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ABSTRACT:

Continuous remote monitoring of electroencephalogram (EEG) and electrocardiogram
(ECQG) signals using wearable Internet of Medical Things (IoMT) devices is challenged by
the limited bandwidth of low-power wireless communication protocols and stringent
power requirements of edge devices. We propose a dual-stream vector-quantized
variational autoencoder (VQ-VAE) framework for joint compression of simultaneously
collected EEG and ECG signals into compact discrete codebook indices for low-
bandwidth transmission, and accurate reconstruction of diagnostic information using a
modality-specific medical feature loss function. Separate lightweight one-dimensional
convolutional encoders with residual blocks are optimized for edge devices, while separate
transposed convolutional decoders are implemented on a cloud server. Each encoder maps
256sample signal windows into 32 codebook indices of a 1024-entry codebook, achieving
a 16:1 compression ratio. A bidirectional 8-head cross-modal attention mechanism
exploits brain-heart axis correlations for improved reconstruction of both modalities. A
composite loss function with modality-specific weighting addresses morphological
accuracy for ECG and spectral accuracy for EEG. Evaluated on the CAP Sleep Database,
the framework achieves ECG PRD of 8.7% with 99.3% post-reconstruction QRS detection
accuracy, and EEG PRD of 22.4% with 0.87 spectral coherence. Ablation experiments
confirm that crossmodal attention reduces PRD by 3-5% for both modalities, and
modality-specific loss weighting reduces EEG PRD from 84% to 22.4%.

1. Introduction

low-power wireless technologies used in wearable
devices.

The recent advances in wearable biosensors and

Internet of Medical Things (IoMT) have revolutionized
remote patient monitoring, enabling continuous
physiological signal capture outside the hospital
environment [1]. Concurrent EEG and ECG monitoring is
particularly valuable in neurological conditions requiring
simultaneous neuro-cardiac observation, such as sleep
disorders, epilepsy with cardiac complications, and
autonomic nervous system monitoring [2]. However,
biosignal data rates greatly exceed those supported by
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A single-channel EEG sampled at 128Hz with 16-bit
resolution produces 2048bps; adding a simultaneous ECG
channel doubles this. Multi-channel EEG can approach
rates comparable to LoRaWAN (50kbps), NB-IoT
(250kbps), and BLE (1Mbps) [3]. Continuous radio
transmission is the dominant energy consumer in
wearable devices, directly limiting battery life in long-
term monitoring [4]. Lossless techniques such as
Huffman and run-length coding achieve only 2-3x
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compression [5]. Transform-based lossy methods—DWT
with thresholding [6], [7] and compressed sensing [8]—
achieve 8— 20x, but DWT blurs clinically significant
features such as the QRS complex, and CS requires
computationally expensive iterative reconstruction.
Crucially, neither exploits inter-modal correlations
between simultaneously recorded EEG and ECG.

Deep learning autoencoders have shown strong results
for ECG [10]-[12] and EEG [13], [14]. Yet multi-modal
systems suffer from “negative transfer” [15], continuous
latent representations are sensitive to transmission noise,
and the ubiquitous MSE loss performs poorly on
stochastic EEG where point-wise temporal alignment is
intractable. Recent vector quantization (VQ) methods
[16]-[18] encode signals into discrete codebook vectors
that are inherently robust to noise and enable fixed-rate
integer transmission.

This paper makes four contributions: (1) a dual VQ-
VAE for simultaneous EEG/ECG compression into 10-bit
codebook indices at 16:1 compression with a 480KB
INTS8-quantized encoder compatible with ARM Cortex-
M microcontrollers; (2) a bidirectional 8-head cross-
modal attention over jointly learned EEG/ECG quantized
representations, exploiting brain-heart axis correlations;
(3) a novel composite loss with modalityspecific
weightings emphasizing morphological fidelity for ECG
and spectral fidelity for EEG, resolving prior loss
functions that yield EEG PRD above 80%; and (4)
demonstration on the CAP Sleep Database with subject-
level splits reporting ECG PRD of 8.7%, EEG spectral
coherence of 0.87, and thorough ablation experiments.

2. Related work

Rajoub [6] proposed DWT-based ECG compression
achieving 8:1 CR and 5.2% PRD on MIT-BIH, but hard
wavelet thresholding blurs the QRS complex at higher
CRs and the method is limited to single-channel ECG.
Yildirim et al. [10] introduced a 27-layer deep
convolutional autoencoder competitive with DWT at high
CRs, but the architecture is too complex for edge
deployment and produces floating-point latent vectors
sensitive to transmission noise. Shi et al. [12] proposed
BCAE+REC achieving CR=117.33 at PRD=7.76% on
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Raspberry Pi; however, extreme binary quantization
reduces expressiveness and the platform far exceeds
Cortex-M constraints.

