and multi-head attention. A
fixed recurrent reservoir models long-term temporal dynamics,
while attention selectively aggregates speaker-discriminative in-
formation across temporal resolutions, restricting learning to
compact layers and reducing the number of trainable parameters.
Evaluations on VoxCelebl, LibriSpeech, and CNCelebl, includ-
ing cross-corpus open-set scenarios, show competitive Equal Er-
ror Rate (EER) compared to state-of-the-art models with at least
3.5x fewer parameters. Ablation results indicate that reservoir
dimensionality and multi-scale aggregation drive performance,
while attention improves robustness and feature integration.
Strong generalization under domain mismatch further highlights
the effectiveness of the proposed approach, making it suitable for
resource-constrained and real-time applications.

Keywords— Speaker Recognition, Deep Machine Learning,
Reservoir Computing, Attention Mechanism.

I. INTRODUCTION

The rapid growth of data-driven speech technologies has
increased the demand for models capable of processing large
volumes of audio data with high accuracy and low latency.
In speaker recognition and verification, deep neural networks
achieve state-of-the-art performance, but often at the cost of
high computational complexity, large numbers of trainable
parameters, and long training times. These limitations hin-
der their use in real-time and resource-constrained scenarios,
motivating the development of lightweight architectures with
improved efficiency-performance trade-offs [1].

Reservoir Computing (RC) has emerged as an efficient alter-
native for temporal signal processing [2]. By employing a fixed
recurrent reservoir followed by a trainable readout layer, RC
significantly reduces training complexity and computational
cost [1]]. However, its fixed dynamics may limit adaptability
to input distributions, restricting the extraction of fine-grained
temporal features [3]. Attention mechanisms offer a natural
solution by enabling adaptive weighting of informative tem-
poral or spectral regions, and have shown strong performance
in speech-related tasks [4} 5, 16} [7]. When combined with RC,
attention can compensate for static reservoir dynamics without
sacrificing efficiency [8]].

Speaker recognition and verification further require robust-
ness to variations in phonetic content, speaking style, noise,
and channel conditions [9} 10, [11]. These challenges demand
models capable of capturing long-term dependencies while
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remaining computationally efficient, especially in open-set
scenarios.

In this work, we hypothesize that separating temporal
dynamic expansion and adaptive feature selection provides an
effective framework for speaker representation. We leverage
RC as a fixed nonlinear dynamical system for temporal en-
coding, while attention mechanisms act as adaptive selectors
that emphasize speaker-relevant patterns.

Based on this idea, we propose a hybrid RC-Attention
architecture that integrates Reservoir Computing with multi-
scale and multi-head attention. The multi-scale design cap-
tures temporal patterns at different resolutions, while attention
selectively aggregates informative reservoir states, preserving
efficiency while enhancing representational capacity.

Experimental results, including ablation studies and
cross-corpus evaluations on VoxCelebl, LibriSpeech, and
CNCelebl, demonstrate that the proposed approach achieves
competitive speaker verification performance with significantly
fewer trainable parameters than conventional deep models.

II. METHODOLOGY: RC ARCHITECTURE WITH
MULTI-SCALE AND MULTI-HEAD ATTENTION

This section presents the proposed RC-Attention architec-
ture for speaker representation, combining efficient temporal
encoding with adaptive feature selection.

The model consists of two stages. First, a fixed recur-
rent reservoir projects the input speech signal into a high-
dimensional dynamic space, providing nonlinear temporal
expansion and capturing long-term dependencies without
training recurrent weights. Second, the resulting reservoir
states are processed by a multi-scale, multi-head attention
module, where temporal pooling captures patterns at differ-
ent resolutions and attention selectively emphasizes speaker-
discriminative features.

By decoupling temporal encoding (reservoir) from adaptive
feature selection (attention), the architecture improves dis-
criminative capability while maintaining a reduced number of
trainable parameters and low computational cost.

