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SUMMARY

Deep-learning phase pickers are increasingly deployed on borehole microseismic
arrays, yet two questions central to operational monitoring remain poorly quantified:
how well such models generalize to a site they were not trained on, and whether the
cross-station moveout that an array provides actually improves that generalization.
We give the first confound-free answer using the AMBER benchmark of eight three-
component downhole arrays. A velocity-free, waveform-direct picker is trained under
a strict leave-one-site-out (LOSO) protocol — seven sites for training and zero-shot
evaluation on the eighth with no fine-tuning — and the contribution of moveout is
isolated by an ablation in which the identical two-dimensional U-Net is trained either
on the full array (the station axis is convolved, so moveout is available) or per trace
(single-station inputs, moveout removed), so that the only difference is the presence
of moveout. Across the eight held-out sites the two configurations are statistically
indistinguishable in median F1 (0.885 versus 0.878; event-bootstrap 95 per cent
confidence intervals overlap at the majority of sites): array moveout confers no
systematic generalization benefit. The effect is instead strongly site-dependent and, at
one site, catastrophic. Where a new array’s median P moveout exceeds the largest
value seen in training (forge_19, 70 ms versus a 62 ms training maximum) the array P
detector collapses (F1 0.18) while the per-trace model recovers it (0.76); probability
diagnostics show a detection failure, not a timing error, and a station-shuffle control
attributes the collapse to non-transferable cross-station coupling. Because unattended
monitoring is governed by worst-case rather than average performance, we



recommend the velocity-free per-trace picker as the safer default and treat array
moveout as a conditional, in-distribution enhancement guarded by an explicit out-of-
distribution check.

Key words: Neural networks, fuzzy logic; Induced seismicity; Earthquake monitoring;
Computational seismology; Time-series analysis.

1 INTRODUCTION

Microseismic monitoring of fluid-injection operations — enhanced geothermal
systems, hydraulic fracturing and geological CO2 storage — is central to managing
induced seismicity and imaging reservoir processes (Ellsworth 2013; Grigoli et

al. 2017), and is increasingly performed on dense borehole and fibre-optic (DAS)
arrays (Karrenbach et al. 2019; Lellouch et al. 2019; Lindsey & Martin 2021). It
depends on detecting and timing P and S arrivals in continuous borehole records,
often at sampling rates an order of magnitude higher than the regional networks on
which most deep-learning (DL) pickers were trained. Established surface-trained
models such as GPD (Ross et al. 2018), PhaseNet (Zhu & Beroza 2019) and
EQTransformer (Mousavi et al. 2020), distributed through frameworks such as
SeisBench (Woollam et al. 2022), have transformed catalogue completeness, but their
behaviour on high-frequency downhole arrays is only beginning to be characterized.
Systematic cross-domain benchmarking shows that such pickers transfer within a
data domain yet degrade on recordings with different characteristics (Miinchmeyer et
al. 2022), and induced-seismicity applications often require in-domain retraining
(Park et al. 2020; Chai et al. 2020). Lim et al. (2025) benchmarked four surface-
trained DL pickers on the Preston New Road (PNR-1z) borehole dataset and found
that, although the models detect induced seismicity, they do not transfer to the high-
frequency borehole regime without fine-tuning. That study frames the problem we
address here: rather than asking how well surface-trained models transfer, we ask
how well a borehole-trained model generalizes to an unseen borehole site, and whether
using the array — specifically the across-station moveout — helps or hurts that
generalization.

Two design philosophies are in tension. An array-level picker can, in principle, exploit
the coherent sweep of an arrival across depth-ordered stations (moveout) as an
additional discriminative cue, much as array methods and analysts do (Rost & Thomas
2002). A per-trace picker ignores this cue and treats each station independently. The
array cue is attractive, but it couples the model to the geometry of the training arrays;
if a new site has a different aperture, station spacing or source-array configuration, a
moveout-dependent detector may extrapolate poorly. Whether the net effect across
realistic sites is positive, negative or neutral is an empirical question that, to our
knowledge, has not been tested in a confound-free way.



