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New paper!

What if you could guarantee (using a mix of formal verification
and PDE theory) that a neural network would always give you
the correct answer, even when making inferences arbitrarily far
away from the training data?

Introducing BEACONS. arXiv link below. (1/15)

2/15

Link: https://arxiv.org/abs/2602.14853

In physics, we often want to use neural networks to infer new
solutions to systems of PDEs. But outside of the spatiotemporal
ranges on which they're trained, even physics-informed neural
networks (PINNS) struggle to extrapolate correctly. (2/15)

3/15

Back in the 90s, excellent work was done by Mhaskar, Pinkus
and others on quantitative versions of the féted Universal
Approximation Theorems for neural networks: how accurately
can a shallow neural network with N hidden neurons
approximate a d-dimensional function? (3/15)

4/15

But these worst-case error bounds all depend crucially on the
smoothness of the function being approximated (i.e. worst-case
error scales like N*(-n/d), where n is the number of continuous
derivatives the function has). Which presents a major problem
for extrapolation. (4/15)

5/15

How can we ever know anything about the smoothness of a
function, outside of the subdomain on which we've trained?
This is the essential reason why one cannot bound errors on
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neural network approximations of functions far from the convex
hull of the training data. (5/15)

6/15

But with BEACONS - Bounded-Error, Algebraically-
COmposable Neural Solvers - we exploit the fact that the
function we're learning is not arbitrary, but rather is the solution
to a PDE (or system of PDESs). So we can apply techniques like
the method of characteristics... (6/15)

7/15

...or elliptic regularity theorems to predict a priori how many
continuous derivatives must exist, anywhere in space or time,
even arbitrarily far from the training domain, by exploiting the
analytical structure of the PDEs themselves. Hence, the
"Bounded-Error" part. (7/15)

8/15

But such rigorous bounds are only provable for shallow neural
networks (with a single hidden layer). What if we want to
construct a deeper, more expressive architecture? That's where
the "Algebraically-Composable"” part comes in. Using ideas
from applied category theory... (8/15)

9/15

...we show how it is possible to construct deeper BEACONS
architectures as compositions of shallower ones, in such a way
that the error bounds remain tightly controlled. Specifically, we
"factorize" our complicated PDE solution into a composition of
simpler functions... (9/15)

10/15

...in such a way that the large bounds on the errors for
discontinuous parts of the solution are arbitrarily suppressed by
small bounds on the errors for smooth, slowly-varying parts of
the solution, effectively generalizing the theory of nonlinear flux
limiters. (10/15)

11/15

Building on our previous work on formal proofs of correctness
for (hyperbolic) PDE solvers (https://arxiv.org/abs/2503.13877)
we extend our Racket-based domain-specific language and
automated theorem-proving framework to support these neural
network-based PDE solvers, too. (11/15)

12/15

Just specify the equations you want to solve, plus the neural
network hyperparameters to solve them with, and our
framework automatically generates highly optimized C code for



training and validating a BEACONS architecture for those
equations, and inferring new solutions. (12/15)

13/15

Simultaneously, it generates formal proofs of correctness for
the underlying classical solver, as well as for the bootstrapped
neural network-based solver, with rigorous extrapolatory
bounds on the worst case L infinity errors for both smooth and
non-smooth solutions. (13/15)

14/15

These proofs are represented as symbolic Racket code, and
hence are fully executable (and therefore machine-checkable).
For a variety of both linear and non-linear equations systems,
we find that BEACONS architectures dramatically outperform
traditional neural networks. (14/15)

GISEEN

15/15

The goal is to raise the overall level of mathematical rigor
underlying scientific ML, placing neural network-based methods
on an equal footing with classical numerical methods, and
guaranteeing properties like conservation, convergence,
stability, and correctness. (15/15)
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e Gorard, J., Hakim, A., & Juno, J. (2026). BEACONS: BOUNDED-
ERROR, ALGEBRAICALLY-COMPOSABLE NEURAL SOLVERS FOR
PARTIAL DIFFERENTIAL EQUATIONS. arXiv:2602.14853v1.

