N

0o N oo o b~ W

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Edge seismic phase picking: model distillation for
multimodal early-warning systems

Hongyu Xiao', Jacob |. Walter!, Paul Ogwari’

1Oklahoma Geological Survey, University of Oklahoma, Norman, OK, USA

Corresponding author: Hongyu Xiao

Email: hongyu.xiao-1@ou.edu

Abstract

Seismic monitoring is entering a high data volume, multimodal sensing regime driven by dense sensor
deployments, including Micro-Electro-Mechanical Systems:(MEMS) arrays, large-N (100s-1000s) Nodal
arrays, Distributed Acoustic Sensing (DAS), and other geophysical instruments. Machine learning models,
with appropriate tuning and calibration, are capable of achieving close to expert-level performance in
seismic detection and phase picking. The emerging operational challenge is how to scale that machine
intelligence across future multimodal sensing networks. Effective incorporation of these capabilities
remains constrained by telemetry bandwidth, centralized computation architectures, and communication
latency. Here, we present XiaoNet, a proof-of-concept edge machine learning architecture for seismicity
monitoring based on a simple system principle: perform first-pass inference near the sensor and transmit
concise metadata rather than continuous streams. Using knowledge distillation, we compress a state-of-
the-art PhaseNet model by over 93% into XiaoNet, a 240 KB model designed for edge deployment, while
preserving strong phase-picking performance across datasets. Deployment on a Raspberry Pi 5 shows
sub-millisecond inference latency for 30-second 3-channel waveform windows. By shifting inference to
the edge and transmitting concise event metadata payloads, the framework demonstrated the potential

for edge inference to reduce communication latency. Substituting an event metadata message payload
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for continuous raw waveform stream largely mitigates the dominant source of variable telemetry delay
under moderate to heavy load. This result supports a feasible architecture in which edge inference
devices complements centralized observatories, potentially improving resilience and response speed for

seismic monitoring and may extend to future multimodal subsurface and infrastructure sensing systems.

Significance Statement

High performance machine learing models for geophysical sensing are typically developed and
deployed on the cloud or server side, but future monitoring systems will incorporate many more sensors
and modalities, from MEMS arrays to DAS and other continuous high-volume data streams. With rapidly
increasing data volume, centralizing all raw data could become a bottleneck and point of fragility. We
demonstrate that shrinking strong seismic models into edge-deployable models enables local, real-time
interpretation with minimal telemetry latency and excels in bandwidth limited use cases. In our case
study, this design preserves high detection performance while reducing communication burden and alert
latency. On the strength of these results, we envision a hybrid operational setting in which multimodal
sensing networks combine edge-based intelligence for rapid first response with centralized systems for
deeper analysis, improving speed; resilience, and scalability across geophysical hazard monitoring

applications.

Introduction

Earth’science is'entering an era of distributed sensing at unprecedented scale. Dense networks of
accelerometers, Distributed Acoustic Sensing (DAS) systems, nodal arrays, and other continuous high-
volume instruments are expanding our ability to monitor dynamic earth processes in real-time, at spatial
resolutions previously unattainable with traditional observational networks. In recent years, machine
learning has produced highly capable models for earthquake detection, seismic phase picking,
association and hazard characterization [1-7]. However, algorithmic capability alone is insufficient to

realize operational impact. A critical gap is infrastructure: a powerful model running on a remote server or
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cloud is of limited use if the raw waveform data required to run it cannot reach that server rapidly and
reliably. As sensing networks grow denser [8,9] and more diverse, streaming raw, high-rate data from
every channel to centralized servers introduces avoidable latency, network congestion, and a
dependence on continuous connectivity, which hampers detection exactly when resilient first response is

most critical.

This scaling challenge is particularly visible in induced seismicity settings, where events are often driven
by subsurface fluid injection, hydraulic fracturing, geothermal energy extraction and carbon sequestration.
These anthropogenic activities have altered seismic hazard in regions such-.as the U.S. Midcontinent [10-
14]. Effective and rapid monitoring of these localized stress perturbations requires dense spatial sampling
to track fluid migration and potential fault activation. Traditional broadband stations remain crucial for
high-fidelity regional and global analysis, but their sparse geometry can miss fine-scale, high-frequency
dynamics. Dense large N Array networks, such as MEMS arrays, offer a practical complement [15-20],
and DAS deployments further increase spatial coverage and channel count [21,22]. These advances
substantially improve observational capability, but each additional sensor tier compounds the telemetry

and real-time processing burden.

