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Abstract. Well log interpretation faces significant challenges due to data
scarcity, distribution shift across geological basins, and a lack of physics-informed
representations in current foundation models. While recent masked autoencoder
approaches show promise for self-supervised pretraining on subsurface data, they
fail to consider fundamental petrophysical constraints that govern measurement
relationships. This paper presents a physics-aware masked pretraining framework
that incorporates petrophysical consistency losses into self-supervised learning on
multivariate well logs. The proposed method combines masked patch reconstruction
with differentiable petrophysical forward models that use Archie's law, Wyllie's
time-average equation, and density-porosity relationships as auxiliary objectives. A
geologically adaptive masking curriculum also gradually increases task difficulty,
moving from random point masking to cross-curve masking and stratigraphic
interval masking. Extensive experiments on the FORCE 2020 benchmark show
that physics-aware pretraining improves lithology classification accuracy by 4.2%
and reduces porosity estimation error by 5.8% compared to standard masked
autoencoders, while cross-basin transfer experiments show a 6.3% lower optimality
gap when transferring datasets from Norwegian to Kansas wells. Ablation studies
show that petrophysical consistency losses contribute 2.8 percentage points to
classification improvement, while geologically adaptive masking adds another
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1.4 percentage points. The framework maintains computational efficiency, with
inference times of less than 12 milliseconds per well section, making it suitable for
real-time drilling applications in data-scarce, multi-basin settings.
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AHHOTANMSA. ¥HFBIMAIBIK JUarpaMManapabl HHTEpPIpETalusuIay JIepeKTep/IiH
HICKTEYJUTIrHe, OpTYpJi TEeOoNIOTHSUILIK OacceiiHaep apachlHIarbl JIepeKTep
TapaJbIMBIHBIH ©3TepyiHE KOHE Ka3ipri ipreii Mojenbaepae GU3NKAIBIK TYPFbIIaH
HETI3/Ie]IreH KOPIHICTEP/iH JKETKITIKCI3 KOJJaHBUIYbIHA OaiJIaHBICTBI €JICYJIi
KHUBIHJBIKTAPMEH CcHUMaTTaNaabl. MackalaHFaH aBTO’HKOJEpJIepre HEri3leNreH
COHFBI TACII/IEp Kep KOWHaybl IEPEKTEPiH O3/iriHeH OaKbUIaHATHIH TYPJES aAbIH
aJia OKBITY/Ia MIEPCIEKTUBANBI HOTIDKENIEp KOPCETKEHIMEH, OIIIeyep apachiHIarbl
e3apa OalllaHbICTap/bl AHBIKTAHTHIH HETI3rT METPOPHU3UKAIBIK IIEKTEYIepP/I
KeOiHe eckepmelai. Makanaga KemenmieMJi YHFBIMaJbIK JHarpamMaiapia
©3/liriHeH OaKbIJIAHATBIH OKBITYFa METPOPHU3UKAIBIK COMKECTIK UIBIFBIHAAPHIH
CHTI3eTiH (DM3MKAJBIK TYPFBIJAH HETI3CITeH MacKallaHFaH aJlJIbIH aja OKBITY
TOCUII  YCHIHBUIQABI. ©OJIC MacKajaHFaH MaryTap/ibl KaJIIblHA KEJNTIpy/i
Apum 3aHbpl, YalWUIHMIH opTania yakblT TEHJEYl JKOHE TBIFBI3/IBIK—KEYCKTUTIIK
apakaTblHAacTapblHa HerizaenreH auddepennuanianarelH Typa neTpo(U3NKaIbIK
MOJICJIbJIEPMEH KOCBhIMILIa MakcarTap peTiHae Oipikripeai. COHBIMEH Katap
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TaINChIPMAHBIH KYPACTUIIriH OIpTiHACN apTTHIPAThIH TEOJOTHSIIBIK OeHiMIIeITeH
MacKajay CTpaTeTHsIChl KOJJIaHBUIAABI: Ke3IeHCOK HYKTeNepi MacKaiaynaH
KHCBIKApaJIBIK MacKallayFa jKOHE CTPaTUTPa(UsUIBIK WHTepBAIIapIbl MacKalayFa
neitin. FORCE 2020 »TanoHABIK JEpeKTep JKUBIHTBIFBIHIA IKYPTi3UIreH
KEeH ayKbIMJIbl OJKCIIEPUMEHTTEp (U3MKAIBIK TYPFBIIAH HETI3[CNTeH allJblH