e Mhaskar, H. N., & Poggio, T. (2016). Deep vs. shallow networks: An
approximation theory perspective. Analysis and Applications, 14(06),
829-848.
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e [2] YouTube Al Research Roundup (Feb 2026). BEACONS: Formally-
Verified Neural PDE Solvers. W3LE: https://www.youtube.com/watch?
v=WwTA3wOz8c4M

@ BEACONS: Formally-Verified Neural PDE Solvers - YouTube
Al Research Roundup - 26 views
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PILETEIBET L RYIREIRTT, MMIART T BB R LFRIZRINSRERER.

MEwse Rt BRENF: BERFIEE (Flux Limiters) BIFE
HTE
RERRRREAEOBFIER, ERENYIESRED G LR EHFIFR?

EREEEN.

&35, BEACONS BT HREFBRIKBITREBRIZEREENME, &FHEL
EXNEBRFTEREIFE (CFD) F*BEZRH28" (Flux Limiters) fl“2TEZER
(TVD) &= +BV& Kz 1k

EEENERETRED, E2M Godunov TG —EHEEEFE@: FrE&M
HFIEHRERN, —BRIZMEE, TR GNIAS=ERIZIRVIRIIRIR
(Spurious Oscillations) s 77T %¢FF Godunov B2, JL+EX, FRAEHDFEKNTA

Harten, Sweby, van Leer & A %7 AEHIEL M IBERHIZZ” (40 Minmod,
Superbee) ., XLEFRFISZAVIER, MEERATEMRIE BIR~ERER) BY, Al
SIN—TIEEMRRIZE N, BITHREBERENTL, #R2TE (TV) g
Mo XMBEERERBERATRNMANT BIENNHERESS

MEREFSIMNIBIRE T, BEACONS FIAEATASHEMLLIERRT | HERMKZHNER
BEXS, ME—TRAN. RHBEANBENIEAEBEERHIEE. EWLNATEH
& (Category Theory) EHEARRAASHINIER: EXRANEETUHEAHE
#9755+ (Morphisms) #SM*, BEACONS HAEEEIIMNBRME LM CFD 1K
15, MelLHENE e SN FIRERE (—BRE—BENIELERENNE) B
HHRIT T HIRR(E. FREER TVD 121E,

BT R)N Lipschitz HEBVERELIRSY, RE BEACONS ZRITEZUK AL B Eh4am 7 15
B, BERBTHKNEGIAR, LA SINEARGIR7. XEFRABAEIRE



FERMRARNL, ERREMRHESAER, BIETHHEEEBHELATS HYER
TVD &= B9E /.

BXMHETHTERE [ BIRKAAE? EREATERBPREIRH? FE TR
BOEDH, BIEBRAEAX &R HERRABIRLRNELTNAIN: BWELE
BNERHRYEZ I TR,

(B=8pn5T, T8 FHBSNESHSREMEERI,)

B=MHBEFHSHERE
o XHASIFA:

e Gorard, J., Hakim, A., & Juno, J. (2026). BEACONS: BOUNDED-
ERROR, ALGEBRAICALLY-COMPOSABLE NEURAL SOLVERS FOR
PARTIAL DIFFERENTIAL EQUATIONS. arXiv:2602.14853v1.

o MEESEHA:

e [1.1] arXiv:2602.14853v1. BEACONS: Bounded-Error, Algebraically-
Composable Neural Solvers for Partial Differential Equations. (181X T
BEACONS ZRH MR ERMEZ R R EAI A S REREN N SEEICE
B2). FIE: https://arxiv.org/html/2602.14853v1

e [1.2] Quantum Zeitgeist (Feb 2026). Verified Al Solvers Extend Physics
Beyond Experiments. ({RIEEHIF4IEL T BEACONS HEZRUN{AES 3 %
S0 PDE FENERRFTAHGRER, MMEHRBTFARELEFTRHIEKX
RE, HREZMESIBERT2ZHYRR). Mt:
https://quantumzeitgeist.com/verified-ai-solvers-extend-physics-beyond-