We make three contributions. (i) We evaluate a velocity-free, waveform-direct picker
under a strict zero-shot LOSO protocol on the eight-site AMBER benchmark, reporting
event-bootstrap confidence intervals (Efron & Tibshirani 1994) so that per-site
differences are interpretable rather than anecdotal. (ii) We isolate the contribution of
moveout with a confound-free ablation — the same network, data and training
schedule, differing only in whether the station axis is available — avoiding the
sampling-rate, architecture and training-domain confounds that make off-the-shelf
comparisons inconclusive. (iii) We quantify when moveout helps by relating the array
advantage to a data-driven measure of each site’s across-station moveout, and we
diagnose the dominant failure mode as out-of-distribution geometry rather than
intrinsic difficulty. The result is a cautionary, operationally actionable finding: across
sites there is no systematic benefit to array moveout, the per-trace picker is more
robust in the worst case, and we recommend it as the safer default for unattended
monitoring.

This work is part of the MOIRAI line of velocity-free monitoring tools; hereafter we
refer to the picker simply as the array or per-trace model.

2 DATA: THE AMBER BENCHMARK

We use the AMBER benchmark of three-component downhole microseismic arrays
(Verdon et al. 2026), compiled from ten field sub-datasets. After excluding two sub-
datasets (Cotton Valley Stage B and FORGE 2022) with incomplete or inconsistent
station metadata in our processing, we retain eight clean sites spanning enhanced-
geothermal, hydraulic-fracturing, carbon-storage and other induced-seismicity
settings: pnr-1, pnr-2 (Preston New Road), mseel_3h, mseel_5h (MSEEL),
clearfield_mw#4, clearfield_mwé6 (Clearfield), aneth (Aneth CCS) and forge_19 (Utah
FORGE 2019). All records are processed to a common sampling rate (2000 Hz) and a
fixed analysis window of 2048 samples across 12 depth-ordered stations.

Table 1 summarizes the sites. For each we report the number of catalogued events
and a data-driven descriptor of array geometry — the across-station moveout, defined
per event as the difference between the latest and earliest catalogued arrival sample
over the stations carrying a pick, converted to milliseconds; we report its per-site
median and inter-quartile range (IQR) for P and S. This descriptor is coordinate-free
(it is read directly from the labels) and therefore robust to differences in metadata
schema between sites. It is also the quantity an array-level moveout cue must learn,
which makes it the natural axis along which to ask whether moveout generalizes.

Table 1. Site characteristics. Moveout is the median (IQR) across-station P/S arrival
spread over events with at least two picked stations.

Site Events P moveout, ms (IQR) S moveout, ms (IQR)

pnr-1 1258  62.0 (4.0) 105.0



Site Events P moveout, ms (IQR) S moveout, ms (IQR)

mseel_3h 1684 31.5(12.5) 51.0
mseel_5h 1512 26.8 (17.6) 41.5
clearfield_mw6 1612 25.0 (19.0) 41.5
pnr-2 972 35.0 (3.0) 55.5
clearfield_mw4 1254 25.3 (21.5) 42.3
aneth 298 6.0 (3.0) 18.0
forge_19 1213 70.0 (3.0) 129.0

The eight sites span more than a factor of ten in P moveout (6-70 ms). Two features
anticipate the results below: aneth has the smallest moveout (6 ms; stations are
nearly redundant), and forge_19 has the largest (70 ms) with an unusually tight IQR (3
ms; an almost constant, steep moveout), exceeding the largest training value available
to it under LOSO (pnr-1, 62 ms).

3 METHODS

3.1 Input representation and labels

Each event is a tensor of shape (C, S, T) with C = 3 components (N, E,Z),upto S = 12
depth-ordered stations and T = 2048 samples at f; = 2000 Hz (a 1.024 s window);
amplitudes are normalized per station, and station (depth) order is preserved because
it carries the moveout. Targets follow a tapered labeller: for a catalogued arrival of
phase ¢ € {P, S} at sample t? on station s, the target is a symmetric linear taper of
half-width D = 30 samples (£15 ms),

|t

y¢ (£) = max (0, 1- T) ys (8) = clip(1 —y5 — ¥3, 0, 1), (1)
Equation (1) gives the per-station targets, so the network is trained against three soft
channels [P, S, noise]. Noise-only events (no catalogued picks) carry all-noise targets

and provide true-negative supervision.

