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Abstract

This paper investigates the problem of identifying low-resistivity low-contrast (LRLC)
reservoirs in interbedded sand-shale sequences, which remains a major challenge in petrophysical
log interpretation. A Fourier Neural Operator (FNO)-based facies classification framework is
proposed to overcome the limitations of conventional resistivity-based methods that often
misclassify thin hydrocarbon-bearing sandstone layers due to insufficient vertical logging
resolution. The approach learns the mapping from multi-log petrophysical data to a depth-
continuous facies probability field. A physics-based synthetic dataset is generated using Archie’s
equation, the Thomas—Stieber horizontal resistivity model, and a tool-averaging operator to
simulate sub-resolution effects. Three facies classes are considered: CO (shale), C1 (LRLC
sandstone), and C2 (clean sandstone). The developed FNO model achieves a macro-F1 score of
0.952 and a C1-specific F1 score of 0.892, outperforming an XGBoost baseline. The results also
demonstrate stable performance across different depth-sampling intervals without retraining,
confirming the resolution-invariant nature of neural operators and their suitability for LRLC
facies classification.
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Seysmik manbalarin lokallagsdirilmasindan petrofiziki fasiyalarin tosnifatina:
Furye Neyron Operatorunun tatbiqi

K.R. Siileymanl, R.Y. 9liyarov
Azarbaycan Doviat Neft va Sonaye Universiteti (ADNSU) .
Neftin, qazin geotexnoloji problemlari va kimya Elmi Tadgigat Institutu (Baki, Azarbaycan)

Xiilasa

Mogqalade qum-sist ardicilliglarinda yerlogon asagi miiqavimatli, asagi kontrastlh (LRLC)
kollektorlarin miioayyon edilmosi problemi arasdirilmisdir. Standart karotaj alotlorinin mohdud saquli
ayirdetma qabiliyyati sababindon nazik karbohidrogenli qumdasi laylarmin sohv tesnifatin1 aradan
galdirmaq mogqsadilo Furye Neyron Operatoru (FNO) osasl fasiya tosnifati yanasmasi toklif edilmisdir.
Metod coxsayli karotaj melumatlarindan dorinlik iizre davamli fasiya ehtimal sahssinin qurulmasina
osaslanir. Fizika osasl sintetik molumat dosti Argi tonliyi, Tomas—Stiber {ifiiqi miigavimat modeli vo alot
ortalamas1 operatoru totbiq edilmoklo formalasdirilmisdir. Todgigatda CO (sist), C1 (LRLC qumdasi) vo
C2 (tomiz qumdas1) olmagqla ii¢ fasiya sinfi nazordon kegirilmisdir. Tolim kegmis FNO modeli 0.952
makro-F1 vo CI1 sinfi tigiin 0.892 F1 gostoricisi oldo edorok XGBoost baza modelini iistolomisdir.
Naticalor modelin miixtslif darinlik niimunsloms intervallarinda yenidon tolim ke¢moadan sabit isladiyini
gOstormis vo neyron operatorlarinin gotnamo invariantlig1 xiisusiyyatini tosdiqlomisgdir.
Acar sozlor: Furye Neyron Operatoru, fasiya tosnifati, LRLC kollektoru, petrofiziki karotaj

interpretasiyasi, Tomas-Stiber modeli.

Ot JIOKaIM3AIUH CEHCMHYECKUX HCTOYHUKOB K KIacCH(PUKALMU
nerpodpusnyeckux pauuii: npumeHenue Oypbe-HEMPOHHOI0 oNepaTopa
K.P. Cyaeiimananl, P.1O. Anusipos

Azepbatioscanckutl 20cyoapemeentulil yHueepcumem wegpmu u npomviuiiennocmu (AI'VHI)
Hayuno-uccneoosamenvckuil uncmumym «l eomexnonozuyeckue npobOnremvl Hegpmu, 2aza u
xumuuy (baxy, Azepbatiodcan)