experiments/

e [2.1] European Conference on Computer Vision (2024). Understanding
Multi-compositional learning in Vision and Language models via
Category Theory. (R34 7 SNEIF e eV T AR, #ENES
[EISERBING S X R). B
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/06472.pd
f

e [2.3] Reddit Machine Learning Discussion (2019). Category-theoretic
approach to machine learning. (1 T SEBSENREZE S AESHIRICE
MNEZEE, BHASHHMREESURINRENERZ R HEES
Bz ). Rt


https://arxiv.org/html/2602.14853v1
https://quantumzeitgeist.com/verified-ai-solvers-extend-physics-beyond-experiments/
https://quantumzeitgeist.com/verified-ai-solvers-extend-physics-beyond-experiments/
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/06472.pdf
https://www.ecva.net/papers/eccv_2024/papers_ECCV/papers/06472.pdf

https://www.reddit.com/r/MachinelLearning/comments/d01tq3/discussion

_categorytheoretic_approach_to_machine/

¢ [3.2] ResearchGate (Mar 2026). Learning second-order total variation
diminishing flux limiters using differentiable solvers. (I3 7 AT
HEKEREE, MENZUARATFIFHERTM TVD RHlE, w0
Minmod #] Superbee, K17 #HEMLES TVD BARTEELR). ML
https://www.researchgate.net/publication/401463964_Learning_second-
order_total_variation_diminishing_flux_limiters_using_differentiable_solv

ers

e [3.3] Physics of Fluids (Mar 2026). Learning second-order total variation
diminishing flux limiters using differentiable solvers. (BIFl1Y TVD &=z
WERFIZNIERNG, R T EHEREDFRIRGIZEX FEEETLE
LIEIRYBHRSHH RS S ERY X F21ER). Rt
https://pubs.aip.org/aip/pof/article/38/3/036102/3381829/Learning-

second-order-total-variation-diminishing
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{BEACONS: BE&M™iRIZE LRS5AHTASHENFHT—R
fREPDEREES) HARIRE (4/5)

515 Mg smaFizE, ISRE8rE”

L8RS, BEITRITT BEACONS ERFRA iR I rTAHS 4 IEIe
(ARE: | I fog—fog | | o<e+Leys ZELIER, RBRIE—E
ERRNRESR g SNE, BHE—RIRETR. B Lipschitz 55 L &/ &%k f
, PR R B BT KIZE BT R

R, WILRE, TISEHAEIRE ™SR RPN RNRMK f
g?

EBTHE = MRE SRR

1. ERTEENKREE EXRXAF (C” 8.
2. EWEEW IR B A RT u BFTE RTEERE.

ELAE— I ARERENIER L, FANTEREZRKEREL, UELR
H SRR,


https://www.reddit.com/r/MachineLearning/comments/d01tq3/discussion_categorytheoretic_approach_to_machine/
https://www.reddit.com/r/MachineLearning/comments/d01tq3/discussion_categorytheoretic_approach_to_machine/
https://www.researchgate.net/publication/401463964_Learning_second-order_total_variation_diminishing_flux_limiters_using_differentiable_solvers
https://www.researchgate.net/publication/401463964_Learning_second-order_total_variation_diminishing_flux_limiters_using_differentiable_solvers
https://www.researchgate.net/publication/401463964_Learning_second-order_total_variation_diminishing_flux_limiters_using_differentiable_solvers
https://pubs.aip.org/aip/pof/article/38/3/036102/3381829/Learning-second-order-total-variation-diminishing
https://pubs.aip.org/aip/pof/article/38/3/036102/3381829/Learning-second-order-total-variation-diminishing

Jonathan Gorard FAEIEXHPLE T LABRUENARER, IUREHRERHE
RSB L MO AR —IFEM TR NABEI, XN NUNE— M HRFIE,
B BEACONS HERHEIEF I ENAFRYIARAKB MESIZE",