alma OKBITY CTaHAAapTThl MacKallaHFaH aBTOJHKOJEPJIIEPMEH CallbICThIpFaH/a
JIUTOJIOTHSIHBI JKIKTEY TonAirid 4,2%-ra apTTHIPBIN, KEYSKTUIIKTI Oaranay KaTeciH
5,8%-Fa TeMeHAETETiHIH KepceTTi. bacceliHnep apachblHIAFbl TachIMaIAy
skcniepuMeHTTepinae HopBerust yHrpIMamapeiHaH KaH3ac  yHFBIMajapbiHa
MOJIeNb/Ii  OeliMIey Ke3iHJe OHTAWIBUIBIK aNIaKThIFel 0,3%-Fa TeOMeHIei.
AONAIMSITBIK 3epTTeyNIep MEeTPOPHU3UKANBIK COUKECTIK MIBIFBIHAAPBIHBIH JKIKTEY
camachH 2,8 MmalbI3IbIK TAPMAKKa KaKCAPTATBIHBIH, all TEOJIOTHSUIBIK OeifiMmenreH
MacKaiaylblH KochbiMIna 1,4 maibI3bIK TapMaK OepEeTiHiH KOpPCeTTi. ¥ ChIHBIIFaH
TOCLT ecenTey THIMAUITIH A€ cakTaiapl: Oip YHFbIMA CEKIMSACHIHA MOJEIBIiH
HOTIDKE IIBIFApPy YaKbITHl 12 MHUJUTMCEKyHITaH a3. byj OHBI JepekTep MmIeKTeyli
xkoHe OipHemie OaccelHII KaMTHTHIH JKaFmaiiap/ia HaKThl YaKbITTarbl OypFeLIay
MIHJIETTEpiHe KOJIJJaHyFa MYMKIHIIK Oeperti.
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AHHOTAamusA. Axmyanvnocms. VIHTEpnpeTanus KapOTaXKHBIX JAHArpaMM
CONIPSKEHA C PSIIOM CYLIECTBEHHBIX IpOOJieM, BKIIOUass AC(HUIUT JaHHBIX,
M3MEHEHHE UX pacipeieNeHus] MeX/ly pa3IndyHbIMU re0JIOTHYeCKUMU OacceifHaMu
U HEIOCTAaTOYHOE MCIIOIb30BaHUE (PHU3MUYECKH OOOCHOBAHHBIX IPEACTaBICHUN
B COBPEMEHHBIX (YHJaMEHTaJIbHBIX MOJeNsX. HecMOoTpss Ha MepCHeKTHBHOCTH
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MTOJIX0/IOB HA OCHOBE MaCKUPOBAaHHBIX aBTOIHKOJIEPOB JIJISI CAMOKOHTPOIIMPYEMOTO
npenoOydeHnss Ha JaHHBIX O HeApax, TaKhe METOMbI 3a4acTyl0 HE yYHUTBHIBAIOT
(yHIaMeHTaIbHbIE neTpopuznIecKue OTpaHWYECHUS, OTIpE/IETISIONIHE
B3aUMOCBSI3M  MEXKAy HU3MepseMbIMU mapameTpamu. [Jers. Pa3pabotarh
¢u3nyeckn OOOCHOBAHHBIM IMMOAXOJ, K MACKUPOBAHHOMY TPEAO0OYyYEHUIO,
BKIIFOYAROIIUH  meTpodu3ndeckue (YHKIMA COTIACOBAHHOCTH B IPOIECC
CaMOKOHTPOJHPYEMOTO OOyYeHHsS Ha MHOTOMEPHBIX KapOTa)XHBIX Juarpammax.
Memoowi. TlpemnokeHHBI MeTo]] 00BEIUHSICT BOCCTAHOBICHHE MACKHPOBAHHBIX
natueit ¢ auddepeHIMpPyEeMbBIMA TPSIMBIMA  TIETPOPUINIECKUMHI  MOJEISIMH,
OCHOBAaHHBIMA Ha 3aKOHEe ApuHW, YpaBHEHUU CPEAHETO BpPEMEHU Yallllmu u
3aBUCUMOCTSIX MEXKAY IUIOTHOCTBIO U MOPUCTOCTHIO, UCIIOJIB3YEMBbIX B KaueCTBE
JIOTIOJTHUTEINILHBIX TENEeBhIX (QyHKIUH. KpoMe TOro, MpUMEHSETCsl Te0JIOTHYeCKU
aJIalITUBHAS CTpaTeruss MaCKUPOBAHUS, TTOCTEIIEHHO YBEIUYHUBAIOIIAS CIOKHOCTh
3aaqu: OT CIYYalHOTO MACKHPOBAaHHUS OTIENBHBIX TOYEK K MEKKPHBOMY
MAaCKHPOBAaHUID W MACKHPOBAaHUIO  CTparurpaMuecKux  HHTEPBAJIOB.
Pe3zynomamei. DxcnepuMeHTHl Ha 3TaloHHOM Habope manueix FORCE 2020
MoKa3aiu, 4To (U3NYECKU OOOCHOBAHHOE IPENO0OYUYCHHE TOBBIMIAET TOYHOCTh
KJIacCuUKauu JuTosorun Ha 4,2% W CHIDKaeT OIMOKY OIEHKH MOPUCTOCTH
Ha 5,8% TO cpaBHEHHIO CO CTaHIAPTHHIMH MAaCKHPOBAHHBIMH aBTOIHKO/ICPAMH.
DKCIepUMEHTHI IT0 MEKOACCEHHOBOMY TIEPEHOCY MPOIEMOHCTPHUPOBAIIN CHIDKEHUE
paspbiBa ONTUMAIBHOCTH Ha 6,3% TIpu IepeHOCce MOJIEH C TAHHBIX HOPBEKCKUX
CKBAXUH Ha NaHHbIE CKBakMH Kansaca. AONSIMOHHEIN aHajiu3 ITOKa3aji, 4YTo
nerpoduszndeckue QYHKIUUA COTIACOBAHHOCTH 00ECIICYHBAIOT MTPUPOCT TOYHOCTHU
KJIACCU(UKAIMH Ha 2,8 TIPOIIEHTHOTO MTyHKTA, TOT/[a KaK Te0JIOTHIECKH aJIalTHBHOE
MackupoBaHWe mo0aBisieT emie 1,4 TPOIEHTHOTO TyHKTA. [Ipakmuyeckas
sHauumocms. llpeaoKeHHBIN TOAXO0A COXPaHSEeT BBICOKYIO BBIYHCIUTEIHHYIO
3¢ (GEeKTUBHOCTD: BpeMs HH(EpEeHCa COCTABIsAET MeHee 12 MUJUTMCEKYH]T Ha OJIUH
Y4aCTOK CKBXHHBI. JTO JETACT METOJ HMPUTOAHBIM ISl IPUMEHECHHS B PEKUME
pEaNBbHOTO BPEMEHH IpH OypeHHUU B YCJIOBUAX JNedUIMTA NaHHBIX U PabOTHI C
HECKOJIbKUMU I'e€0JI0THUeCKUMU OaccefHaMHU.