A. Overall System Flow

The proposed speaker verification pipeline is illustrated in
Figure Given an input audio signal s(t), feature extraction is
first performed, followed by processing through the proposed
RC-Attention module.

The RC-Attention block operates as a unified embedding
extractor, where temporal dynamic encoding is performed
by the reservoir and adaptive feature selection is handled
by the attention mechanism. A detailed schematic of this
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module, including reservoir dynamics, multi-scale processing,
and attention, is shown in Figure [2]
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Fig. 1
HIGH-LEVEL SCHEMATIC OF THE SPEAKER VERIFICATION PIPELINE.

B. Preprocessing and Spectrogram Extraction

The raw speech signal s(¢) is transformed into a
time—frequency representation using the Short-Time Fourier
Transform (STFT), followed by a Mel-scale filterbank to
obtain a Mel spectrogram. The resulting representation is
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Fig. 2
INTERNAL STRUCTURE OF THE RC-ATTENTION BLOCK WITH
MULTI-SCALE AND MULTI-HEAD ATTENTION.

adjusted to a fixed number of frames 7" through truncation or
zero-padding. This yields an input tensor 2 € RE*T>XF where
B is the batch size, T' is the number of temporal frames, and
F' is the number of Mel coefficients, preserving the sequential
spectro-temporal structure of the signal.

C. Recurrent Reservoir

The input sequence is processed by a recurrent reservoir,
where the internal state at time ¢ evolves according to

ry = tanh(Winzy + Wieert—1), Q)

where tanh(-) is applied element-wise, Wi, € REXF and
Wiee € REXE denote the input and recurrent weight matrices,
respectively, and L is the number of reservoir neurons. For
each time step, x; € R¥ and r; € RE.

The sequence of reservoir states is given by

R:[T17T27"'7TT] ERTXL7 (2)

and, for a batch of inputs, the reservoir output is denoted as
TCout € RBXTXL.

The reservoir acts as a fixed nonlinear dynamical system
that performs temporal expansion of the input signal. The
weight matrices Wi, and W, are randomly initialized from
a uniform distribution ¢(—1/+v/L, +1/v/L) and remain fixed
during training, ensuring low training complexity while pre-
serving stable internal dynamics.

To adapt the reservoir representation for subsequent process-
ing, rcyye 18 passed through a lightweight projection module
composed of two layers with ReLU activations, reducing the
dimensionality to L/2. This stage introduces a trainable bot-
tleneck that compresses the high-dimensional reservoir states
while enhancing their discriminative structure.

Finally, layer normalization is applied across tempo-
ral frames, resulting in a stabilized representation h €
RBEXTXL/2 \which serves as input to the subsequent multi-
scale attention modules.

D. Multi-Scale and Multi-Head Attention

Let h € REXTXD denote the projected reservoir output,
where D = L/2. Multi-scale representations are obtained via
temporal average pooling:

h(k) ERBXTkXD7 =1 K

geeey B

with T, < T. This multi-scale decomposition enables the
representation of temporal patterns at different resolutions.

For each scale k, a multi-head attention pooling mechanism
with N heads is applied. Each head operates on h(¥) using
independent learnable projections, allowing the extraction of
complementary temporal patterns. Unlike full self-attention,
this formulation corresponds to a parametric attention pooling
strategy [12].

For head n, attention scores are computed as

agk,n)

=M w),  w, eRP, 3)

where (-, ) denotes inner product. It is followed by temporal
softmax normalization:

(k.n)
exp(a; ")
x) “4)

Uy explay™)

The corresponding context vector is obtained by weighted
aggregation:

agk,n) o

Tk
0 = 3 o 1)

t=1

k) e REXD, 5)

The N heads are combined through a learnable gating
mechanism:

—. CLTaO R (®)

S exp(gi/T)
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where g € RY and 7 is a temperature parameter controlling
the sharpness of the distribution [13]. The aggregated repre-
sentation for scale k& is then given by

N
B ="z, W eRPP. %
n=1

Finally, representations from all scales are concatenated:
c= [c(l);c@);...;c(K)] € REXKD, (8)

This module performs adaptive feature selection over the
reservoir states, where multi-scale pooling captures temporal
structure at different resolutions and multi-head attention em-
phasizes complementary discriminative patterns.