Current operations‘stream continuous multicomponent waveform data from every node to central hubs
[23-25]. Recent studies in operational seismology increasingly demonstrate the integration of DAS,
machine learning and real-time monitoring infrastructure. Biondi et al. [26] developed a real-time
processing framework that integrates DAS streaming and machine-learning based travel-time picking into
operational earthquake monitoring infrastructure. Tepp et al. [27,28] demonstrated the potential of DAS
observations and machine-learning phase picking to augment regional monitoring. Gou et al. [29]
developed an operational DAS-integrated earthquake early warning framework (dEPIC) that combines

machine-learning phase picking with event location and magnitude estimation. These developments
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highlight a broader shift toward integrating dense sensing, machine learning, and real-time processing

within operational seismic networks.

At the same time, machine-learning based seismic monitoring is moving beyond independent phase
picking toward integrated network-level detection, picking, and phase association. McBrearty and Beroza
[30] introduced a graph neural network approach for associating seismic phase arrivals across networks.
Sun et al. [31] developed a multi-station phase-picking framework that incorporates _spatial and temporal
information across the network rather than treating each station independently. These approaches
suggest that future seismic monitoring systems will increasingly combine local waveform interpretation

with network-level information for event characterization.

At scale, centralized transmission can saturate cellular and satellite links and it can introduce
compounding queueing delays. To address this.mismatch, inference can be redistributed across the
network hierarchy [32,33]. Centralized systems remain essential for raw waveform archiving, relocation,
and subsequent geophysical @analysis, but first-pass filtering, detection, and phase picking can be
performed near the sensor using compact models. This edge-first strategy directly reduces
communication volume and opens the door for a future automatic and semi-automatic processing at
multiple stages along the telemetry pipeline. Instead of transmitting continuous raw waveform streams,

each edge nodersends a compact metadata payload for later analysis. Induced seismicity monitoring
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1 provides a compelling test case, as shallow earthquakes near energy infrastructure and urban areas

2 require rapid, local response that centralized pipelines may not reliably deliver [24,34].
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Figure 1. Architecture of the XiaoNet. This model follows a symmetric encoder-decoder topology with three
encoder stages performing progressive 4x temporal downsampling via grouped depthwise separable 1D
convolutions, each followed by batch normalization and HardSwish activation. A bottleneck layer feeds into a
multi-scale feature extractor that fuses parallel convolution paths at kernel sizes 3, 5, and 7 to capture seismic
arrivals across multiple temporal scales. The decoder reconstructs temporal resolution with additive skip
connections from corresponding encoder stages preserving phase-timing precision. A final 1x1 convolution
projects to three output channels (P-arrival, S-arrival, noise), each passed through a sigmoid activation to
produce independent per-sample probability estimates.

Knowledge Distillation (KD) provides a model compression framework in which-a compact “student”
model is trained to imitate the behavior of a larger, high performance “teacher” model [35,26,36]. The
central design principle is to construct a student architecture that is sufficiently expressive to approximate
the teacher’s input-output mapping, while remaining lightweight enough for deployment under strict
memory and computation constraints. This is achieved by-designing a distillation loss that transfers
“knowledge” from the teacher to the student by encouraging agreement between their predictive outputs,
rather than relying solely on ground truth labels..Following this design, KD shifts machine learning from
direct supervised learming to model behavioraliimitation, enabling the student to inherit the functional
structure of the teacher model. The resulting model is significantly smaller while preserving much of the
teacher’s event relevant performance, making inference feasible in resource-constrained environments

such as edge computing systems.