AHHOTAUA

B craree wuccnenmyercs 3amada WACHTHQUKAUMH HU3KOOMHBIX HU3KOKOHTpacTHBIX (LRLC)
KOJIJIEKTOPOB B MIEPECIaNBAOLINXCS TECYaHO-TIIMHUCTBIX TONIIAX, KOTOpasi OCTAaeTCs OAHON U3 OCHOBHBIX
npo0jeM HMHTEpIpeTaluy JaHHbIX MeTpodHu3MUecKoro kaporaxa. [yl mpeomosieHHss OrpaHUYeHHN
TPaIWIIMOHHBIX METOJIOB, OCHOBAHHBIX Ha YICTFHOM CONPOTHBIEHHHM W YacTo OIMWOOYHO
KJIacCU(HUUUPYIOMIUX TOHKHE YIJIEBOJOPOJOCOACp)KAIINE IJIaCThl TECYaHUKa, NPEATIOKEH IOIX0A
knaccuduranyu ¢amuii Ha ocHoBe Dypre-HeiiporHoro onepartopa (FNO). Meron ocHoBaH Ha 00y4eHUH
OTOOpaXeHHSI OT MHOTOKApOTAKHBIX METPOPU3NUECKUX MAHHBIX K HEMPEPHIBHOMY IO TIIyOWHE ITOJIO
BeposTHOCTH (parmii. Duznueckd OOOCHOBAHHBIM CHHTETHYCCKUI HA0Op JaHHBIX C(HOPMHUPOBaH C
WCIIOJIb30BAaHUEM YpaBHEHUS ApUH, MOAEIM TOpPU3OHTalbHOro compotusieHus Tomaca—Craiibepa u
omeparopa yCpemHEHHsS KapoTaxxHoro mpubopa. PaccMmorpensl Tpm kimacca darmit: CO (cmanem), Cl
(mecyanuk LRLC) u C2 (uncteiii necuanuk). O6yuyennas monenb FNO gocturia 3HaueHus: macro-F1
0.952 u F1 nmns xmacca Cl, paBHoro 0.892, mpe3oiias 6azoByto mozaens XGBoost. Ilomyuennsie
Pe3yiIbTaThl TAKXKE MOKAa3aJId YCTOHUMBYIO pabOTy MOJENH MPH PassIM4HBIX MHTEPBAIAX JUCKPETHU3ALNH
no miyOuHe Oe3 JONOJIHUTENBHOrO OOY4YeHHs, 4YTO IOATBEPXKIACT CBOICTBO HMHBAapHAHTHOCTU K
paspelIeHNI0 U TEePCIeKTUBHOCTh MPUMEHEHUS] HEHPOHHBIX ONEpaToOpoB Uil KiaccUpHKanuu Qaruii
LRLC.
KaroueBnle ciioBa: Dypbe-HEHpOHHBI omepaTop, kiaccubukammst Qamwii, komrektop LRLC,

neTpodunUecKas HHTepIpeTanus KapoTaxka, Mmoaens Tomaca—Craiibepa
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Introduction introduce receptive fields over depth

Accurate identification of reservoir
facies from petrophysical well logs is a
prerequisite  for  volumetric  estimation,

completion design, and production forecasting.
In clastic sequences characterised by
interbedded sand and shale, this identification
task is complicated by the low-resistivity low-
contrast (LRLC) phenomenon, in which
hydrocarbon-bearing thin sand beds exhibit
resistivity values indistinguishable  from
adjacent shale layers when measured by
conventional induction or laterolog tools [1,2].
The root cause is geometric: when individual
sand laminations are thinner than the vertical
resolution of the logging instrument, the tool
integrates the conductivities of multiple layers,
producing an apparent resistivity that reflects
the laminated bulk rather than the individual
sand member. The resulting log signature —
moderate gamma ray, intermediate density,
and low resistivity — mimics the response of a
shale interval, leading interpreters to assign
non-reservoir status to potentially productive
Zones.

Machine learning methods have been
proposed as a means to exploit multi-log
patterns that are invisible to single-curve
thresholding. Supervised classifiers such as
support vector machines, random forests, and
gradient-boosted trees operate on a point-wise
basis: a feature vector constructed from log
values at a single depth sample is mapped to a
class label without reference to the
stratigraphic context of surrounding samples
[3,4]. This architectural limitation is
consequential for LRLC detection, because the
identifying signature of a thin bed is precisely
its spatial extent relative to the tool window —
information that is inherently non-local.
Convolutional and recurrent neural networks

sequences, but they remain architecturally tied
to the fixed discretisation of the training data
and must be retrained when a different
sampling interval is encountered [5].