KuroueBble ciioBa: MHTEpIpETAIN KAPOTAKHBIX TUarpamm; (GpyHIaMeHTalIb-
HBIE MOJIENIN; CAMOKOHTPOJIMPyeMoe 00ydeHue; neTpopu3nieckne orpaHuIeHus;
MaCKHpPOBaHHbBIE aBTODHKOJICPHI; O0yUEHHE C IEPEHOCOM; XapaKTEepPUCTHKA HEIP

Introduction. Well log analysis is the main way we characterize the subsurface,
and it shows up everywhere from petroleum exploration to geothermal development,
carbon sequestration siting, and groundwater work. The logs are continuous
measurements recorded against depth: natural radioactivity, electrical resistivity,
bulk density, neutron porosity, acoustic velocity, and so on. A petrophysicist reads
them to estimate lithology, porosity, permeability, and how much fluid is in the rock.
None of this is automatic. A trustworthy subsurface model still depends on someone
experienced enough to read several log responses at once and tie them together
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through known petrophysical relationships, which means the whole workflow rests
on hard-won domain expertise (Archie, 1942: 54; Wyllie et al., 1956: 41).

Machine learning has earned a place alongside the traditional analysis. Train a
supervised model on labeled well logs and lithology classification can clear 75%
accuracy, and the FORCE 2020 Machine Learning Competition gave everyone a
shared benchmark drawn from 118 offshore Norwegian wells. Gradient boosting
and neural networks took the top spots there at roughly 80% on blind test wells,
which is about as good as anyone expects once you account for label noise and plain
geological ambiguity (Bormann et al., 2020). Underground, though, supervised
learning keeps hitting the same walls. Labeled logs are scarce, because interpreting
them by hand is slow, expensive, and needs a specialist, and plenty of wells either
have no complete lithology log or only a few formation tops. The bigger problem
is portability: a model trained in one basin usually does much worse in the next
one, and the culprit is distribution shift, different depositional settings, different
diagenesis, different logging tools (Chang et al., 2020: 3643).

This is where self-supervised foundation models shift things. Instead of leaning
on hand labels, they learn representations from large piles of unlabeled data through
pretext tasks. Time-series models like PatchTST, iTransformer, and MOMENT have
shown that masked autoencoding is a perfectly good form of self-supervision for
sequential data, and the representations transfer downstream even when you only
have a handful of labels to fine-tune on (Nie et al., 2023; Liu et al., 2024; Goswami
et al., 2024). Universal Transformers such as Moirai push the idea further, training
across many domains so the model can transfer zero-shot to datasets it has never
encountered, with scale and architecture doing a lot of the heavy lifting (Woo et
al., 2024). Well log foundation models proper arrived in 2024. WLFM ran masked
token modeling over 1,200 wells and reached 74.13% lithology accuracy after fine-
tuning, and TGS trained a 60-million-parameter Vision Transformer with masked
autoencoding on 1.1 million North American wells (Qi et al., 2024; Lasscock et al.,
2025). Even these first attempts learn real geological structure without ever being
shown a lithology label.

Three gaps keep holding the methods back, though. Physics is the first. Most
models reach for a generic masked-reconstruction objective and treat a well
log as one more multivariate time series, which throws away the petrophysical
relationships that bind the measurements together. Physics-informed neural
networks have produced sizeable accuracy gains in neighboring fields by folding
domain knowledge in as differentiable constraints, and yet no prominent well log
foundation model writes petrophysical laws into its self-supervised pretraining
(Pothana and Ling, 2025: 100410; Shao et al., 2024: 892). Masking is the second.
The published models default to uniform random masking, which ignores what
makes well log data well log data: the strong physical correlations between
channels and the layering imposed by stratigraphy. Transfer is the third. Cross-basin
generalization has barely been studied properly, which is odd given that transfer is
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half the reason you would build a foundation model for a data-poor problem like
subsurface characterization at all (Chang et al., 2020: 3643).

Our answer to these gaps comes in three pieces. First, physics-aware masked
pretraining. We add petrophysical consistency objectives on top of the usual
reconstruction loss, so a masked prediction has to honor the relationships that
matter: Archie's law tying resistivity, porosity, and saturation together; Wyllie's
time-average equation linking sonic response to porosity; and density-porosity
constraints. These auxiliary losses read nothing but the raw log measurements and
ask for no extra labels, so the method stays fully self-supervised while being pulled
toward physically sensible answers. Second, a geologically adaptive masking
curriculum that turns up the difficulty as training goes on. It opens with random point
masking to build local context, shifts to cross-curve masking to capture the physics
between logs, and finishes with stratigraphic interval masking for formation-scale
patterns. Third, a set of cross-basin transfer benchmarks. We pretrain on Norwegian
offshore wells and then test on North Sea Dutch and Kansas data, which is a far
stiffer test of whether the representations are actually basin-invariant.