AEBHATNE: ARATASERNAFZMESIH

79T RO u(x) #7A85 f(g(x)), BEACONS BENEEIEFHRSKIBH S
SREIN, RAYHET —ARIMRENTIRT,

(A% 5] FELEMTEHT R

arcsinh(x)

fx) = o 90 = sinh(Cu(x)

TEiFRE:

o u(x): METEFELIRERS WHEENRNEET), EBeERNES
Y

o C: —MATF 0 HIEHIER (BEK),

o arcsinh(x): &WHHIEXERER, EAREETBHIIELIER LN,

o sinh(x): WHAIEZERER, FREGYIED u(x) BRESAFERREIRES g(X)o
o L: E¥ f(x) &9 Lipschitz B3, EXBETRET L,

A ERSRERER:

ERIHFREEXAARIETFH 4. &%, EX arcsinh(sinh(y)) = y, ikl
f(g(x)) = ZesmhEICU) = y(x), FEREEMLE, XEETE T YRR,

At 4= RINHIETX?

EBRVAMRRE f(x) = x/C ee4E/N L (LipschitzEE#ikARE 1/C) , BUIRZEL
MR, BAMRRETNT, ABEMBZIUE g(x) = Cu(x) MRERSFLLFIHRAK
C &, RENRERR Ley = (1/C) x (Cey) = e, —YIEZIRS, ZEXLMALH

o

m arcsinh BNEHETHIELE 4.

BRIFEERBE—IREETZENREN EIHFEREN u(x). HEIZBE (B2EN
%) SSBEEKRIZIR, BEE% (RERK).

FIAAI 5, BEACONS BMBUEEE FSINT —EREBBERICFELSE:

1. B, AERE u(x) % sinh(C-) XM S HIRERIZIMHIET . ARLEAR
BELRRYBUKBIAR, WAL TIEFEENE, X—FTHINEIRE ¢ K5I

o



Ao

2. BREESE, HITEMRINEE LT arcsinh(x)/C XMBEEAHEE . &
B 1ESZ Y S S Cﬁo XEKE, HAREANGES x (R E)
HWREIZL, MEXE, XBRERNSEAR (S RiM=BERMMTFE/

Hit, REREIRE ey RA, EEMNEKEEZITIETH L = 1/C EHIB)E
E. SRFEMRELH C B, f B Lipschitz E¥HELIREIAT 0, BEESML
HURUROBIT IR E AR R EIHI TR T2 7o

XBRERENFPNEMBBELR (TVD) BIUVZIA T IR BT
Godunov I (HMRATELIRZMINGEK) , BERBIBLITEIFEMER. =
L%, MEMERIAS (arcsinh 5 sinh WES), USRI T —MRAN.
2R BV R E R 23!

MEERIAES: Racket FSitHESBohEERIEH5 |2

BT ZENIBICHBWHAKER, FTHREE: NeEiLitENEXESEHNT
B? BTEENKIGTRINERFREE (HBETRE. BUERE), HNBREN
RETREE SNEBPEIEENERKR, RXTEFRIHHESENRE LR,

AT EHMEEMNZFRIZE (Bounded-Error)”, Jonathan Gorard #:&A&#H Python
EEMREZIESENRE, MBEA THENEFRNHRFRZN Lisp A5

—Racket,

1. JEMHIES (DSL) BUREEITE

WXEEMET —1ET Racket BFEMHIES (DSL). EX1 DSLH, #IBEF
KABEFE CiEE5 PyTorch X8, MIRFREGEHFEAN—1F, AEMHIR
WEMEXHNHRHD HE (FIAIRESE Euler FIERBEH T ELIERE) LUK
BEACONS REHEBESEH (MEH. HETHEE).