3.2 Network architecture

The picker (MoiraiPickerL3, ~ 8 M parameters) is a two-dimensional U-Net
(Ronneberger et al. 2015) acting on the (station,time) plane. It is built from
GroupNorm + SiLU residual blocks (two 3 X 3 convolutions with a 1 X 1 skip), a stem
with base width 32, depth 4 and channel multipliers (1,2,4,8) (widths 32/64/128/
256), and a light self-attention layer at the bottleneck. All down- and up-sampling
act on the time axis only (stem and each encoder stage stride the time axis by 2 via
3 X 3 convolutions; the decoder mirrors this with transposed convolutions and skip
connections). The station axis is convolved but never strided or pooled, so cross-



station moveout is accessible throughout while the station count is preserved end to
end. The input/output channels are 3 (N,E,Z) and 3 (P,S,noise); dropout is 0.1. Because
the station axis is never reduced, the same weights process any number of stations

1 < § < 12 unchanged — the property that makes the confound-free ablation (Section
3.5) exact.

3.3 Training

Pixels are dominated by the noise class, so we minimize a class-weighted focal loss
(Lin et al. 2017). With logits z s ¢, predicted probabilities p. s, = a(zas't) and binary
cross-entropy BCE(p,y) = —[ ylogp + (1 — y)log(1 —p) ],

1 ~ 14 A
L=rVeseWe (1= Pese) BCE(Pese Yese) ¥ =2, (wp,ws,wy) = (1,1,0.2).

(2)

Equation (2) is the per-pixel training objective. (BCE and softmax cross-entropy
variants are retained for picker-comparable benchmarking.) Optimization uses
AdamW (Adam: Kingma & Ba 2015) with learning rate n = 3 x 10™%, decoupled
weight decay 1074, batch size 16 events, and up to 200 epochs with a 5-epoch linear
warm-up followed by cosine decay. Training uses mixed precision and gradient
clipping, with a guard that skips any non-finite batch so it cannot corrupt the weights.
We keep an exponential moving average (EMA) of the parameters (Polyak & Juditsky
1992; Izmailov et al. 2018),

e_t = ae_t_l + (1 - a) gt, a = 0.999,

as in Eqg. (3), and report the EMA weights, which were consistently at least as good as
the raw weights. Early stopping uses a patience of 25 epochs on the development F1-
mean (Section 3.7). The base random seed is fixed (1234); the decisive folds are
additionally repeated over three seeds for the error bars in Section 4.2.

3.4 Leave-one-site-out protocol

Generalization is measured zero-shot: for each held-out site the model is trained on
the other seven sites and evaluated on the held-out site with no fine-tuning. Model
selection (early stopping) uses a development split drawn from the training sites only.

3.5 Confound-free moveout ablation

To isolate the contribution of moveout we train the identical network in two
configurations that differ only in whether the station axis carries coherent moveout:

e array — full (channel, 12,time) input; the station-spanning convolutions can
use moveout.

(3)



e per-trace — single-station inputs (S = 1); moveout is unavailable, while every
other factor (architecture, data, optimizer, schedule, augmentation) is identical.

Because the only difference is the presence of moveout, any performance gap is
attributable to moveout rather than to sampling rate, architecture or training domain
— the confounds that limit off-the-shelf baselines.

3.6 Station-shuffle control

A reviewer may object that collapsing the station axis also changes the receptive field
and batch statistics, not only moveout. As a sharper control we additionally train an
array model on inputs whose station order is independently permuted per sample,
applied identically to waveforms and labels: this preserves array size and per-station
waveform/label pairing while destroying the coherent across-station moveout. It thus
separates the effect of ordered moveout from generic cross-station coupling. Results on
all four decisive sites are in Section 5.3 (Table 3).

3.7 Scoring and uncertainty

A predicted pick for phase g is the time of the probability peak, t¥ = argmax,p®(t),
declared only where max,p? (t) > 0.30; duplicate peaks within 30 samples (15 ms)
are suppressed, and per-trace picks are aggregated to the event. A pick is a true
positive (TP) if |£# — t?| < 7, with primary tolerance T = 20 ms (40 samples; we also
report £10 and +50 ms). Per phase we report, in Eq. (4),

TP 2 precision-recall
= (4)

recall = —— =
’ TP+FN’ 1

precision =

TP+FP precision+recall’

and summarize each site by F;-mean = i (Ff + F}). On noise-only events any pick is a

false alarm, reported as false alarms per noise event. To quantify finite-test
uncertainty we compute event-level bootstrap 95 per cent confidence intervals (Cls):
events are resampled with replacement (B = 300) and the metric recomputed, the CI
being the 2.5/97.5 percentiles (Efron & Tibshirani 1994). Training-seed variability is
assessed separately by repeating the four decisive folds across three random seeds;
we report the mean and standard deviation of the held-out F;-mean (Fig. 3).