Literature Review. Machine learning for well log analysis has gone through
about three stages, each a notch more sophisticated than the one before. It began
with supervised classification using classical algorithms. Hall's 2016 study, the
one that introduced the SEG facies-prediction benchmark from wireline logs, ran
support vector machines and random forests to F1 scores near 0.63 on nine-well
datasets, but it leaned hard on hand-crafted features and came apart once training
data got thin (Hall, 2016: 906). Then deep learning brought in convolutional and
recurrent architectures. 1D CNNs turned out to learn hierarchical features directly
off raw log curves, and Jiang et al. bolted on geological constraint layers that
softly enforce stratigraphic ordering during supervised training, which helped both
accuracy and physical plausibility (Jiang et al., 2021: IM85).

Transfer learning arrived as a practical fix for the labeled-data shortage. The bet
is that some geological patterns stay statistically similar across basins even when
the absolute property ranges wander off. Chang et al. used unsupervised domain
adaptation with maximum mean discrepancy to align feature distributions between
source and target wells, and trimmed classification error by 12% against the source
model applied cold (Chang et al., 2021: ID19). There are catches. These methods
usually still carry supervised parts and want labeled source data plus at least some
target information, and how well they work hinges on how similar the two settings
really are. Pull wells from geologically unlike areas and performance can fall off
a cliff.

Self-supervised learning for time series has moved quickly, having borrowed
the masked-modeling trick that worked so well for BERT in NLP. PatchTST
brought patching to multivariate series: chop a sequence into subseries tokens,
mask 40 to 50% of them while pretraining, and out come representations that are
useful for forecasting (Nie et al., 2023). It treats each variable on its own under a
channel-independence assumption, which scales beautifully but can lose the cross-
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variable relationships. iTransformer turns that on its head, making whole variables
into tokens and running attention across channels rather than time steps, which
fits domains where the inter-variable links are both important and reasonably well
understood (Liu et al., 2024). MOMENT took masked autoencoding further still,
handling any number of channels through flattened representations and variate
embeddings, which is handy for the kind of messy real data well logs give you,
where not every channel turns up in every dataset (Goswami et al., 2024).

The first well log foundation models showed up in late 2024. WLFM used three
stages stacked together: vector quantization to make discrete geological tokens,
Transformer-based masked modeling, and stratigraphy-aware contrastive learning
that treats samples from the same formation as positive pairs (Qi et al., 2024).
Trained on 1,200 wells and fine-tuned on labeled subsets, it reached 78.10% lithology
accuracy and a mean squared error of 0.0038 on porosity. Its ablations were blunt
about one thing: the vector-quantization tokenizer was what made transfer work at
all, since continuous embeddings kept overfitting to the training wells. TGS built the
biggest reported well log model to date, a 60-million-parameter Vision Transformer
trained with masked autoencoding on 1.1 million wells, though only limited
numbers have been published (Lasscock et al., 2025). Koeshidayatullah et al. took
the general-purpose TimeGPT model to well log completion and anomaly detection
and got R-squared values up to 87% and 93% accuracy at flagging anomalies tied
to drilling hazards, even with each channel handled separately (Koeshidayatullah
et al., 2024). Seismic foundation models are on a parallel path: Sheng et al. showed
that Vision Transformers pretrained on varied 3D seismic volumes generalize zero-
shot across interpretation tasks, which only strengthens the case for foundation
models on subsurface data in general (Sheng et al., 2025: IM59).

Physics-informed machine learning is the adjacent idea of building domain
knowledge into the network and its training rather than hoping the data implies it.
Pothana and Ling recently showed that physics-integrated networks, the kind that
enforce petrophysical boundaries and mineral volume constraints, cut errors by
66% when estimating porosity and mineral content from logs against a conventional
architecture (Pothana and Ling, 2025: 100410). They do it with custom layers
that emit physically consistent outputs, with constraints pulled from Archie's
equation, neutron-density crossplots, and volume-fraction limits. Hybrid physics-
ensemble methods that mix data-driven predictions with rock physics templates
have likewise topped R-squared of 0.91 for porosity while holding up better under
distribution shift (Shao et al., 2024: 892). Both share one limitation: they stay
fully supervised, since they need labeled porosity or mineral composition to train.
Putting petrophysical constraints inside a self-supervised pretraining objective is
the part nobody had tried.

Masking strategies have drawn almost no attention in well log analysis, even
though they have paid off elsewhere. Yang et al. found that adaptive masking
curricula, where task complexity climbs over the course of pretraining, improve
representation quality in vision transformers (Yang et al., 2022). Well log data
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leaves several openings on the table. Some log curves are tightly correlated because
they share physical relationships; formation boundaries make sharp breaks that
double as natural segmentation points; and the depth-dependent statistics carry the
fingerprints of burial and diagenesis. Uniform random masking uses none of it.

