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Chapter 1

)3} 52 29°F (Conversation
Timeline)

o] el & 2| A x| Aol M Crowdy(AH&2H 2 Claude(AT assistant) Apolel @1t Eat FHi el
552 At eo® Hd AYYTh 7 w9 olzok Auprt F4 e R ofHA AAH LA
HojF = vje} gl Ego]A(meta-level trace)dUth.

Crowdy: &3 42 Pinn =23 7H 33t =& 2| 2AEE d8F. U&= &3] 740l
PlnnE ]' ]'1’_1:' ] ']C_]-/\\:! O] 9/1
Claude= 24421 A %] Mof| H S F35]7] /o] Al 7HA & IS H

2. BREAC 2 99 (4 5UF, BHEY, h5Y 5)

3. =2 84 (FHEA A vs. 444 38)

o] g2 Hlero & Claude+ extended search taskE A ASUTH AM A2 arXiv (cs. LG,
physics.flu-dyn, physics.med-ph, g-bio.QM), Google Scholar, NeurIPS 2025 / ICLR 2026
/ AAAT 2026, 22|21 2 AdE(JCP, CMAME, Nature Machine Intelligence, Comput-



Chapter 1. td} & 2°F (Conversation Timeline) 5

ers in Biology and Medicine, Medical Image Analysis, IEEE TMI, Computers & Flu-
ids)o] Ut

1.3 Step 2 — Deep Research 23} 3=

2| A 2] A3= Chapter 20 AA| 250 l5Utt. 52 2HA A
- Tier 1 (2% PINN) 121 AlY
« Tier 2 (¥yHH2) 121 A

- 2792 3H: PINGS-X (AAAT2026), Lannelongue et al. (npj Digital Medicine), PUNCH
(arXiv:2601.17192)

. WP A B2 23} 2 #3H/SOAP, PIKAN A%, LLM ZElojo]HE, £ el Ha)

M

1.4 Step 3 — Lang-Pinn & Z&

Crowdy: “LLM oflo]dE7} PINN 7§& 2xof XI¢] (Lang-PINN..)” — o] &S & ¢
ZpAl5] Adrg sl

Claudet arXiv:2510.051582 fetch3}il 4-agent o}7| 8l %] o] 52+ 2] = A 2|5 Ut Chap-

ter 30l &=

1.5 Step 4 — Lang-Pinn A& 2%

Crowdy: Lang-Pinnell sl & © 2tAlsHA] Argsh.
Claude= OpenReviewol|A] =& PDF XA & fetchslo] sibling system H| i, Bradley-Terry

+5H gH Y, Task2PDES] 74 ol|A], 147} PDE per-PDE Z 3}, multi-agent design pattern
670712 At £ & 335U Chapter 400 £
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Chapter 2
PINN 3t #jo|x] Fg 2| ZE

o] ZE]:= Deep Research”l AF&E35H &2
Stzto] T 7|9} oF7ko] Zuhuk 2 A4l

2.1 TL;DR

@5 (Tier 1)) 297 38: o] 7|7te) 714 28 Pinn 87 =2

rlo

1. PINGS-X (Hanyang University, AAAT 2026) — 4D Flow MRI Z3al|/g&}ol| A 22}
Pinn <5 B =2 axes-aligned Gaussian Splatting 2@ 0.2 th]

2. Lannelongue et al. (MINES Paris/PSL, npj Digital Medicine 9:212, 06 Feb
2026) — 2] A|oF GNN L2 752 7 P eh-& A AIZHGPU 1714 oF 1:2/4 4 8Hs+71)
o] S5l BenchAnXplore (105 2} geometry) x| vt 374

w

. PUNCH (Angiolnsight + UCLA + U. Michigan + UC Riverside, arXiv:2601.17192,
v2 Feb 2026) — variational inference 2% Pinno & E& W5 2dattog
CFRE & 374 (GPU 170l A oF 3%/2ka})

U 2 (Tier 2) A 58 2025-2026'F Pinn HHHES

5—
1. 2z 25t/ 3=t AE A E (NeurlPS 20259] Sifan Wang-Paris Perdikaris, SOAP
optimizer2 Re=10,000 47 % 24))

2. PIKAN(KAN backbone) A& (Dzimah et al. arXiv:2602.15068, SA| A& of|A|
MLP-Pinn 57}

3. LLM ¥ E|ojo]H E 2538} (Lang-Pinn, ICLR 2026 submission)
4. 52 T £3}| (AB-PINNs, MERL+Cornell)2 43

- CTO 9AHEA A d4/AE3H= PUNCH -Lannelongue-PINGS-X 2fQlo] 7} whe
AZ(E~102 9 22 22 retraining 52 2). W PDE £ 9l Zzt= SOAP SE|ulo] A
+ AB-PINN 53 =m|Ql 23 + PIKAN ¥29] 3% 533171 7P /- E 47 4


https://arxiv.org/abs/2601.17192
https://arxiv.org/abs/2602.15068

Chapter 2. PINN &t mo] 5 F3} 2]

|m
o

2.2 Key Findings

1. F Pinn “&AE AshE” H 22 7= WFoE F43] o|F. HF Pinn AT +
AZFshgol Fegion 2025 TRE (a) YAIA EH(PINGS-X2 4D Gaussian Splat-
ting), (b) 2= 417 A4tAH(Lannelongue GNN), (c) Pinn/PINO Z & (Coronary FFR