3.8 Moveout descriptor

The geometry descriptor of Section 2 is read directly from the labels: for phase ¢ and
event e,

@ _ 1 @ . s
Apo(e) = - (sg}s%g)ts (e) in ts (e)>, (5)

where S(e) are the stations carrying a pick; we report its per-site median and IQR.
Equation (5) is the quantity an array-level moveout cue must learn, and provides the



axis along which we test whether the array advantage is conditional. We relate the
per-site array advantage, 4 = F;-mean(array) — F;-mean(per-trace), to the site’s
median P moveout (Fig. 4).

4 RESULTS

4.1 Array-level generalization

Under LOSO the array model generalizes well to seven of eight unseen sites, with held-
out F1-mean between 0.85 and 0.99, and S recall is robust everywhere (Fig. 1). The
single exception is forge_19, where P collapses (P F1 0.18) while S remains strong
(0.86); the collapse is flat across the £10/20/50 ms tolerances, indicating a detection
failure rather than a timing error (Section 5.1). One site, pnr-2, shows markedly
elevated noise false alarms for the array model (* 1.8 picks per noise event, averaged
over seeds, versus = 0.15 for per-trace).

4.2 Array versus per-trace

Table 2 reports per-phase F1 for both configurations at the primary tolerance, with
the per-site advantage A and a verdict from the bootstrap Cls. The result is mixed and
site-dependent: the array is significantly better at two sites, the per-trace model is
significantly better at two, and the remaining four are statistical ties (Fig. 2).

Table 2. Per-phase F1 (EMA, +20 ms), array versus per-trace, with A = F1-
mean(array) - F1-mean(per-trace) and the bootstrap-CI verdict. Cls in the text are 95
per cent on F1-mean.

Site array P arrayS per-traceP per-traceS A Verdict
pnr-1 0989 0978 0.991 0.985 -0.004 tie
mseel_5h 0906 0.884 0.889 0.882 +0.010 tie
clearfield mw6 0.873 0.872 0.871 0.869 +0.003 tie
mseel_3h 0902 0.884 0912 0.888 -0.007 tie

pnr-2 0.890 0.871 0.887 0.794 +0.040 array
clearfield mw4 0.860 0.844 0.793 0.756 +0.078 array
aneth 0.943 0.835 0.965 0.916 -0.051 per-trace
forge_19 0.178 0.857  0.755 0.928 -0.324 per-trace

Event-bootstrap 95 per cent confidence intervals on F1-mean (300 resamples)
confirm every verdict. Four sites are statistical ties (overlapping intervals): pnr-1
array [0.982, 0.993] versus per-trace [0.982, 0.994]; mseel_3h [0.873, 0.908] versus
[0.876,0.911]; mseel_5h [0.876, 0.915] versus [0.860, 0.898]; clearfield_mw6 [0.853,
0.887] versus [0.854, 0.888]. Two favour the array with disjoint intervals: pnr-2
[0.863,0.910] versus [0.807, 0.855], driven by S (array S [0.849, 0.902] versus per-



trace [0.762, 0.818]); and clearfield_mw4 [0.832, 0.884] versus [0.740, 0.795], on both
phases (P [0.838, 0.890] versus [0.758, 0.811]; S [0.821, 0.884] versus [0.720, 0.785]).
Two favour per-trace with disjoint intervals: aneth [0.878, 0.900] versus [0.926,
0.947], driven by S (array S [0.813, 0.850] versus [0.899, 0.928]); and forge_19 [0.516,
0.556] versus [0.815, 0.854], a P-detection collapse (array P [0.168, 0.234] versus per-
trace [0.709, 0.777]).

Notably, the two significant differences are both carried by the S phase and point in
opposite directions — array S is better at pnr-2, per-trace S is better at aneth — which
is the signature of a geometry-dependent, not a uniformly beneficial, cue.