Neural operators, introduced by Li et al.
[6]as the Fourier Neural Operator (FNO),
address this limitation at the architectural
level. Rather than learning a mapping between
finite-dimensional vectors, an operator maps
between function spaces: the input and output
are continuous functions, and the learned
operator is  discretisation-invariant by
construction. The FNO has been applied to a
range of computational physics problems,
most notably the solution of parametric partial
differential equations in fluid mechanics and
wave propagation. In the geoscientific domain,
Suleymanli and Waheed (2023) [7] and
Abdullin et al. (2025) [8] demonstrated that an
FNO trained on first-arrival traveltimes at
surface receivers learns the mapping to a full
traveltime field across the computational
domain, with the hypocenter of a microseismic
event identified as the minimum of the
predicted field. The key properties exploited in
that context — resolution invariance, rapid
inference from a single forward pass, and
generalisation across new source
configurations without retraining — are equally
desirable in the facies classification setting.

This paper establishes the formal
analogy between these two problems and
proposes a 1-D FNO architecture for
petrophysical  facies classification. The
governing physics differs: the seismic problem
is constrained by the eikonal equation,
whereas the petrophysical problem is governed
by rock physics relations including Archie's
law and the Thomas—Stieber laminated shale
model. However, the operator learning
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formulation is identical in structure, and the
same architectural elements — spectral
convolution blocks, a depth-coordinate lifting
layer, and fully connected output projection —
are directly transferable. The method is
evaluated on a synthetic dataset generated by a
physics-based forward model designed to
reproduce the LRLC blurring effect, using
parameters representative of Pliocene clastic
reservoirs.

The primary contributions of this work
are: (i) the first formal derivation of the
operator learning analogy between
microseismic ~ source  localisation  and
petrophysical facies classification; (ii) a 1-D
FNO architecture for depth-sequence facies
prediction  with  demonstrated LRLC
sensitivity; and (iii) quantitative evidence of
resolution invariance across a fourfold range
of sampling intervals, a property not
achievable by conventional point-wise
classifiers. Analytical modeling of interface
states using established physics-based methods
has also proven valuable in other engineering
contexts; for example, the thermo-deformation
state arising at the contact interface of a laser-
hardened  plunger-barrel  pair can be
analytically modeled using the Kolosov—
Muskhelishvili complex potentials method,
enabling more accurate prediction of contact
temperature, stress distribution, and wear
resistance under friction-induced loading [11].
Purpose of the Work

The purpose of this work is to
investigate the applicability of the Fourier
Neural Operator (FNO) framework to
petrophysical facies classification in low-
resistivity low-contrast (LRLC) reservoirs.
The study aims to evaluate whether operator
learning can improve thin-bed identification

and provide resolution-invariant  facies

predictions from petrophysical well logs.

Problem Statement

Conventional resistivity-based inter-
pretation methods and point-wise machine
learning models often fail to accurately
identify thin hydrocarbon-bearing LRLC
sandstone layers because logging tools blur
sub-resolution geological features and local
classifiers cannot effectively exploit spatial
context. Therefore, there is a need for a
methodology capable of learning depth-
continuous relationships from multi-log data
while  maintaining  performance  across
different sampling resolutions.

Problem Solving

Operator Learning Framework.

The Seismic Source Localisation
Problem. In the FNO-based microseismic
source localisation framework of Suleymanli
and Waheed [7], the governing physics is
expressed by the eikonal equation:

[PTOOR=1/Vv3(x), W €EQ, T(xs)=0 (1)
where T(x) is the first-arrival traveltime at
point x, v(x) is the subsurface P-wave velocity,
and x® denotes the source location. The FNO
learns the operator Gseis that maps from
traveltime observations recorded at surface
receivers to the full traveltime field defined
over the entire domain:

Gseis : { T(Xr) : xr ER} — T(x), ¥k €Q (2)

The source location is recovered as
argmin T(x). Once trained, the model performs
this inversion in a single forward pass for any
new observation set, without retraining.

The Facies Classification Problem.
The petrophysical facies classification problem
is formulated in direct analogy. Let z € [0, Z]
denote depth and let u(z) = [GR(z), RHOB(2),
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NPHI(z), logiRt(z)] be the vector of Gracies: u(z) — p(z), z €[0, Z] (3)

petrophysical log measurements at depth z.
The target is a depth-continuous facies
probability field p(z) € RX, where K = 3. The
FNO for facies classification learns the
operator:

The predicted facies label at each depth
is f(z) = argmaxc pc(z). Table 1 presents the
structural analogy between the two operator
learning problems.