With architectural innovations such as depthwise separable convolutions [37], which substantially reduce
the number of parameters and computational operations relative to conventional convolutions, we build a
compact, deployable seismic model (Figure 1). We first evaluate the performance of this new XiaoNet
model architecture on widely used benchmark earthquake datasets. We then use the pretrained

PhaseNet model to improve XiaoNet through the aforementioned KD framework. The final distilled
student model is approximately 240 KB in size while preserving strong phase picking performance. We
validate real-time phase picking on both a Raspberry Pi 5 and Jetson Orin Nano edge node and
demonstrated the potential for edge inference to reduce communication latency by performing first-pass

inference locally rather than continuous waveform streaming. The distilled model was also deployed on
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an ESP32-S3 edge computing device to verify lightweight portability, although without detailed latency
benchmarking. Together, these results provide a foundation for distributed edge inference across
heterogeneous sensing platforms. In a future hybrid architecture, MEMS arrays, DAS deployments, and
additional sensors could operate on appropriate hardware platforms, each contributing structured local
machine intelligence. This could enable distributed first-response and centralized high-fidelity analysis to

operate as complementary layers of a unified architecture.

Results

Efficacy of Knowledge Distillation on Diverse Datasets

We first established the baseline performance and generalization of XiaoNet by training the compact
model from scratch, without pretrained weights or knowledge distillation. We trained it independently
across diverse tectonic and induced seismicity datasets: STanford EArthquake Dataset (STEAD) [38],
Swiss Seismological Service (SED) dataset (ETHZ)[39], the Texas Seismological Network (TXED) [9],
and the Oklahoma Labeled Al Dataset (OKLAD) [40] derived from the Oklahoma Geological Survey
(OGS) network [8]. XiaoNet trained. from scratch demonstrated strong phase-picking performance across
these datasets. It displayed high phase picking capability on the global STEAD dataset (Figure 2A), with
a True Positive Rate [TPR] of 95.58% for P-arrivals and 94.67% for S-arrivals. It also demonstrated
strong P-arrival picking capability on ETHZ (91.38% TPR). However, performance was comparatively
constrained on‘complex.induced seismicity datasets, yielding reasonable but lower metrics for TXED
(80.16% P TPR, 82.99% S TPR) and OKLAD (81.23% P TPR, 82.41% S TPR). TXED and OKLAD are
predominantly. composed of region-specific induced seismicity associated with subsurface fluid injection,
hydraulic fracturing, and related anthropogenic activities, making them challenging test cases
characterized by heterogeneity, strong local scattering, and elevated anthropogenic noise. These results

demonstrate that the compact XiaoNet architecture can independently learn effective P- and S-phase
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representations without knowledge transfer, while also highlighting the benefit of subsequent knowledge

distillation for recovering performance under challenging regional conditions.

1007
B P-Phase

Bmm S-Phase 95.6%

True Positive Rate (%)

ETHZ OKLAD STEAD TXED
Dataset

Figure 2A. True positive rates for P-arrival and S-arrival detection when XiaoNet is trained from scratch
across four seismological datasets. XiaoNet achieves high phase picking performance on the global tectonic
STEAD dataset (P TPR: 95.58%, S TPR: 94.67%) and strong P-arrival performance on ETHZ (P TPR: 91.38%),

but yields reasonably lower performance on the induced seismicity datasets TXED (P TPR: 8016%, S TPR:

82.99%) and OKLAD (P TPR: 81.23%, S TPR: 82.41%). The performance disparity between tectonic and induced
seismicity regimes highlights the difficulty of extracting body-wave arrivals from shallow, anthropogenic
dominant events.

To improve XiaoNet performance on challenging induced seismicity settings, we implemented a
knowledge distillation (KD) framework using pre-trained PhaseNet as the teacher model. We first trained

the PhaseNet teacher from scratch using the full OKLAD dataset, achieving P-wave and S-wave TPRs of
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88.1% and 87.0%, respectively. We then distilled this knowledge into the same XiaoNet architecture,
using XiaoNet as the student model and varying the proportion of OKLAD training data from 0.5% to

100% to evaluate how performance scales with the amount of distillation data.