XE DSL 2— M2 4 2 (Code-generator)”s EXIZHBRNRHD HIE, A
EEoIERBIAR:

o JEBIBEMZE: —BREISERKNER C 13, FREIFEAHRIENSE
BHITERANEE X (W Lax-Friedrichs 3% Roe KRN —MMBEES]), &=
SR E RN, BT REFEINE YRR,

o MERAEE C L —RIBAAREHENEE (kann) B9 C 53, ZITHE%
RIEARNI I LRRFIRE SRS,

2. R0 EIE (Machine-Checkable Certificates)



HIERNRFHETENBRIEERIERS,
IEWNATEINIERY, MNEEBkERYEF SRR M HEM i h SR RER?
BEACONS BESSTEMLRIIZRSTR/E, BrtER— it eI ERNERIER"

EIHENRE, FrEr/NE 2B IEEE-754 F R ¥iRE 20800, S@AYEREIE
BRI RIESMISEER R, {B7E IEEE-754 b, 1020 + 1 - 10%° AJ8E%TF 0 fiF
1. NRIFRIEAARE T FRIRE, ERGRVEUKETNE, 1RE LA,
Ak, BEACONS HY Racket fFSEE &4 (Symbolic rewriting system) #3377 —
NERETE IEEE-754 TRENRELESIE,

o HTEHIFARTEITEAN 2 (TEBRRIREE t.) B, EFEANERSHD

(Symbolic-diff) TIFEREZE
o HEUBEMKREHLAGLER (2N 4) B, E—RFFSRERRIEEZRENE

E 43t (Strictly correctness-preserving algebraic transformations) o

XERENA? XEREXTMNE— N A EAMERERR A, ME—MRERFEE
—1F. HEBKENALE I 220 R AIILIE Al

Z5E . ZREARTRIRER

EXMUE SR E S, FATM Mhaskar-Poggio IICH T BERMEFR, HWiTT A
EECETFIRFRNYEES, BRCANATEHEMEZERKTASHNRENS,
BB T ARSI IR R ER BB ELHI LA Racket R/ EIRIERAS .

BEACONS HEZRAEFE BT ERE, EMEX T BFHEEFS] (Scientific
ML)"8I s, EE S TIXERSHEEHEER S VRN ZRN BRI X,

A, ‘BREBEFRED, HHREE& , XERA. REMAKRNIELCHEAR, TEMNELE
FNN—HN_ERANFEHE (MNEMSEXR. THE Burgers 512, EERHEH
B][E48 Euler 51240) BY, RIARZNE? ENHBEERAERNGIEICH AT
TRK, ERITIRER?

EERB AR ERRE—E57 (55 5/5 Z5) #, FITEHELIRN BEACONS BIE{ESE
1815 (Numerical Results), BT i¥CEIESE%, ILIERE BEACONS NS
WNEIXHMES DIEIZHEWNLE (PINNS) LA BRETTE M, BUEERE,

(BUE D5, 58 BRRHSNESHREMFRERD )

FOEDSERTH SHERAR
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Racket /K& NI EHI B2 L ARERVRIIRIE C 83, NARER
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FERNEZMY, BNIREZIAIHEIRANNZERIERARPRY). Mit:
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5I5: MELREERYELT
FFENORIREF, HITR T —I2REELNNFESEEZERE., M Mhaskar-
Poggio BIFEBEMME (AN—), ENFELEMNEEIERTE (AXX2D), BEXE
MENEIFIRENR (AHZ), EERZFANATEHECHEAHTASHREN
#® (2XXM) , FERERNHAIEZRIMVIELEESN (ARA) HIKSITE T BREL
RE,

BT BLE e T, BXEF A Racket BahE AR R 2 F GRY
BEACONS #&%2, EEJTJEMLWITERENFE (CFD) Hi7L, RIUARZMME?
ERERARSED, HITELEKT BEACONS E=KEZRHYIEFTE (LEXRA
#2. Johh Burgers 2. BI[E4E Euler 5124H) HAYSCEEIE » FATTEBMBHhE
B, HERRNYIBEEEMEME (PINNS) e EEME MR TR FHKAS
758y, BEACONS ZUNAINERS TR EREENFREESHENMHEN,

+4

tE—: &MFxRARE (Linear Advection) — ERRITFIEEL
KM RARERARNEFRREMBARE, EHRTYR (OFKE) E99R/GHN