Table 1 — Structural analogy between microseismic source localisation and petrophysical facies

classification under the operator learning framework.

Element

Governing physics Eikonal equation
Input function

Output function

Answer argmin T(x) — source location
Resolution-invariant, single forward
Key property
pass
FNO Architecture. The 1-D FNO

architecture used in this study (Figure 1)
follows the design of Abdullin et al. [8] The
input log vector u(z) is augmented with a
normalised depth coordinate and lifted to a
higher-dimensional channel space through a
linear layer of width W = 24. Three spectral
convolution blocks then process the lifted
representation. Each block applies a fast
Fourier transform (FFT) along the depth axis,
retains the M = 12 lowest-frequency modes,
applies a learnable complex weight matrix in
the spectral domain, and returns to the spatial
domain via an inverse FFT. A pointwise
Conv1ld bypass is added within each block to
capture local features not well represented by
low-frequency modes.  Non-linearity s
introduced by the GELU activation function.

Seismic Localisation

Traveltimes at receivers T(xr)

Traveltime field T(x)

Facies Classification
Archie / Thomas—Stieber
Log vector u(z) = [GR, RHOB, NPHI,
log Rt]
Facies probability field p(z)
argmax p(z) — facies label

Resolution-invariant, cross-well
generalisation

The final representation is projected to K = 3
class logits through two fully connected layers
of dimensions W—64—3. Total trainable
parameters: approximately 47,000.

Synthetic Dataset and Forward Model.
Facies Definitions and Petrophysical
Properties. Three facies classes are defined:
CO0 (shale), C1 (LRLC fine-grained sandstone),
and C2 (clean medium-to-coarse sandstone).
Representative petrophysical properties after
tool averaging are summarised in Table 2. The
critical diagnostic feature is the near-
indistinguishable resistivity of CO and C1 (CO:
1-3 Q'm; Cl: 2-8 Q'm after laminar shale
dilution), which constitutes the defining
characteristic of the LRLC problem.
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Figure 1 — One-dimensional Fourier Neural Operator (FNO) architecture for petrophysical facies
classification. The operator maps the input log function u(z) to the facies probability field p(z). Adapted

from Abdullin et al.[8].

Table 2 — Petrophysical properties of the three facies classes after tool averaging. The arrow («) for C1
resistivity indicates the LRLC zone of overlap with CO shale.

Facies GR (API) RHOB (g/cc) NPHI (v/v) Rt (2°m)
CO — Shale 85-110 2.45-2.57 0.31-0.37 1.0-3.0
Cl-LRLC Sand 44-70 2.28-2.45 0.16-0.23 2.0-8.0 «—
C2 — Clean Sand 14-25 2.00-2.26 0.12-0.22 10-100

Physics-Based Forward Model. Log
responses are generated from facies
assignments using established petrophysical
equations. For the gamma ray log, a linear
mixing model is applied:

GR = GRclean + Vsh - (GRshale—

- GRcIean) (4)
where Vsh is the shale volume fraction. Bulk
density is computed from volumetric mixing
of mineral and fluid components:

RHOB = ¢ - (Sw * porine + (1-Sw) - p_hc) +
(1—) - p_matrix (5)

For C2 clean sandstone, true formation
resistivity is computed from Archie's equation
[9]:

Rt=a - Rw/ (em - Swn) (6)
with cementation exponent m = 2, saturation
exponent n = 2, tortuosity factor a = 1, and

formation water resistivity Rw = 0.08 Q-m.
For C1 LRLC sandstone, the Thomas—Stieber
model [10] is applied to compute the
horizontal resistivity of a laminated sand-shale
system:

1 /Rh=Vlam/Rsh + (1 — Vlam) / Rt_sand (7)
where Vlam is the laminated shale volume
fraction (0.50-0.75), Rsh is the shale
resistivity (1.5-3.5 Q'm), and Rt_sand is the
Archie resistivity of the sand laminae.
Equation 7 produces the characteristically
suppressed horizontal resistivity that defines
the LRLC response, yielding Rh values of 2-8
Q-m for C1 — directly overlapping with CO
shale values of 1-3 Q-m.