Al-Marridi et al. [13] achieved CR=50:1 and
PRD=1.33% on clean BCI Competition IV data, but
clinical EEG is far more noisy and non-stationary. Zhu et
al. [19] proposed AVDCT-Net for edge-fog computing
with CR=7.82 and PRD=17.07%, structurally similar to
our edge-cloud split but using a continuous DCT-based
latent space, targeting EEG only.

Van den Oord et al. [16] introduced VQ-VAE with EMA
codebook wupdates and straight-through gradient
estimation. BrainCodec [17] applied residual VQ to
EEG/AEEG achieving PRD below 30%, but is
computationally intensive and limited to EEG.

Ben Said et al. [20] used a stacked autoencoder for
EEG+EMG without attention or VQ. Dasan and Gnanaraj
[15] extended this to three modalities using a deep
denoising autoencoder with incremental learning but no
cross-modal attention and a continuous latent space
susceptible to channel noise.

EdgeCodec [21] demonstrated an asymmetric
autoencoder with RVQ on GAP9 achieving 2560—10240x
CR with below 3% error, but evaluated only on
accelerometer data and limited to single modality. No
existing work integrates dualmodality VQ compression,
cross-modal attention, modalityspecific loss, and sub-
500KB edge deployment under a single framework.

......

Fig. 1. System-level architecture of the proposed edge-
cloud dual VQ compression framework.
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Fig. 2. Detailed architecture: dual-stream VQ-VAE
with  independent encoders, EMA codebooks,
bidirectional 8-head cross-attention, and independent
decoders.

3. Proposed methodology
The proposed edge-cloud split architecture is depicted in

Fig. 1. At the edge, a wearable device acquires single-
channel EEG and ECG simultaneously. The dual VQ
encoder (INTS, =480KB) processes 2-second windows of
256 samples per modality at 128Hz, producing 32
codebook indices per modality from a 1024-entry
vocabulary. The total transmission payload is 640bits per
window (320bps), well within LoORaWAN, NB-IoT, and
BLE limits. At the cloud, cross-modal attention is applied
to the received indices before two independent transposed
convolutional decoders reconstruct both signals.

Independent encoders prevent negative transfer
between the morphologically distinct signals. Given input
xn € R3¢ m € {eeg,ecg}, each encoder produces:

Zm = fane Gim) (M

Each encoder has three stages of Conv1D (kernels 5, 3, 3;
stride 2 throughout), batch normalization, LeakyReLU

(slope 0.1), and a residual block. Channel counts progress
1 — 256 — 512 — 512; temporal length decreases

256—128—64—32. Residual blocks follow the pre-
activation design of He et al. [22]:
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ResBlock(h) = c(W, * c(Wy * h) + h) )

where o(+) is LeakyReLU and Wi, W, are size-3 Conv1D
kernels with padding 1.

Each modality maintains an independent codebook C,,

= {er 1 with K = 1024 entries of dimension D = 512. A
1 x 1 ConvlD projection maps encoder outputs to

Reconstructed Signal Original Signal

I l
v v v

PRD Loss (Lyq)
MSE Loss (Lmse) > (@i - 2)? Spectral Loss (Lgpec)
—_— % 100
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Percentage Root-Mean- domain loss
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. 4

Ltotal = Lfeature_eeg + Lfeature_ecg + qu

Fig. 3. Modality-specific medical feature loss with
signal-type weights for ECG (morphological
emphasis) and EEG (spectral emphasis).

codebook geometry; quantization proceeds via
nearest-neighbor lookup:
t
qf(n) = €
_ 2 A3)
k* = argmi |(t) — |
= argming ||z, — ek
2

Gradients bypass the non-differentiable operation using
the straight-through estimator [16].

NE =yNEY A=y 4)
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m,((t) = ymff_l) +(1-v) Z 2 ®)
JESK
elgt) = m,(f) /N,Et) (6)

Dead code restart replaces any entry with Ny < 1.0 with a
random encoder output, maintaining codebook utilization
above 95%. The commitment loss is:

g 2
L5 = B||zm — sglamll]; )

Bidirectional cross-modal attention enables both
modality representations to attend to each other, capturing
physiological brain-heart axis correlations:

Geeg = Geeg + MHA(Qeeg: Gecg Qecg) ®)
Gecg = Yecg + MHA(Qecg' Qeeg: Qeeg) €))

where MHA [23] uses 8 heads and embedding dimension
512. The additive formulation allows the ECG stream to
inform EEG decoding about cardiac artifacts, while EEG
informs the ECG decoder about autonomic modulation
context.

Two fully independent decoder streams mirror the
encoder using transposed Conv1D layers (stride 2), batch
normalization, LeakyReLU, and residual blocks,
progressively upsampling 32—64—128—256 with
channels 512—256—1:

%o = frne (@) (10)
Separate decoders preserve ECG-specific morphological

patterns (QRS, P/T waves) and EEG-specific spectral
patterns (9, 6, a, S bands) without cross-talk.