Training-seed stability. Repeating the four decisive folds across three seeds
confirms every verdict with non-overlapping mean * standard deviation: forge_19
array 0.458 + 0.107 versus per-trace 0.808 + 0.050; aneth 0.885 + 0.004 versus 0.935
* 0.012; clearfield_mw4 0.858 + 0.004 versus 0.752 + 0.018; pnr-2 0.874 + 0.001
versus 0.812 + 0.012 (Fig. 3). The differences therefore exceed both finite-test
(bootstrap) and training-seed variability. One feature is itself diagnostic: the array
model’s seed variance is one to two orders of magnitude larger at forge_19 (+ 0.107,
runs spanning 0.34-0.54) than at any other site (* 0.001-0.004) — the moveout-
based P detector is not merely worse but unstable on out-of-distribution geometry,
whereas the per-trace model stays high and stable.

4.3 Aggregate behaviour: median tie, divergent worst case

Aggregated over the eight sites the two configurations are indistinguishable in the
median (array 0.885 versus per-trace 0.878), so moveout provides no systematic
benefit. The difference appears in the worst case: the array’s worst site is forge_19 at
0.518, whereas the per-trace model’s worst site is clearfield_mw4 at 0.774. The site-
mean is accordingly lower for the array (0.848 versus 0.880) because forge_19 drags
it down. For unattended monitoring, where the worst case governs risk, this
asymmetry is the operative result.

5 MECHANISM

5.1 A detection failure, not a timing error

Figure 5 diagnoses the forge_19 P collapse directly. For a representative forge_19
event the predicted P-probability map is weak and follows a shallower apparent
moveout than the true, steep arrivals, whereas the S-probability map tracks the
catalogued S picks normally. Pooling over all forge_19 events, the maximum P
probability at true P arrivals is broadly distributed and largely below the 0.30
detection threshold, while for an in-distribution site (mseel_5h) it saturates near 1.0;
the S distributions are above threshold for both. The collapse is therefore a loss of P
detection confidence, consistent with a moveout-dependent P detector that fails to fire
on out-of-distribution geometry.



Conversely, when both configurations do detect a pick, their timing is equivalent:
matched-pick residuals are tightly centred at zero with near-identical distributions for
array and per-trace (P within about #2 ms, S within about +3-4 ms; Fig. 6, ~35 000
matched picks per phase). The entire array-versus-per-trace story is thus one of
detection robustness, not sub-sample precision.

5.2 A moveout “sweet spot” and out-of-distribution geometry

Relating the array advantage A to each site’s median P moveout (Fig. 4) reveals a non-
monotonic but coherent pattern. The array advantage is positive only at intermediate
moveout that is well represented in training (clearfield_mw4 +0.078 and pnr-2 +0.040,
at 25-35 ms) and is negative at both extremes:

e Too little moveout (aneth, 6 ms). Stations are nearly redundant; the array’s
cross-station machinery adds capacity without exploitable signal and overfits,
hurting generalization (the loss is on S, 0.835 versus 0.916).

e Edge-of/out-of-distribution moveout (forge_19, 70 ms). The median P
moveout exceeds the largest value the model sees under LOSO (pnr-1, 62 ms)
and is unusually consistent (IQR 3 ms); the moveout-dependent P detector
extrapolates and collapses (P 0.18), while the per-trace model, which ignores
moveout, recovers P (0.76).

We are explicit that moveout magnitude alone is necessary but not sufficient: pnr-1

(62 ms) is a tie rather than a loss, so the failure at forge_19 reflects moveout beyond
the training range together with its atypical regularity and site-specific waveform
character. The actionable point stands: the array advantage does not extrapolate
beyond the geometric range it was trained on. Consistent with an extrapolation failure,
forge_19 is also where the array P score is least stable across seeds (Section 4.2).

5.3 Station-shuffle control: coupling versus ordered moveout

The shuffle control retains cross-station coupling/aggregation (the station-spanning
convolutions still operate) but destroys ordered moveout (the station axis is permuted
per sample). It therefore sits between array (coupling + ordered moveout) and per-
trace (neither), and lets us attribute each site’s behaviour to one ingredient or the
other. Run on all four decisive folds (Table 3), it shows that neither ingredient is
uniformly beneficial — each helps at some sites and hurts at others (Fig. 7).