Tool Resolution Averaging and Noise.
Physical tool averaging is simulated by
applying a uniform filter of window width 13



depth samples (= 6.5 m) to each raw log curve,
consistent with the vertical resolution of
standard  induction tools in  thin-bed
environments. This operation is the critical
source of LRLC ambiguity: C1 beds with
thickness of 2-6 depth samples (1-3 m) are
blurred into their CO shale surroundings,
producing the characteristic low-resistivity log
signature. Gaussian noise with standard
deviation equal to 8% of each log channel's
standard deviation is subsequently added.
Dataset Construction. A total of 1,200
synthetic wells, each comprising 200 depth

20

40

Depth (m)

60 |-

80 |

100 +

samples at Az = 0.5 m, are generated. Facies
sequences are constructed with thickness
distributions representative of each class: CO
shale (15-40 samples), C1 LRLC sand (2-6
samples, intentionally sub-resolution), and C2
clean sand (8-20 samples). The dataset is split
80/20 into training and test sets. Class-
weighted cross-entropy loss is applied during
training, with weights inversely proportional to
class frequency (C1: 12.2% of depth samples),
to address the inherent imbalance imposed by
the thin-bed regime. A representative synthetic
well is shown in Figure 2.

1 1
50 100 2.2 2.4 0.2
GR (API) RHOB (g/cc)

NPHI (v/v)

0.3 0.5 1.0
logio Re (Q'm)

Facies
I CO Shale
Ja C1 LRLC Sand
B C2 Clean Sand

Figure 2 — Representative synthetic well showing forward-modelled petrophysical logs and facies
distribution. Thin C1 (LRLC sandstone) intervals exhibit resistivity values overlapping with CO shale after

tool averaging.

Results
Facies Classification Performance.
The FNO is trained using the AdamW

optimiser with learning rate 3x10-3 and
cosine annealing over 60 epochs with batch

size 64. The point-wise XGBoost baseline is
trained on identical data using 200 trees of
maximum depth 6, with sample weights
matching the FNO class weighting.
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Quantitative results on the held-out test set are
presented in Table 3.

The FNO achieves a macro-F1 of 0.952
compared with 0.931 for XGBoost (+0.021).
The most significant disparity is observed for
the C1 LRLC sandstone class, where the FNO
attains an F1 of 0.892 versus 0.845 for
XGBoost — a gap of +0.047 points. For CO
shale and C2 clean sandstone, where the log

signatures are well-separated after tool
averaging, both methods perform comparably
(F1 > 0.970). The disproportionate advantage
of the FNO on C1 confirms that the operator
learning framework, by processing the entire
depth sequence as a continuous function rather
than individual point samples, captures the
spatial footprint of thin beds that is invisible to
point-wise classifiers.

Table 3 — Classification performance: FNO vs XGBoost on held-out test wells (40,000 depth samples).
C1 LRLC sandstone F1 (highlighted) is the primary diagnostic metric.

Metric FNO
F1 - CO Shale 0.983
F1-C1LRLC Sand 0.892
F1 - C2 Clean Sand 0.981
Macro-F1 0.952
Overall Accuracy 0.971

Figure 3 shows facies prediction tracks
for three representative test wells alongside the
true facies column. Red-shaded intervals
indicate misclassified depth samples. The FNO
correctly identifies thin C1 LRLC beds in
cases where XGBoost assigns CO shale labels
— demonstrating the practical consequence of
the architectural difference.

Figure 4 presents per-class F1 scores and
normalised confusion matrices for both
models. The confusion matrices confirm that

XGBoost A (FNO—-XGB) Advantage
0.978 +0.005 FNO
0.845 +0.047 FNO v
0.971 +0.010 FNO
0.931 +0.021 FNO
0.959 +0.012 FNO

the predominant error mode is the confusion of
Cl with CO - precisely the LRLC
misclassification scenario — but this error is
substantially more frequent for XGBoost than
for the FNO.

Resolution Invariance. The FNO is
trained once at Az = 0.5 m and evaluated on
test wells resampled to Az = 0.25 m (%2 finer)
and Az = 1.00 m (x2 coarser) via linear
interpolation, without retraining. Results are
presented in Table 4 and Figure 5.
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Figure 3 — Facies predictions for three held-out test wells. True facies are compared with FNO and
XGBoost predictions; red shading indicates misclassified depth samples.
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Figure 4 — (a) Per-class and macro F1 scores for the FNO and XGBoost models. (b, c) Normalised
confusion matrices highlighting class-wise confusion, particularly between C1 (LRLC sandstone) and CO

(shale).