E. Final Projection and {5 Normalization

The concatenated multi-scale representation is projected
into the final embedding space through a linear layer, followed
by layer normalization.

An /5 normalization is then applied to the resulting vector,
constraining embeddings to lie on a unit hypersphere. This
enables similarity computation using cosine distance or inner
product, which is standard in speaker verification tasks [[18]].

F. Discriminative Loss Function

The model is trained using the Additive Margin Softmax
(AM-Softmax) loss [14], which enhances class separability by
introducing an angular margin between embeddings and class
weights, along with a scaling factor.

III. EXPERIMENTAL SETUP

All experiments were conducted using a fixed configuration
of the proposed RC-Attention architecture to ensure consis-
tency and reproducibility across evaluations. Implemented in
PyTorch; run on an AMD Ryzen 7 5700G CPU, NVIDIA RTX
3060 GPU, 32 GB RAM.

A detailed summary of the architectural configuration and
hyperparameters is provided in Table [I}

TABLE I
PARAMETERS OF THE PROPOSED MODEL

Parameter Value
Embedding dimension 256
Sampling rate 16 kHz
Window length 25 ms
Window shift 10 ms
Number of Mel filters (F) 80
Audio duration 4s
Batch size (B) 16
Loss function AM-Softmax
Optimizer Adam
Reservoir neurons (L) 512
Number of attention heads 4
Number of temporal scales 4
Temporal scales 1,2,4,8

Adam, AdamW, and Adamax optimizers were evaluated,
with Adam yielding the best performance. Similarly, among
Softmax, AM-Softmax, and AAM-Softmax, the best results
were obtained with AM-Softmax.

A. Evaluation Benchmark

The proposed model is evaluated on three widely used
speaker recognition datasets: VoxCelebl, LibriSpeech, and
CNCelebl. These datasets were selected to assess performance
under both in-domain and cross-domain conditions.

VoxCelebl [15] consists of speech recordings collected from
interview videos, exhibiting significant variability in noise,
channel conditions, and speaking styles. It is used for in-
domain open-set verification and comparison with existing
methods.

LibriSpeech [16] is a large-scale corpus of read English
speech recorded under relatively controlled conditions. In
this work, the “other” subset is used to introduce additional
variability, enabling evaluation under moderately challenging
but structured conditions.

CNCelebl [17] is a multilingual dataset with substantial
variability in acoustic environments, recording conditions, and
speaking styles. Due to its domain mismatch, it is used to
evaluate cross-corpus generalization and robustness of the
learned embeddings.

B. Evaluation Metrics

Performance is evaluated using Equal Error Rate (EER),
consistent with the baseline methods used for comparison.

Model complexity is assessed in terms of the number
of trainable parameters, providing a hardware-independent
measure that facilitates comparison with existing lightweight
architectures.

IV. EXPERIMENTAL RESULTS

This section presents the experimental evaluation of the
proposed RC-Attention architecture. Due to the stochastic
initialization of the reservoir, all experiments were repeated
with multiple random seeds, and results are reported as mean
and standard deviation of the Equal Error Rate (EER).

An early stopping criterion was applied during training to
prevent overfitting, with patience of 20 epochs and validation
loss as monitored metric.

The evaluation is structured into three scenarios. First, an
ablation study is conducted to assess the contribution of each
architectural component. Second, in-domain open-set verifi-
cation is performed on VoxCelebl, including comparisons
with existing speaker verification models [18]. Third, cross-
corpus experiments are carried out by training on VoxCelebl
or CNCelebl and evaluating on multiple datasets, including
LibriSpeech, VoxCelebl, and CNCelebl, enabling comparison
with the ECAPA-TDNN framework [[19].