Table 3. Three-way control on the four decisive sites (F1, EMA, 20 ms).

per-traceP /S /
Site array P /S / mean shuffle P /S / mean mean

forge_19 0.178 / 0.857 / 0.327 /0.813 / 0.755/0.928 /
0.518 0.570 0.842



per-traceP /S /

Site array P /S / mean shuffle P /S / mean mean

clearfield_mw4 0.860 / 0.844 / 0.878 /0.853 / 0.793 /0.756 /
0.852 0.866 0.768

pnr-2 0.890/0.871/ 0.847 / 0.757 / 0.887 /0.794 /
0.881 0.827 0.841

aneth 0.943 /0.835/ 0.922 /0.909 / 0.965 /0916 /
0.889 0.930 0.941

o forge_19 (out-of-distribution). array 0.518 — shuffle 0.570 — per-trace 0.842.
Destroying ordered moveout recovers P only slightly (0.18 — 0.33); removing
coupling as well recovers most of it (— 0.76). Cross-station coupling is the
dominant cause of the out-of-distribution P-collapse and does not transfer;
ordered moveout adds a secondary penalty.

e clearfield_mw4 (in-distribution, array-favoured). shuffle 0.866 ~ array
0.852 > per-trace 0.768. Scrambling moveout does not reduce performance,
whereas removing coupling costs = 0.10. Here the advantage is cross-station
aggregation, and ordered moveout is irrelevant.

e pnr-2 (in-distribution, array-favoured via S). array 0.881 > per-trace 0.841
> shuffle 0.827, with array S 0.871 collapsing to 0.757 under shuffle — below
per-trace. Here the advantage is coherent moveout: a coupled model fed
incoherent moveout is actively misled, worse than independent traces.

e aneth (6 ms aperture, per-trace-favoured via S). array 0.889 — shuffle
0.930 - per-trace 0.941, with S 0.835 - 0.909 — 0.916. Scrambling the near-
degenerate moveout recovers most of the array’s deficit, so that deficit is
misuse of an uninformative moveout on a too-small aperture.

The mechanism is therefore heterogeneous rather than single-cause: cross-station
coupling drives both the only catastrophic failure (forge_19, where it fails to transfer)
and the largest in-distribution gain (clearfield_mw4); coherent moveout is decisive at
exactly one site (pnr-2) and is mildly harmful where the aperture is too small to
supply it (aneth). No single array ingredient is safe across geometries. The per-trace
model, which uses neither, avoids the worst case and ties the array in the median —
which is precisely why we recommend it as the default. This also refines Fig. 4: the
moveout axis is a proxy for how far the test geometry sits from training, not the direct
causal variable.

6 DISCUSSION

Our findings refine, rather than contradict, the intuition that an array is informative.
Cross-station moveout is genuinely useful where it is both present and in-distribution,
but it is a double-edged cue: it provides no systematic benefit in the median, it is



uninformative when the array is too tight, and it is actively harmful when a new site’s
geometry lies beyond the training range.

These results connect microseismic phase picking to the broader problem of
distribution shift in machine learning (Quifionero-Candela et al. 2009). Cross-domain
benchmarks have shown that surface-trained pickers transfer within a data domain
but degrade on recordings with different characteristics (Miinchmeyer et al. 2022),
and Lim et al. (2025) showed specifically that surface-trained models do not transfer
to the high-frequency borehole regime without fine-tuning. Our experiment isolates a
complementary and more subtle boundary: even for a borehole-trained model
evaluated on borehole data, the array’s moveout cue is itself a training-domain feature
that fails to transfer once the test geometry leaves the range spanned by the training
sites. The failure is therefore not about waveform bandwidth or sampling rate — the
usual transfer confounds — but about geometry, and it is invisible to any evaluation
that does not hold out a site with out-of-range moveout. This is why the confound-free,
leave-one-site-out design matters: an in-domain train/test split, or a comparison
confounded by architecture and sampling rate, would have reported the array as
uniformly competitive and hidden the one regime in which it is dangerous.

For operational monitoring the relevant criterion is worst-case reliability under
unattended, zero-shot deployment to new sites. On that criterion the velocity-free per-
trace picker is the safer default: it matches the array in the median, avoids the
catastrophic out-of-distribution P collapse (0.52 — 0.77 worst case), and produces far
fewer noise false alarms where the array over-triggers (pnr-2: = 0.15 versus = 1.8
picks per noise event). Where a site’s geometry is known to resemble the training
distribution, an array model can be used to recover the modest in-distribution gain,
ideally gated by a moveout check against the training range.