The total loss per modality combines three terms (Fig. 3):

1 . 11
Lpse = NZ(xi - xl)z an
2 — %) (12
LpTd = T X 100
i
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1 . 13
Lapee = 7 Y IF@IAI - IF@]
f
L;:th = aim)Lmse + agm)Lprd + agm)l‘spec (14)

ECG weights (ai,a2,a3) = (0.4,0.4,0.2) emphasize
temporal morphology; EEG weights (0.2,0.2,0.6)
prioritize spectral preservation (Table I). The total
training objective is:

betar = L) + L0 + 1550 + 15

(15)

TABLE 1
MODALITY-SPECIFIC LOSS WEIGHTS AND RATIONALE

Component ECGa EEGa Rationale
MSE (ai) 0.4 0.2  Morphology
accuracy
PRD (a2) 0.4 0.2 R-peak
amplitude
Spectral 0.2 0.6 Frequency
(a3) bands

The model is trained end-to-end with Adam (Ir=2x107%,
weight decay=5x107) and cosine annealing [25]
decaying to 10 ®over 300 epochs. Gradient clipping (max
norm 1.0) stabilizes EMA-encoder interaction. Batch size
is 64. The encoder uses only ConvlD, batch
normalization, and LeakyReL U, all natively supported by
TensorFlow Lite Micro and CMSISNN [26]. Post-
training INT8 quantization reduces the 1.9MB FP32
encoder to ~480KB, enabling fixed-point execution on
ARM Cortex-M7. Cross-modal attention resides entirely
in the cloud decoder. The VQ nearest-neighbor lookup
absorbs INTS activation errors, yielding deterministic 32-
index (320bit) output per window.

4. Experimental setup

Experiments use the CAP Sleep Database from
PhysioNet [2], [27]. EEG channels C3, C4, F3, F4 and
ECG
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TABLE 111
RECONSTRUCTION QUALITY (MEAN =+ STD, 3 RUNS)

Lead I or II (auto-selected) are bandpass filtered (0.5—
40Hz), resampled to 128Hz, and z-normalized per
recording. Signals are segmented into non-overlapping 2-

second windows (256 samples); flat segments (std<0.01) Metric ECG EEG

are discarded. The dataset is split by subject; subjects n9 5

and n10 are held out for testing. PRD (%) 8704 224411
SNR (dB) 21.2+0.3 13.0+0.5

Implemented in PyTorch2.0+ with FP16 mixed-

precision training on an NVIDIA GPU. Codebook
parameters: K = 1024, D = 512, EMA decay y = 0.99,

Spectral Coherence

0.91+0.02 0.87+0.03

. . . RS Detection Acc. (% 99.3+0.2 —
commitment weight f = 0.25. All experiments use 3 Q ctection Acc. (%)
random seeds; results reported as mean=std. CR (with INTS) 16:1 16:1
Primary metric is PRD [24]: PRD<2% is “very good,” Edge Model Size ~480KB
_ Qo 1a ¢¢ 2 0 LSNNY3 99
2— 9% is “good,” and >9% is “not good” for ECG. For Inference Latency ~48ms

EEG, we adopt the BrainCodec criterion of PRD<30%
with preserved downstream performance [17]. Additional
metrics: SNR (dB), magnitude-squared spectral
coherence over 0.5-40Hz, and QRS detection accuracy.

We compare against DWT+SPIHT [6], LSTM-AE [28],
BCAE+REC [12], hvEEGNet [14], and CS-Net [9].
Where code is available, baselines are re-evaluated on the
same test split; otherwise results are cited from the
corresponding papers.

TABLE 11
BIT-LEVEL COMPRESSION ANALY SIS

Representation Bits/Window CR
Raw (32-bit 8192 1:1
float)

Raw (16-bit 4096 —
ADC)

VQ Indices 320 12.8:1
(10-bit)

VQ + INTS8 256 16:1 (vs.
Quant. 16-bit)
Dual-modality 640 vs. 8192
total raw
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(Cortex-M7)

5. Results and discussion

Table Il summarizes the bit-level analysis. Encoding as
32 VQ indices (10-bit) yields 320 bits per modality; INT8
quantization of the encoder reduces the effective payload
to 256 bits, achieving 16:1 compression vs. 16-bit ADC.
The dual-modality total of 640bits per 2-second window
equates to 320bps, within all target [oT protocols.

Table III reports reconstruction quality. ECG PRD of
8.7+ 0.4% with SNR 21.2+0.3dB falls within Zigel et al.’s
“good” range [24]. QRS detection accuracy of 99.3 +
0.2% confirms that R-peak morphology is well preserved.