H by Tanxin Zhu-Weihua Zhou)°] Y AJAIQ (& &¢)ol =,

2. Inverse @5 Ao M 2348 AF2HUQ)7t EE] 5= 5. PUNCH7} KL-regularized
variational posterior2} 1003] Monte Carlo A &2 A2 37+S AH&E35H= 212, FDA-CE
Q1=9] 714 2 A9l “calibration & gatekeeping”2 ™ )23 AL,

3. 20264 % Pinn st o] 22] AA A AAH L JY]AE & df|4. Sifan Wang(Yale Insti-
tution for Foundation of Data Science) + Ananyae Kumar Bhartari + Paris Perdikaris(UPenn
MEAM)2] NeurIPS 2025 SOAP A=, 3 7F QA= o] JId “PINN-2 turbulent flowE
X E'= dAE HS 22 Re=10"714] sl 4.

4. PIKAN(Physics-Informed Kolmogorov-Arnold Networks)o] MLP-Pinn thH] 9|7}
Ex N¥oz A== (Dzimah et al., MIT+UCM, arXiv:2602.15068, Feb 14, 2026).
54 uztn| g o Atof| Al PIKAN©O] © &2 A& .t &2 iteration T &2 gradient 37%.

5. LLM o|o]H EZ} Pinn 70 = of] 1Y (Lang-Pinn, arXiv:2510.05158, ICLR 2026 sub-
mission): AFAo] — PDE — o}7|ElA] — I = — T 7] 9] 4-0fo]H E mlo] e}l

6. CT 7|8t @/ 37 o] sfi2|thqd o] “olu] ] F2]2)”o)| A “raw sinogram 2| sh5"0 = W
(SinoFlow, UCSD Bioengineering, arXiv:2511.03876): A1ZF 2]& Radon ¥1%S Pinn
&Aoo Y.

7. Architectural physics embedding®] %4 soft losstto] oty2} fundamental solu-
tiono| U integrators oF7| 84 ol st= JH|d (Zhang-Ye-Ma<2] PE-Pinn, arXiv:2603.02231;
Point Neuron Learning; HRPINN).

2.3 Tier 1: @7 A3 PINN (Late 2025 - May 2026)

2.3.1 PINGS-X — Physics-Informed Normalized Gaussian Splatting for 4D
Flow MRI Super-Resolution (AAAI 2026)

arXiv arXiv:2511.11048 (Nov 14, 2025; revised Jan 13, 2026)

Authors / Institution Sun Jo, Seok Young Hong, Jinhyun Kim, Seungmin Kang, Ahjin
Choi, Don-Gwan An, Simon Song, Je Hyeong Hong — == Hanyang University
(A€), €& NTU Singapore.

&4l 7]Z Pinn 7|RE 4D Flow MRI Z3l/dee] 84 T 2 $APE 2 Pinna A ekl ofF et
Z. PINGS-X+& 3D Gaussian Splatting(3DGS)ol|A] Y7H& dof A| 27+ axes-aligned
4D A7 Gaussian A0 2 YA A 0 2 T H3} 1, normalization + = A A2k + Navier-
Stokes YA £418 AgH A A /A= 4D Flow MRI &0l Al Pinn-SR H|o] A2kQl
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Chapter 2. PINN st #jo|H F3 2|XE 9

A olo] H&/ 5 98 A E (WSS, vorticity) F&-& high-res 4D FlowE &2 A70 A7t 2
e, A JIAER 5775

)

—~

|

Link https://arxiv.org/abs/2511.11048

2.3.2 Lannelongue et al. — Physics-Constrained GNN for Real-Time Intracra-
nial Aneurysm Hemodynamics

DOI 10.1038/s41746-026-02404-z, npj Digital Medicine vol. 9, article no. 212, pub-
lished 06 February 2026

Authors / Institution Vincent Lannelongue, Paul Garnier, Pablo Jeken-Rico, Aurele
Goetz, Philippe Meliga, Yves Chau, Elie Hachem — MINES Paris, PSL University,
CEMEF

FAl A U sHE FosH(&4 =4 WSS-0S1)S L= A7 9o Navier-Stokes 7)1t
£ AloF £4S 25| oH;. “BenchAnXplore” — 105 2 S & geometry2t CFD
AG o EH-FI-E il %) D]-EL dlo] Al 37l (per follow-up arXiv:2512.09013). CFD thH]
oF 200x £ (64 CPU AlZF©9] — GPU 1730l oF 18/438He37]).