95 - ¢
B P-Phase

B S-Phase

90 .
88.1%

True Positive Rate (%)

0.5% 1% 5% 10% 100% Teacher
Training Data Percentage

Figure 2B. Progressive improvement in P arrival and S arrival true positive rates as a function of OKLAD
data fraction'used for Knowledge Distillation. The KD Student model (XiaoNet) shows progressive gainsin
both P and'S TPR as the distillation training set scales from 0.5% to 100% of OKLAD (P TPR: 77.42% to 82.41%;
S TPR:79.77% to 84.43%). Notably, even at 0.5%, the student model achieves reasonable detection rates,
indicating that the Teacher's structural representations transfer efficiently with minimal labeled examples.

The KD student model, which learns to mimic both the final probabilities and intermediate feature
representations of the teacher, successfully recovered strong phase picking performance (Figure 2B).

The results demonstrated a progressive and scalable improvement in the student model's TPR for both P
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and S phases. Using only 1% of the OKLAD training data for distillation, the student model achieved
TPRs of 78.0% for P-arrivals and 82.3% for S-arrivals, compared with 72.0% and 79.2%, respectively, for
XiaoNet trained from scratch using 1% of the data. Scaling to 100% data distillation further advanced the
student model's performance to F1-scores of 0.8629 (P-arrival) and 0.8610 (S-arrival) alongside TPRs of
82.41% and 84.43%. This process preserved sensitivity to emergent S-wave arrivals, which-are
historically more difficult to differentiate from preceding P-wave coda but remain the primary source for
catastrophic damage in cities; the rapid characterization of body wave type can lead to improvement in

the performance of some earthquake early warning algorithms [32].

10
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Figure 3. Histograms of phase-picking residuals (-1 to 1s) between the distilled student model predictions
and analyst-labeled ground truth. (A) P-phase picks and (B) S-phase picks.

To further assess phase picking quality and timing accuracy, we evaluated the residuals between model
predictions and analyst-labeled P and S phase arrivals. For the Teacher model, 115,826 of 131,483 P

arrival picks and 112,648 of 129,503 S arrival picks had residuals within 0.6 s to the ground truth,

11
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corresponding to TPRs of 88.1% and 87.0%, respectively. The Teacher predictions exhibited mean
residuals of 0.0046 s for P phases and 0.0044 s for S phases, with standard deviations of 1.1244 and
0.7018 s, respectively. The distilled Student model recovered 82.41% of P arrivals and 84.43% of S
arrivals within the 0.6 s. The student model’s mean residuals were 0.018 s for P phases and -0.006 s for
S phases, with standard deviations of 1.409 and 1.080 s, respectively. The near-zero mean_residuals
indicate minimal systematic timing bias in the student model, while the larger standard deviations relative
to the Teacher indicate greater dispersion in the predicted arrival times. The student model residual
distributions are shown in Figure 3. And waveform and picking examples of Teacher model and Student
model predictions are shown in Figure 4. These results demonstrate that the distilled Student model
preserves near-zero systematic timing bias to both P- and S-phase arrivals,-while exhibiting some

increased variability in individual pick times.
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Figure 5A. Comparison of Total Trainable Parameters between XiaoNet, PhaseNet and EQtranformer.

Figure 5B. Single trace inference runtime of XiaoNet across two edge hardware platforms (Pi 5 and Jetson
Orin Nano) using standard and optimized execution formats.

The KD student model (XiaoNet) contains 20,208 trainable parameters and achieves high accuracy with a
compact architecture..Compared to PhaseNet (268,443 total trainable parameters) and EQTransformer
(376,935 total trainable‘parameters), this represents a 92.4% and 94.6% reduction in model size,
respectively-(Figure 5A). The resulting memory footprint is approximately 240 KB, allowing the full model
to fit within the L1/L2 cache of modern edge processors. This reduces dependence on external memory

access during inference and mitigates associated latency overheads.

To validate real-time stream processing on hardware that can reasonably be integrated at the edge, the
model was benchmarked on accessible edge computing hubs (Raspberry Pi 5 and Jetson Orin Nano)
using both standard PyTorch (".pth") and optimized formats (ONNX and TensorRT accordingly). While

standard execution yielded mean latencies of 6.63 ms (Pi 5) and 8.55 ms (Orin Nano), hardware-specific
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optimization reduced mean inference times to 0.71 ms and 0.51 ms, respectively, for a 30-second (100
Hz) 3-channel waveform window (Figure 5B). These sub-millisecond latencies confirm that high
efficiency edge hubs can act as local aggregators for multiplexed sensor clusters without bottlenecking

the alert sequence.