Benchmark datasets for well log machine learning are thin compared with what
other fields take for granted. FORCE 2020, with 118 Norwegian offshore wells,
15 log types, and 12 lithology classes, is about the best public evaluation resource
around, though the winning team noted that the ~80% accuracy mark probably
reflects a ceiling set by label subjectivity and geological ambiguity rather than by
any limit of the models (Bormann et al., 2020). The older SEG 2016 Kansas dataset
is much smaller, only nine training wells from one gas field. Equinor's Volve Field
release is generous at 24 wells with a full public dump that includes seismic, but
it does not cover enough geography to test cross-basin transfer the way you would
want. Gama et al. added a standardized imputation benchmark on 227 Norwegian
wells and reported mean absolute errors around 8 to 12% for curve completion
(Gama et al., 2024: 105789). Add it up and the field still has no systematic cross-
basin evaluation framework, so most studies keep training and testing on splits
from a single basin.

Problem Formulation. We define physics-aware self-supervised learning on
multivariate well logs as follows. A well log dataset consists of N wells. Each
well W is represented as a matrix ¥'w) g RP*C, with D depth samples and
C channels corresponding to different log types. Gamma ray (GR), bulk density
(RHOB), neutron porosity (NPHI), compressional sonic (DTC), deep resistivity
(RDEP), and photoelectric factor (PEF) are some of the most common channels.
The depth sampling interval is typically 0.1524 metres. Each channel has unique
physical units, dynamic ranges, and missingness patterns. Following PatchTST,
we divide the depth sequence into non-overlapping patches of length L, yielding
P = |D/L] patches per well. Each patch is projected through a learned linear layer
to embedding space B 9n, where di, = 256 is the model dimension. Denote the
patch embeddings for well W as g™ = ﬂlf:,w:',hiwl',...,hi“’)}. During pretraining,
we randomly mask a subset M © {1, ..., P} of patches following a masking ratio
Pmask. The pretraining objective combines three components: reconstruction loss,
petrophysical consistency loss, and cross-log coupling loss.

The reconstruction loss follows standard masked autoencoding:

1 o 2
Lieon = EEiE}i 1% — = Iz (1)

where ¥; represents the original patch and %; the decoder reconstruction from
the masked encoding.

The petrophysical consistency loss enforces Archie's law relating resistivity R,
porosity ¢, and water saturation S,:
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where Mg denotes masked patches containing resistivity channels, & is the
tortuosity factor, R, the formation water resistivity, m the cementation exponent,
and 1 the saturation exponent. Standard values a = 1,m = 2,n = 2 are assumed.

Similarly, Wyllie's time-average equation couples sonic slowness At and
porosity:

1

L\»?]hg = Z.lEHS | At; — (q}.l At 4 (1— &) mmj 12 G)

Mgl

with At and At representing fluid and matrix slowness.
The density-porosity relationship provides an additional constraint:

1 5
Lomsits = 717 Lseny | Pos — (@ Pet (1= &) pa) I )

where Pu is bulk density and P#rPma are fluid and matrix densities.
The cross-log coupling loss penalizes predictions that violate known log
response correlations, such as density-neutron separation in gas zones:

1
“Ec,-:-upling - H E

.=y max (0,NPHL, — RHOB; + §)° (5)

where & represents the expected separation threshold.
The total pretraining loss combines these components:

"ctotal = "Er}c.c-n + }"1 ' "ca.fc,hia + ‘-':"2 ' "c\v_\-']lia + }LE ' "Edansit_v + ‘-':"4 ' 'E{.oupling (6)

where A; = 0.15,A, = 0.10,A; = 0.10,%, = 0.05 balance the physics-
informed auxiliary objectives against reconstruction fidelity. These weights were
determined through validation experiments described in Section 5. Each A was
tuned independently by grid search over {0.05, 0.10, 0.15, 0.20, 0.25} on the
FORCE 2020 validation split, holding the other three weights at their current-best
value; the values reported above are those that minimized validation loss.

Neither ¢ nor Swin Equations (2)-(4) is a separately measured or learned quantity:
both are computed from the six input channels listed above. Porosity ¢ is instantiated
directly from the neutron porosity channel (NPHI), so it is available for every patch
without an extra estimation step; where NPHI itself falls inside a masked patch, the
decoder's own reconstruction is used, so the physics losses are evaluated on model
outputs rather than on an unavailable ground truth. Water saturation Sw in the
Archie term (Equation 2) is likewise not predicted separately: it is back-calculated
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in closed form from the same patch's resistivity and NPHI-derived porosity, using
the fixed catalog parameters (a=1, m=2, n=2) and a basin-specific formation water
resistivity Rw taken from each dataset's public documentation (Bormann et al.,
2020, for FORCE 2020; the operator reports for Volve and for SEG 2016 Kansas
Hugoton). No additional labeled quantity is therefore required at pretraining time.
This also resolves the apparent overlap with the downstream porosity regression
task in Section 6: the ¢ used inside the pretraining loss is the raw NPHI proxy,
while the regression target in Table 3 is the core-calibrated porosity from Volve's
laboratory analysis, a higher-fidelity quantity that is introduced only after the
encoder has been frozen (Section 4). The pretraining objective never sees the label
it is later asked to predict, so using the NPHI proxy to regularize representations
that are subsequently evaluated against core porosity is weak supervision rather
than a circular one.