Performance—Cost Contribution of Network Components

An ablation study was conducted to quantify the contribu-
tion of each architectural component, modifying one element
at a time under a fixed training and evaluation protocol.
The evaluated variants include: (i) removal of multi-scale
aggregation, (ii) single-head attention, (iii) reduced reservoir
size, (iv) reduced projection dimensionality, and (v) removal
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TABLE 11
IMPACT OF INDIVIDUAL ARCHITECTURAL AND HYPERPARAMETER
MODIFICATIONS ON THE PERFORMANCE OF THE RC-ATTENTION SYSTEM.
THE FIRST ROW CORRESPONDS TO THE BASELINE CONFIGURATION,
WHILE ROWS 2—6 REPORT THE ABLATION RESULTS OBTAINED BY
MODIFYING A SINGLE COMPONENT AT A TIME. THE NUMBER OF
PARAMETERS IS REPORTED AS TRAINABLE / TOTAL (IN MILLIONS).

Methods Trainable / Total (M) EER (%)
Baseline 1.8/72.1 3.21 + 0.03
Multi-scale disabled 12/1.5 4.78 £ 0.03
Single-head attention 1.8/2.1 3.98 + 0.02
Reduced reservoir size 1.6 /1.7 7.55 + 0.02
(reservoir_size = 256)

Reduced reservoir size 1.4/1.5 12.30 £ 0.02
(reservoir_size = 128)

Reduced hidden dimen- 1.0/1.3 6.34 £ 0.04
sion (hidden_dim =

512)

Head gating disabled 1.8/72.1 3.99 £ 0.02

(frozen gating module)

of head-gating. Results are reported in Table || in terms of
Equal Error Rate (EER) and parameter count.

Disabling multi-scale processing significantly degrades per-
formance (3.21% to 4.78% EER), highlighting the impor-
tance of multi-resolution temporal representations. Reducing
the reservoir size leads to the largest drop (up to 12.30%
EER), confirming its central role in providing rich temporal
dynamics.

In contrast, single-head attention and removal of head-
gating cause moderate degradation (approximately +0.7%
EER), indicating their role in improving robustness and feature
aggregation. Reducing projection dimensionality introduces a
clear trade-off between efficiency and performance (EER up
to 6.34%).

Overall, performance is most sensitive to reservoir dimen-
sionality and temporal scale diversity, supporting the use
of fixed reservoirs combined with multi-scale attention for
efficient and discriminative speaker modeling.

A. Computational Efficiency and Model Complexity

Table |L1I) compares the proposed RC-Attention architecture
with representative speaker verification models in terms of
parameter count and Equal Error Rate (EER) on VoxCelebl.
Notably, the comparison includes widely adopted architectures
reported in recent literature [18]], which serve as strong base-
lines for evaluating lightweight speaker verification models.

The proposed model achieves an EER of 3.21% with
approximately 2.1M parameters, whereas most competing
approaches operate in the range of 7-10M parameters. This
corresponds to a reduction of at least 3.5% in model size while
maintaining comparable verification performance.

In particular, the performance gap relative to high-capacity
architectures such as ResNet- and Res2Net-based systems
remains below 1% absolute EER, indicating that a substantial
portion of the discriminative capability can be retained with a
significantly more compact model.

TABLE III
COMPARISON OF THE NUMBER OF PARAMETERS AND VERIFICATION
PERFORMANCE (EER) OF DIFFERENT METHODS ON THE VOXCELEB |
DATABASE [[18]].

Embedding Features

Methods size Parameters EER(%)
i-vector+PLDA 400 80 - 10.73
d-vector 1024 80 7.5M 6.44
X-vector 512 80 8.5M 3.98
x-vector (E-TDNN) 512 80 10.0M 3.76
x-vector (F-TDNN) 512 80 9.0M 3.53
r-vector (ResNet) 256 80 8.0M 3.18
r-vector (Res2Net) 256 80 8.5M 2.71
RC-Attention 256 80 2.1M 3.21 £ 0.03
TABLE IV

OPEN-SET SPEAKER VERIFICATION PERFORMANCE COMPARISON (EER
%) BETWEEN THE PROPOSED METHOD AND ECAPA-TDNN FRAMEWORK
[19]], FOR MODELS TRAINED ON VOXCELEBI.