30
14 “.fehe B PhaseNet (Pi5)

Bl PhaseNet (Orin Nano) B XizoNet (Pi5)
B XiaoNet  (Orin Nano)

20.370' s

N
(=]

o

Total Inference Time (s)
Total Inference Time (s)

=)

512

Chunk Size Chunk Size

Figure 6. Benchmarked real-time edge streaming inference time across a 10,000-channel DAS array. (A)
NVIDIA Jetson Orin Nano and (B) Raspberry Pi 5. For each edge computing platform, total inference time
was measured for a continuous 30-second time window (3,001 samples at 100 Hz across 10,000 channels
with a 15-s hop, corresponding to 50% overlap), comparing XiaoNet with standard PhaseNet over 20
consecutive streaming runs. Bars and error bars represent the mean and standard deviation, respectively,
across varying processing batch chunk sizes.

Furthermore, to evaluate the model’s potential for scalable inference on ultra-dense networks such as
DAS, we benchmarked continuous streaming over a 10,000-channel DAS array using 100-Hz sampling
rate, 30 s processing trace length and 15 s sliding hops (50% overlap). Each channel was augmented
with two additional dimensions to match the model input format. On the NVIDIA Jetson Orin Nano (Figure
6A), XiaoNet (PyTorch in pth format) processed the full 10,000-channel input in 0.814 s, achieving a 6.6
times speedup over PhaseNet (5.365 s) and consuming only 5.4% of the 15.0 s hop budget (the

maximum processing time available before the next input window arrived), leaving more than 94.5% real -

15
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time headroom. On the Raspberry Pi 5 (Figure 6B), XiaoNet (ONNX format) completed the full 10,000-
channels input inference in 13.09 s, satisfying the 15.0 s streaming threshold, whereas PhaseNet

required 22.14 s—27.72 s, exceeding real-time budget. These results demonstrated the feasibility of real-
time, array-wide edge seismic monitoring using lightweight architectures on accessible commercial edge
computing devices. We note that this benchmark evaluates computational efficiency and does not
constitute a direct comparison with DAS specific phase-picking models such as PhaseNet-DAS [39].
Therefore, the results are intended to demonstrate the edge-inference scalability of XiaoNet rather than to

establish its superiority over models specifically optimized for DAS data.

Most significantly, such tiny footprint provides an implementation pathway for integrating directly onto
bare-metal MEMS microcontrollers. We successfully deployed XiaoNet on an ESP32-S3 microcontroller,
proving the model is loadable and stable even when handling-long -duration 30-second (100 Hz) multi-
component traces. Hardware testing demonstrated that the ESP32-S3 can process a 30-second window
in 2,148 ms, representing a processing speed faster than real-time. This demonstrates that modemn
seismic phase picking capability is'ho longer restricted to cloud supercomputers, which can enable
thousands of ultralow power micro-processors to seamlessly augment the sparse network of traditional

back bone stations.

Spatial and Temporal Impact on Early Warning

State-of-health analysis of the current Oklahoma Geological Survey monitoring network shows a median
telemetry latency of 1.8 seconds embedded within the waveform delivery pipeline.[8] This delay arises
because traditional cloud centric architectures must transmit full raw waveform payloads (~27 KB per 30-
second, 100 Hz, 24-bit window) over cellular links (LTE/4G) before centralized servers can begin phase

picking. The packetization of data and acknowledgement of receipt required to send over Transmission
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Control Protocol (TCP) can further increase telemetry delays. Every delay within the data transmission

pipeline potentially hinders earthquake early warning system efficacy.

XiaoNet-based models eliminate this bottleneck by performing inference directly at the sensor edge.
Rather than streaming raw waveforms, the edge node completes phase picking locally ‘and transmits only
a compact 32-byte metadata payload (pick timestamp, wave type, probability, and station ID) via
lightweight MQTT protocols [41] —a payload reduction exceeding 99.8%. This compression effectively

mitigates transmission congestion and entirely removes centralized queuing-from'the alert pipeline.