Methods. Our physics-aware masked pretraining framework sits on a
Transformer encoder-decoder adapted for multivariate time series. The encoder
pushes the unmasked patches through L=6 Transformer layers with 8-head self-
attention and feed-forward networks at an expansion ratio of 4. As in BERT and
the recent vision transformers, layer normalization runs before the attention and
feed-forward operations rather than after. Learned positional encodings carry depth
information, and separate embeddings mark which channels are present in a given
patch, which is how we deal with channel availability changing from one well to
the next.

The decoder is four Transformer layers that rebuild the masked patches from the
encoded context. Mask tokens slot into the masked positions before decoding, so
the model can use both the visible context and the cross-patch dependencies while
it reconstructs. Predictions come out per channel through separate linear heads,
which lets us compute the loss independently for each log type and quietly handles
wells where a channel simply is not there.

The masking curriculum runs in three stages. Stage 1 covers epochs 1 to 50:
random point masking at a 40% ratio, individual patches masked uniformly at
random, which teaches local depth-wise context and basic interpolation from
neighbors. Stage 2, epochs 51 to 100, switches to cross-curve masking, hiding
whole log channels at every depth while leaving the rest visible, so the model is
forced to learn the inter-log physics, inferring resistivity from porosity proxies, or
sonic from density. Stage 3, epochs 101 to 150, is stratigraphic interval masking,
where contiguous depth intervals of 10 to 30 patches go dark across all channels at
once and the model has to read formation-scale patterns and stratigraphic continuity
to fill them in.

Preprocessing follows the standard petrophysical workflow with a few domain
tweaks. Gamma ray, density, and neutron porosity are min-max normalized to
[0,1] over domain-standard ranges: GR to [0, 200] API, RHOB to [1.95, 2.95] g/
cm?, NPHI to [0, 0.60] v/v. Resistivity curves get a logio transform first to tame
their multi-order-of-magnitude span, and sonic slowness is clipped to a physically
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plausible [40, 140] ps/ft before normalizing. Missing values are forward-filled
within each well and then backward-filled at the edges, as is standard practice (Dai
et al., 2024: 105666). We deliberately leave out any imputation model at this stage,
so we do not inject correlations that are not really there.

Training runs on AdamW at a 3x10* learning rate, weight decay 0.01, and a
cosine annealing schedule. Batch size is 64 wells, with gradients accumulated over
four steps for an effective batch of 256. Pretraining lasts 150 epochs on a single
NVIDIA A100 40GB, roughly 18 hours for the full curriculum. We then freeze the
encoder and use it to pull patch embeddings for the downstream tasks: a lightweight
3-layer MLP head trained with cross-entropy for lithology classification, and a
linear readout under mean squared error for porosity regression. Both heads train
for 50 epochs at a 1x107 learning rate.

Experimental Setup. We evaluate on three public well log datasets picked
for their geological and geographic spread. FORCE 2020 holds 118 offshore
Norwegian wells from the North Sea, split into 98 for training and development,
10 for open testing, and 10 for blind evaluation. The wells run from Jurassic to
Paleocene in age and cover sandstone, shale, limestone, marl, dolomite, coal, and
tuff, with logs including GR, NPHI, RHOB, DTC, four resistivity measurements at
different depths of investigation, and photoelectric factor. This is our main lithology
classification benchmark, scored with class-weighted metrics that account for how
reliable the labels are.

The Volve Field dataset gives us 24 wells from Equinor's Norwegian North
Sea Jurassic Hugin Formation, backed by seismic, core analysis, and production
histories. These wells carry complete logging suites under continuous quality
control, so the porosity ground truth is trustworthy; we pretrain on 18 and evaluate
on 6. The SEG 2016 Kansas Hugoton dataset has 9 training wells and 2 blind test
wells from an onshore gas field. Its depositional setting and diagenetic history sit
a long way from the offshore Norwegian fields, which is exactly why it is useful
for cross-basin transfer, putting mature marine shales up against terrestrial gas
reservoir facies.

We compare against several baselines: a supervised network with no pretraining,
a standard masked autoencoder without physics losses, WLFM adapted to our setup,
and classical machine learning. The supervised CNN is a 6-layer 1D convolutional
network with residual connections, batch normalization, and dropout, trained end-
to-end on labeled wells. The standard MAE baseline uses our Transformer but runs
on reconstruction loss alone, Equation (1), with uniform random masking. Our
WLFM implementation keeps the published architecture and its vector-quantization
tokenizer, retrained on our data for a fair comparison. Because the WLFM authors
have notreleased code or pretrained weights, this is a from-scratch reimplementation
of the published description (Qi et al., 2024): a 512-entry, 256-dimensional vector-
quantization codebook feeding the same 6-layer Transformer backbone, pretrained
on our own wells for the identical 150-epoch, effective-batch-256 schedule used
for our own model, so the two share every dataset and optimization setting and
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differ only in architecture and objective; the resulting numbers should be read as a
best-effort reproduction rather than the original authors' validated benchmark. The
classical baselines are a Random Forest with 500 trees at a max depth of 20, and
XGBoost with 200 rounds.

The metrics follow standard practice in the field. For lithology classification we
report macro-averaged F1, overall accuracy, and the FORCE competition penalty
matrix, which punishes geologically implausible mistakes harder, confusing
sandstone with coal costs more than confusing sandstone with siltstone. Porosity
estimation is judged on mean absolute error, root mean squared error, and the
coefficient of determination, R2. Cross-basin transfer is measured by the optimality
gap: the percentage rise in error when a model trained on the source basin is applied
to a target basin, relative to one trained directly on the target. Every number is
averaged over five random seeds, with standard deviations reported.