BT, MBE— MRS S RBISESM B ERT, BEE LML
HEREERETFRERIE,

+4

1D RERA: FIEMNIESHF
£ 1D Wik, ARARKET M ESBEXEE FRREE—1aM) RS
A o

+4

o RREMEZNMBHRY: TiLTE 6 BER 8 ERNERAMENLE (AFEMETHE

E), EFUNREEIR T =EMRIE, 6 EMNKRITEIRG=ETRIZINSKELT
4 (Overshoots & Undershoots) , FEBMEET X RIEE; M 8 EMLEN



FPERETIREE . EARNE, FANSYRRETRETIE, REEE
B (E] BIZLA&BX o

+4

« BEACONS HHEE: 6 =418 BEHJ BEACONS ZEM)EE=MBER T 210 A& H/2
N RIERNEERE . ERNREETUNSZEFRZE, B 8 Z BEACONS £/
L” REMZITHITEIEICIERMN LR (0.707) Z2F, SEFRXA 0.633, EFR=

SFIE75HE, BEACONS B TIRABRREM -

+4

2D [E#EMR: MBEF“E&R"
LHEE FARI %, YIEGTEENESR, HARARILI—IEBENRZLN AL
1E5f o

+4

o RERML. 8 EEBEMAENKZETHREN, T2 EFRIFEEN/LAEARAR,
FeER BV, REWEIZUEM, THRT — M BEIR (Egg-shaped)™*#Y
HE, BEEEHRERRG -

+3

« BEACONS: 82 BEACONS ZR#gNsesediF 7T BRMNER SN, FRREE
iz, RATEDSCENMENE B IFEEERBNEEYT &, BEEX
FMiRZE (0.938) BXREZ ST EIRIERE A ER (1.259) 2R

o

+4

e —: AR SHHREAEEME RN
Burgers SI2EAIAMER (f(u) = Ju?), REKERETEIEE, RHLE%

HOBEUEERZAEUR  (Shock) , BRRAIFRFZEXIRETK (Rarefaction) o XZIHLEMLS
“FRELMEEN TR EEARE

+3

1D “ALIE" MWk (Top-hat)
MERIR— i ALIE R, RIBYIEER, ©RANNIZFEIECR BB,
7£1JH|JF“12:|:Q§?@MEFE)Z$?E T o

+3



o EHRMENSE. RIMRESL. ENMVTESME T ENBCKNEREE, T
&7 EMMERERITIERE . EMEUKMNE, WME~ET EXMNEERS, A
FREEEEMRARE AR SRR o

+4

o BEACONS: RIUEFHE BT, BEACONS ZEMIfsiath i 7 AMIEUKRA
EMFFETGRBETRESE . 1552 8 /2 BEACONS 2244, FBEARNAH K INEH
IESZAYAELR BV AS], RRRMHEIRZESE T &RERE, RENEM
FHIEW TEIF R o

+1

2D EE®{ (Comet pattern)
£ 2D IFETF, #ISARIERRTE Burgers HTEIREIT, SEH—FKKNER, 4

u%%n o

o EHRSK. BXE/LEHEINELE, ERENEEEREABNEE, &
MR RE R (Pointy)” . EXENE, EXESHETEERE, S
HEEIRMES TIHHEENRAREER .

+1

o BEACONS: RHEREMEN T EENHREWNSHATAEERE, XERIE
BT R FIAA S RIS IR M B E 1BS RUFREF T THEE ] o

fie=: FIE4SE Euler FRE — SERYEGHHNZERM
MBRARERRFBE, BAOSTRE. 8. EESATER, Hhaisk
RS2 (BASE) BEEIESRS Euler 124, NEHIRABRMBHIGS)

+4

1D Sod HEE (Sod Shock Tube)
XEIBERENERE LREINEENR, ESE—BREIELHREANHBEUSE.
thia] Vit El#r (Contact Discontinuity) FEIARECE o

+3



o BHNE. TELTEVEXM=XRKERALXNERBE. MAENBRERE
W ERSE, MRANIZINTIER A ARG ITER, EERAMSER
TR RL” T, # T —HAEXTMERXIRE

« BEACONS: 8 /= BEACONS BRIl TIRANYIEREE. ERNTEELE TR
EMBEER, BRERGTEEFNEET, REEHHEHRS T EMiakfm
ENEKRE. ZFEMMEA T RAEHREREFNEREEL TP, 548 CFD
FREMEERRIOE—H .