The practical implication is that the reduced processing time.can effectively translate into additional
warning time under idealized propagation assumptions. Fortypical crustal S-wave velocities (~3.5 km/s),
a reduction of 1.8 seconds corresponds to approximately 6 km of additional wave travel distance prior to
the arrival of ground motion. In induced seismicity settings, where hypocenters are often shallow and
critical infrastructure may lie within ~10 km of the source, even modest reductions in processing time can
increase the available window for.alert dissemination before the onset of strong shaking. Deploying low-
latency edge sensors alongside existing broadband networks therefore has the potential to extend the

effective operational reach and performance of real-time monitoring systems.

Discussion

The central finding of this work is that Knowledge Distillation can compress a research level seismic
phase picker into a model small enough to execute on edge computing devices while retaining detection
performance under the evaluated conditions. This result has direct implications for the design and

operation of dense seismic networks (Large-N arrays): edge ML models could support a hybrid
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architecture in which distributed sensors provide rapid, autonomous first-pass detections that supplement

the high fidelity, high dynamic range backbone network analysis performed by centralized systems.

The Knowledge Distillation results demonstrated an instructive asymmetry. XiaoNet trained.independently
achieves high fidelity on the global STEAD dataset but requires Teacher guidance to recover comparable
performance on regional induced seismicity data (OKLAD), suggesting that the compact architecture
readily captures broadband waveform features but benefits from supervised transfer for the subtler
arrivals’ characteristic of shallow, noisier local induced events. This asymmetry carries a practical
implication: the distillation pipeline is portable. Operators seeking to deploy-edge inference models in a
new tectonic setting need only retrain the Teacher on relatively small. amount of locally labeled data. And

the student architecture and distillation protocol remain unchanged.

Importantly, the progressively smaller gains in TPR performance with increasing training data volume
(Figure 2B) suggest diminishing marginal returns from additional training data. With smaller training data
volumes, each additional subset of the OKLAD dataset provides substantial new information, enabling the
student model to betteriapproximate the Teacher's decision and representations. However, because the
Teacher already provides a strong supervisory performance, a relatively small amount of localized data
may be sufficient for the student to learn the characteristics of the target region/dataset phase-picking
ability. As the training volume increases, newly added training samples increasingly contain patterns that
are/already.represented in the previous training data, providing less new information for further
performance refinement. Consequently, increasing the training data volume continues to improve phase-
picking performance, but the degree of improvement decreases as the student approaches the
performance attainable from the available data and distillation architecture. This indicates that substantial
knowledge transfer can be achieved with a relatively small fraction of the localized data, while larger

training volumes can provide progressively finer improvements in sensitivity and generalization.
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Importantly, this data efficiency further supports the portability of the proposed distillation framework, as

adapting the student model to a new tectonic setting may not require extensive localized data.

The hardware benchmarks demonstrated deployment feasibility across distinct operational tiers. Sub-
millisecond optimized inference on the Raspberry Pi 5 and Jetson Orin Nano shows that single board
computers can effectively serve as local aggregators for multiplexed sensor clusters without contributing
noticeable latency to the alert pipeline. The successful execution on an ESP32-S3 device, which
processed a full 30 second, 100 Hz trace faster than real-time, is more noteworthy, because it further
demonstrates the deployment on the class of ultralow power processors already integrated into MEMS
accelerometers. Phase picking at the point of measurement, rather than after telemetry, represents a

qualitative shift in network topology.

The architecture also has potential applicability:beyond MEMS based sensing. Distributed Acoustic
Sensing (DAS) systems can generate high-dimensional, continuous waveform streams, making localized
inference particularly attractive forreducing the volume of data that must be transmitted upstream. Our
10,000-channel edge streaming benchmark (Figure 6) demonstrates the computational feasibility of
applying the lightweight XiaoNet architecture to such high channel-count data streams on commercially
accessible edge computing devices. However, this benchmark evaluates computational scalability rather
than phase-picking accuracy on DAS recordings and does not constitute a comparison with DAS -specific
phase-picking models. DAS-specific model development and validation represent a prospective extension

of this'framework. More broadly, the principle of performing inference close to where data are generated
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and transmitting only compact phase-picking metadata upstream is potentially applicable across sensing

modalities and becomes increasingly valuable as data density increases.