Because FORCE 2020 labels lithology with a 12-class scheme and SEG 2016
Kansas Hugoton uses Hall's (2016) 9-facies scheme for a distinct onshore gas-
reservoir setting, the two label sets have no direct correspondence; cross-basin
accuracy is therefore reported on the harmonized taxonomy in Table 1, obtained by
grouping each dataset's native classes as shown below.

Table 1 — Harmonized lithology taxonomy aligning FORCE 2020 (source) classes with SEG
2016 Kansas Hugoton (target) facies for cross-basin evaluation

Harmonized class | FORCE 2020 (source) | SEG 2016 Kansas Hugoton (target) facies, Hall
classes (2016)

Clastic sand Sandstone, Sandstone/ | Nonmarine sandstone (SS)
Shale

Clastic shale/ Shale Nonmarine coarse siltstone (CSiS), Nonmarine fine

siltstone siltstone (FSiS), Marine siltstone and shale (SiSh)

Carbonate Marl, Limestone, Chalk, | Mudstone (MS), Wackestone (WS), Dolomite
Dolomite (D), Packstone-grainstone (PS), Phylloid-algal

bafflestone (BS)
Excluded (no cross- | Halite, Anhydrite, Tuff, |—
basin analogue) Coal, Basement

Results. Table 2 lays out the lithology classification results on FORCE 2020,
with physics-aware pretraining set against the baselines and the ablations. The full
method reaches 78.7% accuracy and a macro-F1 of 0.742 on the blind test set, 4.2
percentage points over a standard masked autoencoder with no physics constraints.
Its FORCE penalty score of 0.286 means fewer geologically implausible errors
than the supervised CNN at 0.341. All the gains hold at p < 0.01 on paired t-tests
across five random initializations.

Table 2 — Lithology classification performance on FORCE 2020 blind test set

Method Accuracy (%) Macro-F1  Penalty Inference (ms)
Random Forest 71.3+0.8 0.683 0.358 4.2
XGBoost 73.8+0.6 0.701 0.332 3.8
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Supervised CNN 72.1+1.2 0.694 0.341 8.7

Standard MAE 74.5+0.9 0.712 0.308 11.3
WLFM 76.2+0.7 0.724 0.297 15.8
Physics-Aware (Ours) 78.7+ 0.6 0.742 0.286 11.8

The porosity numbers in Table 3 show an even larger payoff from physics-
informed pretraining. On the Volve test wells our method lands an MAE of 0.0283
v/v and an RMSE of 0.0371 v/v, 5.8% better on MAE and 6.2% better on RMSE
than a standard masked autoencoder. An R-squared of 0.921 says the predictions
track core-measured porosity closely. The most telling result is at the edges. Where
log responses turn anomalous, the physics-aware model pulls clear of the purely
data-driven ones, cutting maximum absolute error by 18%.

Table 3 — Porosity estimation performance on Volve test wells

Method MAE (v/v) RMSE (v/v) R? Max Error
Supervised CNN 0.0327 0.0421 0.893 0.142
Standard MAE 0.0301 0.0396 0.908 0.134
WLFM 0.0289 0.0378 0.915 0.128
Physics-Aware (Ours)  0.0283 0.0371 0.921 0.110

Cross-basin transfer, in Table 4, is where physics-aware pretraining pays for
itself. Transferring from Norwegian to Kansas wells with no target-domain fine-
tuning, our model posts a 12.7% optimality gap on lithology classification against
19.0% for the standard MAE. Fine-tune on just 3 labeled Kansas wells, a third of
the available training data, and the gap falls to 6.3%. The physics constraints look
like they teach the model basin-invariant geological principles instead of statistics
specific to one dataset, which is what lets both the zero-shot and few-shot transfer
hold up. These figures are computed on the harmonized three-class taxonomy in
Table 1, since FORCE 2020's 12-class lithology scheme and the SEG 2016 Kansas
Hugoton 9-facies scheme (Hall, 2016) share no common label set; the five FORCE
classes with no Kansas analogue are excluded from the transfer evaluation.

Table 4 — Cross-basin transfer from Norwegian (source) to Kansas (target) wells

Method Source Acc (%)  Zero-Shot (%) 3-Shot Gap (%)
Standard MAE 74.5 60.3 19.0

WLFM 76.2 62.8 17.6
Physics-Aware (Ours) 78.7 68.7 12.7— 6.3

The ablations in Table 5 break down where the gains live. Strip out the physics
consistency losses (equations 2 to 4) and accuracy drops 2.8 points, so the
petrophysical constraints clearly regularize the model well past what data-driven
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reconstruction manages alone. The adaptive masking curriculum is worth another
1.4 points over uniform random masking. Dropping the cross-log coupling loss
(equation 5) barely moves lithology classification but pushes porosity MAE up 8%,
which says that term matters most for regression tasks that need precise numbers.
The curriculum itself turns out to be central: swap the three-stage scheme for a flat
50% random masking and classification accuracy slides to 76.1%.