2D MKRFEEE (Quadrants Problem)
VAW D AENRIE, BFARNKRS. BaifE, HERSRRIZIRNE, &=
S HEEFNEDHMT. BRENRITEE -

+4

o BHNSK. TENZERBEEARTREN. ERMUBRZEHHKEEE S
3k, EEERAMVERMOMEEEET (BRAMIZIMIAGKEFUN T A
M) . AEAZERRSR (Ray) "EHTEEREK

+1

« BEACONS: 8 /= BEACONS BINFiull T FREMEXENEIRRE. EMEFRR
HIFEMHEEER . REAMERHARRERIBEY (Finger-like instabilities)
EAMEARENTEBIGER=R, BENERNNRBSHEEEERS
BEMERT .

+1

BRSKRKEE: RFNRFINASHA”

Eilt, BEACONS IEXMILE BEENEIRMSTE, XM TSI EERS
B ERIHT WA BENRE, CRMREHNRES (Sl " REEFH—RIE
B,

[FWEETELILPAE, SENBENEMREE—MERN. ETEAN BN
X2, CEMESYIBEHIENBSR TIRANAHEM . M BEACONS HERF XM

ERAL TN 3RO, EELIT AT~ EFES .

B HREREMA—M XBERZE, HIEFE™RNEIEIERFRE (WFE

#%%. Mhaskar-Poggio E5R£9%R. Lipschitz EE#izH), ©ib Al BRE—RHFKET
TEYMEFRAEXEEMNRR: S (Trustworthiness) o



+4

RERLFADA ORI REELEMAI N

1. FEHMATEHNER: (FE12H, BEACONS SAMNBHE T #1TRESSEM
(Counterfactual simulations) ., HEYIESHXE (N NHEERE),
Z4ER CFD KBE—E S EMaSERENEY K EHRAZT . 8
BEACONS AR R 2X(a))Ig5eEE, FEMRINIERAR YN XER
X, SFEER: WMRABEEHR, RAMNZKTAE?

+4

2. YEBEMERN“ESEE (MoE)”: BEXRXK, R AR LUARRESR
YRR (WBHLE. RENE. AES) 2AFUIGHREERN
BEACONS XML, ARFHEI“EHES (Mixture-of-Experts, MoE) "5
1, BelflEEttRaE—ik, ER—TEAN. SHFETRIIE BMLE

(Supernetwork)”, FALURIRES SR ITIE S RIRE o

+3

3. MNUEIAHERSHMEZAEHRE: KK, XEEERFMBRFRERRE, @
W5 NBEEIENEEIR (Elliptic regularity theorems) , EX54E#ET B A A
2. MESHIELUNK ODEs $ilsl, HIEEEIEMAY PDE LR (FnEK
&) o

+3
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NRBLLHI PINNs BIRERENREMIEIIR S PIEZE, A4 BEACONS FEE
REETRET —REEITE (Beacons), XAKRZLDATNS Racket FEIEIEAFZSHY
R, RGBT HEMEERRMERNRE, BEEREFISEABESIRZ
8], T —EERAHIGFR,

(FRINAFIREZMEX T BEBERISEE,)

FHIBHBEFHSHERNE
o XWiS|MA:

e Gorard, J., Hakim, A., & Juno, J. (2026). BEACONS: BOUNDED-
ERROR, ALGEBRAICALLY-COMPOSABLE NEURAL SOLVERS FOR
PARTIAL DIFFERENTIAL EQUATIONS. arXiv:2602.14853v1.
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