Several limitations are still worth consideration. Domain shift remains a key challenge: models trained
across diverse tectonic datasets can degrade performance in other region such as basins or noisy
environments that were not represented in the training distribution [43,44]. Federated protocols [45], in
which local models adapt to site specific conditions while preserving communication efficiency and data
governance, offera promising path forward. In this setting, each edge deployed model can be further fine-
tuned on site-specific seismic characteristics, while a central aggregation process improves global
performance across regions without requiring direct access to raw data: Extension to DAS -specific edge
models [46], cross-modal event association, and direct integration with operational platforms (i.e.

SeisComP, AQMS, and ShakeAlert) represent important next-steps.

This study establishes that edge-first seismic phase picking inference is technically viable, operationally
promising for an active monitoring‘network. By reducing telemetry-related latency by at least 1.8 s relative
to the cloud-centric pipeline; edge inference provides additional time for downstream event
characterization and alert generation. As a first-order estimate, this 1.8-s latency reduction corresponds to
approximately 6.3 .km of propagation distance, illustrating the potential significance of even modest
latency reductions for communities located near induced seismicity sources. For such communities,
where available warning time may be particularly limited, reducing processing and telemetry latency could

therefore contribute to more effective earthquake early warning.

Materials and Methods
Dataset Configuration
We evaluated the XiaoNet framework across four seismological datasets representing two distinct

seismogenic regimes. STEAD [38] and ETHZ [39] served as global tectonic benchmarks, including
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primarily natural earthquakes across various epicentral distances, focal depths, and magnitude ranges.
The STanford EArthquake Dataset (STEAD) is a comprehensive, globally curated benchmark comprising

approximately 1.2 million high-quality, three-component seismic waveforms from over 450,000 local

earthquakes, specifically designed for large-scale training of machine learning models. And the ETHZ

dataset is a manually compiled, regional benchmark containing more than 20,000 high-resolution seismic
arrivals recorded across Switzerland and neighboring alpine regions by the Swiss Seismological Service
(SED) and AlpArray networks. Meanwhile, TXED [9] and OKLAD [40] provided induced/anthropogenic
dominated seismicity benchmarks characteristic of shallow, injection/hydraulic fracking related events.
The Texas Earthquake Dataset (TXED) is a specialized regional benchmark consisting of over 20,000
manually labeled earthquake events and 200,000 noise waveforms from the Texas Seismological
Network (TexNet). Oklahoma Labeled Al Dataset (OKLAD) comprises‘over 1 million labeled three-
component (3C) waveform traces and was selected as the primary dataset for the Knowledge Distillation
experiments, serving as the training data for both the Teacher model and the distillation data efficiency

scaling analysis.

All seismic data, including the STEAD,/ETHZ, TXED and OKLAD benchmarks, were accessed and
processed through SeisBench, an open-source Python framework that provides a unified API for
standardizing seismic datasets and deploying deep learning models. [47] All waveforms were resampled
to 100 Hz and cut'into 30-second windows, providing sufficient duration to capture both P- and S-wave
arrivals within a single inference frame. Data were divided into 70% training, 15% validation, and 15%
testing splits. Each channel was independently normalized to account for varying instrument calibrations

and local site amplification effects.

Methods

All models were trained from random initialization without pretrained weights. PhaseNet [2] was used as

the teacher model in a knowledge distillation framework. PhaseNet is 1-dimensional U-Net architecture

21

920z Joqwaydag |z uo Jasn Aleiqi] meT - ewoyepO Jo Alsianiun Aq +8z/188/zzcbebd/snxauseud/ce0L 0L /10p/a[01e-90uBApe/shxauseud/wod dno-olwapede wolj papeojumoq



a b~ W N

11
12
13
14
15
16
17

18

19
20
21

widely adopted in seismology for its expansive temporal receptive field. It implements a multi-tiered
encoder—decoder topology with residual skip connections and symmetric upsampling. This model It
accepts 3 channel waveform input (3001 samples) and outputs per sample probability distributions for P -
arrival, S-arrival, and noise. PhaseNet was trained from scratch on OKLAD and its model weight was

subsequently frozen during student training.