EEG reconstruction is inherently more challenging due
to the stochastic nature of neural signals. Uniform loss
weighting yields baseline EEG PRD above 84%—an
effective reconstruction failure, as MSE and PRD terms
force point-wise temporal alignment of a quasi-random
process. Our modalityspecific weighting (60% spectral
emphasis) reduces EEG PRD to 22.4 + 1.1%, a 73%
relative reduction. Spectral coherence of 0.87+0.03
confirms faithful preservation of the delta, theta, alpha,
and beta bands, meeting the BrainCodec criterion [17].

Table IV reports targeted ablations. Removing cross-
modal attention raises ECG PRD from 8.7% to 11.2% and
EEG PRD from 22.4% to 26.8%, confirming that brain-
heart axis correlations provide complementary
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reconstruction cues. Modalityspecific loss weighting is
the single most impactful component for EEG: uniform
weighting nearly doubles PRD from 22.4% to 41.3%,
while ECG degrades only modestly from 8.7% to 9.4%,
since MSE and PRD objectives are naturally aligned for
quasi-periodic signals.

TABLE IV
ABLATION STUDY RESULTS (PRD %, MEAN OVER 3 RUNS)
Configuration ECG EEG
Full model (proposed) 8.7 224
w/o cross-modal attention 11.2 26.8
w/o modality-specific weights 9.4 413
w/o EMA (gradient-based VQ) 13.1 30.7
w/o dead code restart 10.5 28.9
Shared decoder 12.8 38.6

TABLE V
COMPARISON WITH STATE-OF-THE-ART

Method Signal CR  PRD(%) Edge Multi VQ
DWT+SPIHT [6] ECG 8:1 5.2 Mod.  No No
LSTM-AE [28] ECG 10:1 7.1 No No No
BCAE+REC [12] ECG 117:1 7.8 RPi No  No
CDAE [29] ECG 64:1 ~4.1 Yes No No
CS-Net [9] EEG 3.3:1 7.0 No No No
AVDCT [19] EEG 7.8:1 17.1 Yes No No
hvEEGNet [14] EEG 4:1 28.0 No No No
Conv. AE [13] EEG 50:1 1.3 Yes No No
BrainCodec [17] EEG Var. <30 No No Yes
M-DCAE [15] Multi Var. — No Yes  No
Proposed ECGH+EEG 16:1 8.7/224  Yes Yes  Yes

Replacing EMA with gradient-based codebook updates
raises ECG PRD from 8.7% to 13.1%, consistent with
known instability of straight-through estimation [16], and
reduces codebook utilization below 40%. Dead code
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restart improves ECG PRD from 10.5% to 8.7%, raising
codebook utilization from ~72% to above 95%. A shared
decoder raises EEG PRD from 22.4% to 38.6%,
confirming negative transfer: a single parameter set
cannot simultaneously optimize for sharp QRS
morphology and smooth spectral EEG content.

The 480KB INTS8 encoder fits within the STM32H7’s
2MB flash and 1MB SRAM. At =48ms inference per 2-
second window, the processing duty cycle is only 2.4%,
leaving more than 97% of runtime for deep sleep. Integer
VQ indices are inherently more robust to wireless bit flips
than floating-point latent vectors.

Table V compares against state-of-the-art approaches.
Methods achieving lower single-modality PRD
(DWTHSPIHT at 5.2% ECG; Al-Marridi et al. at 1.3%
EEG) operate under unconstrained computation without
multi-modal support. Among multi-modal methods, M-
DCAE [15] and Ben Said et al. [20] use continuous latent
spaces without VQ or attention. BrainCodec [17] is the
closest VQ-based method but is EEGonly and lacks edge
deployment. The proposed method is the only work
combining dual-modality VQ compression, crossmodal
attention, and a sub-500KB edge encoder.

6. Conclusion

We proposed a dual-stream VQ-VAE framework for
joint edge compression of EEG and ECG signals,
integrating four tightly coupled innovations: dual
independent VQ codebooks with EMA updates and dead
code restart; bidirectional 8head cross-modal attention
over quantized representations; modality-specific
medical feature loss; and a 480KB INT8quantized edge
encoder compatible with ARM Cortex-M7. The
framework achieves ECG PRD of 8.7%, 99.3% QRS
detection accuracy, EEG spectral coherence of 0.87, and
a 16:1 compression ratio on the CAP Sleep Database.
Ablation experiments confirm that modality-specific loss
weighting provides the largest gain for EEG (73% PRD
reduction), while cross-modal attention improves both
modalities by 3—5%.

Limitations include ECG PRD exceeding the stringent
2% clinical threshold [24] and latency results derived
from computational estimates rather than physical
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hardware. Future work will explore INT4 quantization-
aware training, lightweight Transformer encoders, end-to-
end LoRaWAN validation on STM32H7, federated
learning for privacy-preserving codebook adaptation, and
extension to multi-channel EEG with spatial attention.
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