VoxCelebl CNCelebl LibriSpeech LibriSpeech
Method test test test-other test-clean
ECAPA-TDNN 2.99 22.04 2.70 2.70
RC-Atention 3511003 12824008 124002  1.06-0.02
(proposed)

TABLE V
OPEN-SET SPEAKER VERIFICATION PERFORMANCE COMPARISON (EER
%) BETWEEN THE PROPOSED METHOD AND ECAPA-TDNN FRAMEWORK
[19]], FOR MODELS TRAINED ON CNCELEBI.

VoxCelebl CNCelebl LibriSpeech LibriSpeech
Method test test test-other test-clean
ECAPA-TDNN 13.22 18.66 4.33 5.90
RC-Attention 45331002 11.54£0.05 2884002  2.18+0.02
(proposed)

B. Cross-Corpus and Generalization Behavior

In this experiment, the proposed RC-Attention model is
trained on either VoxCelebl or CNCelebl and evaluated
on multiple datasets, including LibriSpeech, VoxCelebl, and
CNCelebl, introducing significant domain mismatch in terms
of language, recording conditions, and speaking style. This
setup follows a challenging and realistic evaluation protocol
for speaker verification systems [19]. The results are summa-
rized in Tables [[V] and [V]

The proposed model exhibits a distinct generalization be-
havior compared to ECAPA-TDNN. When evaluated on Lib-
riSpeech, substantial improvements are observed across all
conditions. For instance, when trained on VoxCelebl, the
EER decreases from 2.70% (ECAPA-TDNN) to 1.24% and
1.06% on the test-other and test-clean subsets, respectively,
corresponding to a relative reduction of more than 50%.
Similar gains are observed when training on CNCelebl, where
the proposed model consistently outperforms ECAPA-TDNN.

Improvements are also observed when evaluating on
CNCelebl, indicating enhanced robustness under domain and
language mismatch. These results suggest that the combina-
tion of reservoir-based temporal dynamics and attention-based
aggregation promotes representations that are less sensitive to
phonetic and linguistic variability.

On VoxCelebl test, the proposed model achieves slightly
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higher EER compared to ECAPA-TDNN. However, this dif-
ference remains limited while the model operates with a
significantly reduced number of parameters, highlighting a
different trade-off between in-domain optimization and cross-
domain generalization.

1) Attention Map Analysis Across Evaluation Conditions:
Attention maps (Figure |3) show more localized attention for
the VoxCelebl-trained model and more distributed attention
for the CNCelebl-trained model, consistent with its greater
variability and with the improved cross-corpus generalization
reported in Tables [[V] and [V]

Fig. 3
(A,B) VOXCELEB1-TRAINED; (C,D) CNCELEB1-TRAINED. LIGHTER

REGIONS = HIGHER ATTENTION WEIGHT.

V. CONCLUSION

This work presented a hybrid RC-Attention architecture
for speaker verification, combining fixed reservoir dynamics
with multi-scale and multi-head attention. Experimental re-
sults show competitive performance with significantly fewer
trainable parameters, with ablation analysis identifying reser-
voir dimensionality and multi-scale aggregation as the main
contributors to discriminative performance, while attention im-
proves robustness and feature integration. Cross-corpus eval-
uations reveal strong generalization under domain mismatch,
particularly on LibriSpeech, indicating reduced sensitivity to
phonetic and domain variability and suitability for resource-
constrained, real-time scenarios.

Limitations include variability from stochastic reservoir
initialization and the added computational cost of multi-scale
attention. Future work will explore more efficient attention
mechanisms, adaptive reservoir designs, and self-supervised
strategies for cross-domain generalization.
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