Table 5 — Ablation study quantifying individual component contributions

Configuration Litho Acc (%) Por MAE Inference (ms)
Full Model 78.7 0.0283 11.8
Without Physics Losses 75.9 (-2.8) 0.0296 (+4.6%) 10.9
Without Adaptive Curriculum  77.3 (-1.4) 0.0288 (+1.8%) 11.8
Without Cross-Log Coupling 78.4 (-0.3) 0.0306 (+8.1%) 11.6

All the extra physics does not wreck efficiency. On the A100, inference runs at
11.8 milliseconds per 100-meter well segment, quick enough to interpret in real
time while drilling. The physics consistency terms add about 1.3 milliseconds over
a plain masked autoencoder's 10.5, a 12% overhead the accuracy gains repay several
times over. Training the full 150-epoch curriculum stretches from 14.2 to 18.0
hours, the price of the extra forward passes needed to compute the petrophysical
losses during backpropagation.

Discussion.

Figure 1 shows the attention patterns the physics-aware model learns next to a
standard MAE, on a representative well section across a sandstone-to-shale transition.
The physics-aware encoder attends more strongly between physically related curves,
density-neutron pairs and resistivity-porosity combinations, and that shows up as heavier
weights along particular off-diagonal blocks of the attention matrix. The standard MAE
spreads its attention out with no clear physical reading. So the petrophysical consistency
losses seem to steer the model toward geologically meaningful feature relationships
instead of whatever statistical correlations happen to fit.

(a) Physics-Aware Model (b) Standard MAE
Attention Matrix Attention Matrix Lo

Channel i
SouBIalq oY

o g X & 3 Q \al & ol g X < R S \g
T T I FF TS L
Channel j Channel j Channel j

Figure 1— (a) Attention matrix heatmap for physics-aware model highlighting strong coupling
between GR-PEF, RHOB-NPHI, and resistivity-porosity channel pairs. (b) Standard MAE attention
matrix showing more uniform, less structured patterns. (c) Difference map emphasizing which
channel pairs exhibit enhanced attention due to physics constraints.
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Figure 2 walks through the rising difficulty of the three-stage curriculum on
example patches. Stage 1 random point masking leaves scattered gaps that an
immediate neighbor can usually fill. Stage 2 cross-curve masking takes out whole
log channels, so the model has to lean on inter-log physics to rebuild them. Stage
3 stratigraphic interval masking removes contiguous depth ranges across every
channel, leaving the model nothing but the formation-scale patterns it can read
from the unmasked context above and below. Reconstruction quality over training
follows the same arc: random point reconstruction is acceptable by epoch 30, cross-
curve masking settles by epoch 80, and stratigraphic interval reconstruction keeps

improving out to epoch 140.
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Figure 2 — Three well log panels displaying (left) Stage 1 random point masking with 40% of
individual samples masked, (center) Stage 2 cross-curve masking with resistivity and sonic curves
entirely removed, (right) Stage 3 stratigraphic interval masking with 20-meter depth interval masked
across all curves. Each panel includes original curves in solid lines and masked regions in gray.

Conclusion. This paper presented physics-aware masked pretraining for well
log foundation models, aimed straight at a blind spot in current self-supervised
methods: they ignore the petrophysical relationships the measurements actually
obey. We fold Archie's law, Wyllie's equation, and density-porosity constraints
into masked reconstruction as differentiable auxiliary losses, so the model learns
representations nudged toward physically plausible solutions without needing extra
labels. The masking curriculum then carries it from local interpolation to cross-
channel inference to formation-scale pattern recognition, which uses the structure
of well log data far better than uniform masking does. On FORCE 2020 and Volve
this bought a 4.2% gain in lithology classification accuracy and a 5.8% drop in
porosity error over standard masked autoencoders, and cross-basin transfer from
Norwegian to Kansas wells closed the optimality gap by 6.3%, which is evidence
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that physics-informed pretraining picks up geological patterns that travel between
basins.

The ablations pin 2.8 of those classification points on the petrophysical
consistency losses and another 1.4 on the adaptive masking, while the cross-log
coupling term mattered most for the regression tasks that need accurate numbers.
Look at the attention patterns and the physics-aware model concentrates harder on
physically related log pairs than a purely data-driven one does, so its representations
are easier to read geologically. The price for all of it is modest: inference time goes
up 12%, which still leaves plenty of room for real-time drilling applications.

A few directions are worth chasing next. Our physics constraints assume
standard petrophysical parameter values, but those drift from one geological setting
to another, so estimating them adaptively through meta-learning could make the
model less brittle to basin-specific differences in cementation exponent, matrix
properties, and fluids. Bringing in more relationships, saturation-height functions for
capillary pressure, or permeability models, would tighten the physics regularization
further. Multi-modal pretraining that pairs core analysis with downhole logs could
ground the physics more firmly in laboratory measurement. Scaling out to richer
multi-sensor data, image logs, nuclear magnetic resonance, formation testing, is
the obvious route toward broader subsurface foundation models. And for safety-
sensitive uses like carbon sequestration or nuclear waste storage assessment,
uncertainty quantification through Bayesian methods or ensembles would supply
the reliability estimates those applications demand.

The broader point is a simple one. When you know the governing equations,
wiring them into the network as differentiable constraints can sharpen self-supervised
learning in scientific domains, and none of that is specific to well logs. The same
move applies to seismic data under wave propagation physics, to electromagnetic
surveys under Maxwell's equations, and to gravity or magnetic inversion under
potential field theory. As foundation models spread across the sciences, physics-
aware pretraining is a practical way to bring expert knowledge in without giving up
the scale and flexibility of self-supervision on unlabeled data.
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