Table 4 — Resolution invariance: macro-F1 and C1-LRLC F1 across three depth-sampling intervals. The
FNO is not retrained for off-training-resolution evaluations.

Sampling (Az) FNO Macro-F1 XGB Macro-F1 FNO C1-F1 XGB C1-F1
0.25 m (x2 finer) 0.944 0.923 0.876 0.824
0.50 m (baseline) 0.947 0.921 0.879 0.816
1.00 m (%2 coarser) 0.944 0.921 0.874 0.819

The FNO macro-F1 varies by only
+0.003 across the full fourfold range of
sampling intervals. The C1-specific F1 shows

exhibits comparable macro-F1 stability but
consistently underperforms the FNO on C1 by
0.050-0.060 F1 points across all resolutions,

similarly negligible degradation (0.874—  confirming that the architectural advantage of
0.879). XGBoost, operating point-wise, operator learning is resolution-independent.
1.000 Finer than training 1ining FNO
0.975 | -~ XGBoost
o 0T oo——o— o o
— -
o :
& 0.925 - gl g e —————— -
-
© 0.900 F
(&
-
0.875
0.850 |
0.825F i ; : :
0.0 0.5 1.0 1.5 2.0

Sampling Interval Az (m)

Figure 5 — Resolution invariance analysis: macro-F1 scores across different depth-sampling intervals for
the FNO and XGBoost models. The vertical dashed line denotes the training resolution (Az = 0.5 m).

Discussion

The results demonstrate that formulating
petrophysical facies classification as an
operator learning problem, rather than a point-
wise regression problem, yields a measurable
and physically interpretable advantage on the
LRLC identification task. The underlying
reason is architectural: the FNO spectral
convolution blocks process the entire depth

function simultaneously in the Fourier domain,
where low-frequency modes capture broad
stratigraphic trends and higher modes encode
the subtle spatial signatures of thin beds. A
point-wise classifier receives no information
about the neighbourhood of a given depth
sample and therefore cannot exploit the
characteristic spatial footprint — a narrow
anomaly embedded within a thicker shale
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background — that distinguishes a thin C1 bed
from ambient CO shale after tool averaging.
The architectural correspondence with
the seismic source localisation problem
extends beyond analogy. In both settings, the
operator maps from observations that are
informationally incomplete with respect to the
target quantity: traveltimes at a finite number
of receivers do not uniquely constrain the full
traveltime field without the physics of the
eikonal equation; log values at a single depth
sample do not uniquely constrain the facies
without the spatial context of adjacent
samples. The FNO addresses this
incompleteness in both cases by learning the
operator over the function space rather than
fitting a finite-dimensional regression. The
resolution invariance property  emerges
naturally and without additional engineering in
both the seismic and petrophysical domains.
Several limitations of the present study
warrant acknowledgement. The synthetic
forward model, while physically grounded,
assumes layer-cake geometry and does not
account for structural dip, borehole conditions,
or invasion effects. The Thomas—Stieber
model assumes perfectly horizontal
laminations, which represents an idealisation
of geometries observed in turbidite and deltaic
depositional  environments. The current
implementation is one-dimensional; a two-
dimensional extension in which the FNO
processes log-depth images across multiple
wells simultaneously could capture inter-well
stratigraphic correlation and further improve
C1 detection. Future work will address the
transfer of the trained operator to real well log
data from the Productive Series of the South
Caspian Basin, where the LRLC problem has
direct economic significance, and to the Utah

FORGE site, where well log data are publicly
available.

Conclusions

This paper has presented the first
application of Fourier Neural Operators to
petrophysical facies classification, motivated
by a formal analogy with FNO-based
microseismic source localisation. The two
problems share the same operator learning
structure: both map from sparse function
observations to a dense subsurface field, and
both benefit from the resolution-invariant,
single-forward-pass inference that defines
neural operator architectures. The proposed 1-
D FNO achieves a macro-F1 of 0.952 on a
synthetic dataset designed to reproduce the
LRLC thin-bed blurring effect, with a C1-
specific F1 of 0.892, outperforming a point-
wise XGBoost baseline by +0.047 F1 points
on the LRLC class. The model maintains this
performance across a fourfold range of depth-
sampling intervals  without retraining,
confirming the resolution invariance that is the
architectural hallmark of operator learning.
These results establish operator learning as a
principled framework for LRLC facies
classification and motivate further
development for application to real well log
data in clastic reservoir characterisation.
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