In practice this suggests a simple deployment rule. Because the moveout descriptor of
Eq. (5) is read directly from a preliminary catalogue and requires no velocity model,
an operator can compare a new site’s median P moveout with the training range
before choosing a configuration: inside the range, the array model may be used for its
in-distribution gain; at or beyond the range, the per-trace model is the safer default
and the array output should be distrusted. The same descriptor provides an
interpretable, physically meaningful trigger for retraining or fine-tuning, in contrast to
opaque confidence scores that remain high precisely where the array detector fails
(Section 5.2). More broadly, the velocity-free, per-trace design aligns with the goal of
unattended, site-agnostic monitoring for CO2 storage and geothermal operations,
where new arrays are commissioned faster than site-specific training data can be
accumulated.

Limitations. The benchmark comprises eight sites; the non-monotonic A-versus-
moveout relationship is suggestive rather than definitive, and a larger site population
would sharpen it. The moveout descriptor is a one-dimensional proxy for geometry;



coordinate-based aperture and source-array distance, where available, would
complement it. A fair comparison against a fine-tuned external picker (rather than the
off-the-shelf baseline, which is confounded by sampling rate and training domain) is
left to the fine-tuned numbers of Lim et al. (2025) or future work. Training-seed error
bars for the decisive folds (Fig. 3) confirm every verdict, and the station-shuffle
control (Section 5.3, all four decisive folds) shows the mechanism is heterogeneous —
coupling drives the out-of-distribution collapse, coherent moveout helps at only one
site.

7 CONCLUSIONS

Under a strict, confound-free, leave-one-site-out test on eight borehole arrays, cross-
station moveout provides no systematic generalization benefit for velocity-free P/S
phase picking: array and per-trace configurations tie in the median, and the array’s
only large effect is a catastrophic, geometry-driven P-detection collapse at the one site
whose moveout exceeds the training range. The array advantage, where it exists, is
confined to intermediate, in-distribution moveout. Because unattended monitoring is
governed by the worst case, we recommend the velocity-free per-trace picker as the
safer default, and we frame array moveout as a conditional, in-distribution
enhancement to be used with an explicit out-of-distribution guard.
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FIGURES

MOIRAI L3 — leave-one-site-out matrix (AMBER, full held-out site)
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Figure 1. Leave-one-site-out held-out F1 (EMA weights, £20 ms). Each row is a held-
out site; columns are P, S and F1-mean. Seven of eight sites are strong; forge_19 shows
a P-detection collapse. The right panel shows noise false alarms per noise event.

MOIRAI L3 — array-level vs per-trace picking on AMBER held-out sites
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Figure 2. Array versus per-trace per-phase F1 across the eight held-out sites (EMA,
+20 ms).
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Figure 3. Array versus per-trace F1-mean on the four decisive held-out sites: mean *
standard deviation over three training seeds. All verdicts are non-overlapping; the
array variance is largest at forge_19.



Array advantage peaks at intermediate, in-distribution moveout
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Figure 4. Per-site array advantage A = F1-mean(array) — F1-mean(per-trace) versus
the site median P moveout. The advantage peaks at intermediate, in-distribution
moveout and turns negative at both extremes.

MOIRAI L3 — forge_19 P-phase collapse is a detection failure (sub-threshold P probability), S transfers normally
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Figure 5. Diagnosis of the forge_19 P collapse. The predicted P-probability is weak
and follows a shallower apparent moveout than the true arrivals, and the maximum P
probability at true arrivals lies largely below the 0.30 threshold (a detection failure),
whereas S transfers normally.

MOIRAI L3 — matched-pick timing residuals
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Figure 6. Matched-pick timing residuals for array and per-trace; the distributions are
near-identical, so the array-versus-per-trace difference is one of detection, not timing.

Station-shuffle control: coupling vs ordered moveout
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Figure 7. Station-shuffle control: array (moveout + coupling), shuffle (coupling only)
and per-trace (neither) F1-mean on the four decisive sites; neither ordered moveout
nor cross-station coupling helps uniformly.

SUPPORTING INFORMATION

MOIRAI L3 array P/S picking — test event #0 (12 stations, mseel_3h)
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Figure S1. Example per-station P/S/noise probability panel for a representative event.

MOIRAI L3 — training history (mseel_3h)
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Figure S2. Training and development curves.



MOIRAI L3 — test metrics (mseel_3h, eq 100 / noise 153; noise false-alarm 0.000/ev)
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Figure S3. Summary of held-out metrics.

MOIRAI L3 — array-level vs per-trace picking on AMBER held-out sites
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Figure S4. Off-the-shelf surface-trained baseline applied to a borehole site
(motivation only; confounded by sampling rate, architecture and training domain).