XiaoNet, the student model, is a lightweight encoder—decoder network designed for.edge deployment.
(Figure 1) The architecture employs grouped depthwise separable 1D convolutions [37] throughout,
minimizing parameter count while preserving representational capacity. The.encoder consists of three
stages with progressive 4x temporal downsampling (kernel sizes 7, 5, 5), each followed by batch
normalization and HardSwish activation function [48]. A bottleneck layer with 4x downsampling feeds into
a multi-scale feature extractor that fuses parallel convolution:paths at kernel sizes 3, 5, and 7 to capture
seismic arrivals across multiple temporal scales. The.symmetric decoder upsamples via nearest-neighbor
interpolation followed by depthwise separable convolutions, with additive skip connections from the
corresponding encoder stages to_preserve phase-timing precision. The output layer is a 1x1 convolution
projecting to three channels (P, S, noise), each passed through a sigmoid activation to produce

independent per-class probabilities.

XiaoNet was evaluated both as a baseline model trained independently from scratch and as the student
model within the distillation framework. In the baseline setting, XiaoNet was trained using standard

supervised learning on each dataset without access to teacher outputs. In the distillation setting, the
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student model was trained using a composite loss combining ground -truth supervision and teacher

guidance.

Specifically, the student model was trained using a two-term composite loss:

LTotal = aLHard + (1 - a) LSoft (e.g1)

where the Hard Target Loss ( Ly,q) is binary cross-entropy (BCE) between. the student model’s sigmoid
outputs and the ground-truth analyst labels. And the Soft Target Loss (Lg;) is' BCE between the student
model's outputs and the Teacher's probability predictions, treated as independent soft labels. When
temperature softening is applied (T > 1), the Teacher's output probabilities are first converted back to
logits, scaled by 1/T, and passed through a sigmoid functionto produce softened targets. The weighting
parameter alpha was 0.5 which represents equal influence from ground -truth labels and Teacher
guidance. To evaluate data efficiency, the distillation was repeated using 0.5%, 1%, 5%, 10%, and 100%

of the OKLAD training partition, with all"'other hyperparameters held constant.

Hardware validation was performed across three deployment tiers representing constrained edge
environments. The distilled model is first evaluated on a Raspberry Pi 5 (quad -core ARM Cortex-A76)
using both:standard PyTorch inference and ONNX-optimized execution on 30-second, three-component
waveform windows. The same inputs are then deployed on an NVIDIA Jetson Orin Nano (128-core GPU,
8 GB LPDDRY5), using both PyTorch and TensorRT-optimized inference backends. To assess extreme

low=power feasibility, the model is additionally deployed on an ESP32-S3 microcontroller (N16R8).
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Execution is subsequently validated under bare-metal conditions to confirm compatibility with ultra-low

power MEMS hardware.

To quantify the impact of edge inference on earthquake early warning (EEW) latency,we used the
empirically observed median telemetry latency of 1.8 seconds from the Oklahoma monitoring network's
state-of-health diagnostics. The traditional cloud pipeline was modeled with a 30-second data integration
window followed by raw waveform transmission (~27 KB per window) over LTE/4G, subject to the
observed 1.8-second combined transmission and queuing delay, plus server=side inference (~100 ms).
The edge pipeline was modeled with identical data integration followed by:on-device inference (sub-
millisecond on Pi 5) and transmission of a 32-byte MQTT metadata payload (pick timestamp, wave type,
confidence, station ID), with negligible transmission latency (~50 ms). The latency difference was
converted to an effective spatial warning radius underidealized propagation conditions using an assumed

typical crustal S-wave velocity of 3.5 km/s.
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Data and Software Availability Resources

Waveform data and associated metadata used in this study were obtained from the Oklahoma Geological

Survey (OGS) data archive [3]. The XiaoNet architecture, trained models and distilled models and

associated source code used in this study are publicly available on Zenodo:

https://doi.org/10.5281/zenodo.22097958. OKLAD curated waveform data are available openly available

on Zenodo: https://doi.org/10.5281/zenodo.18991761
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