A4 olo] F N EHF okd /1 HI7HSAWSS 5) 5 A A1z &2 bl 4hE 7hs. &2 2% (coil/stent)
in-loop & 7Hs43.

Link https://www.nature.com/articles/s41746-026-02404-z

Follow-up 5% 159] arXiv:2512.09013 — 51M @}2ba] €] transformer-GNN, 2F 28.5% node-
timestep &<5; A oho] =elel (segmentation—meshing—inference) 10+ 1| Tt,

2.3.3 PUNCH — Physics-Informed Uncertainty-Aware Network for Coronary
Hemodynamics

arXiv arXiv:2601.17192 (Jan 2026; v2 Feb 7, 2026)

Authors / Institution Sukirt Thakur (Angiolnsight Inc., lead), Marcus Roper (UCLA),
Yang Zhou, Dmitry Yu. Isaev, Reza Akbarian Bafghi (CU Boulder), Brahmajee K.
Nallamothu (U. Michigan), C. Alberto Figueroa (U. Michigan), Srinivas Paruchuri,
Scott Burger, Carlos Collet (Cardiovascular Research Foundation, NY), Maziar
Raissi (UC Riverside)

Al BF BAFEY 2ge PO coronary flow reserve(CFR)2 B & 4 — inva-

sive pressure wire =82. Pinn 2.2 X JA|(contrast) |52 first-principles -7 4] (intravascular
tracer dynamics)= &1, variational inference (posterior ¢,(z) = N (u, diag(c?)) &
BEEHFEE KL ¥itoz2 HH4shE 23 1008 Monte Carlo 24E 2 CFR A1Z|77F

AtZ. 2 population-level st 22 Q. g4 29 & + 2 209 bolus thermodilu-

tion tlo|H & A ZF.

Lo
»

oAk o)o] A AH AgF ot gt oF 70%01 A obstructive lesion©] BHAE %] &om 1
Ayto] o] Ak coronary microvascular dysfunction(CMD). PUNCH-E routine 29
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tlolEfoll 4 CMDE & atst= A Pinn &A1, o Bk o] I A% sl 7Hs4d.

ol

Link https://arxiv.org/abs/2601.17192

2.3.4 DCP-INN — Dual-Correction PINN for Hemodynamic Reconstruction
from Sparse Data

arXiv arXiv:2605.12544 (May 9, 2026)

Authors Jingtai Song, Qinsheng Zhu, Xiaodong Xing, Yufeng Tang, Zhiyun Zhang, Xi-
anwen Zhang, Hao Wu (5= 7|%t 715; 3% UESTC)

A4l F=7HW internal carotid artery2] I E2 227 (tortuous) geometry©ll A sparse &7 (transcranial
Doppler / CTA)RtC. = HA 7574 5¢. (1) diamond-shaped main network”?} low-
frequency &8 FA1E, (2) wide-deep correction network”} high-frequency Z=}+&
HE 27, (3) causal decoupling &5 M =F + 113} Taylor A7l 7|8 B8] &4 = local
A&7 et

Link https://arxiv.org/abs/2605.12544

2.3.5 SinoFlow — CT Sinogram-Based PINN for Cardiovascular Flow Esti-
mation

arXiv arXiv:2511.03876 (Nov 2025)

Authors / Institution Jinyuxuan Guo (UCSD Bioengineering), Gurnoor Singh Khurana
(UCSD CSE), Alejandro Gonzalo Grande (UW Mech. Eng.), Juan C. del Alamo (UW),
Francisco Contijoch (UCSD)

i)

A Pinng A3 o]u] 2] (FBP A3} oll A-8-5td ImageFlow H 2 th) S 7§, CTe] forward
acquisition 22 (A]ZH 71 Radon ¥ & Pinn £4 ol A W& raw sinogramoil A
A &5 374 — reconstruction artifact’t f-5 42 LG A 7]= A 3. Gantry
rotation 4 -tube current-pulse mode ¥-5°ll 7471, 2D ©]/¢3} vessel bifurcation©l| A]
AlEold AE.

Link https://arxiv.org/abs/2511.03876

2.3.6 Imaging-Derived Coronary FFR / PINN-PINO 2|4
arXiv arXiv:2602.16000 (Feb 17, 2026)

Authors / Institution Tanxin Zhu (lead), Emran Hossen, Chen Zhao, Michele Esposito,
Jiguang Sun, Weihua Zhou (senior) — Michigan Technological University

Y& CT/2Y9< 7|8 imaging-derived FFRO|A CFD — ML/DL — Pinn/PINOZ¢2] XI35}t5
<& . deployment-oriented Z] % (calibration, UQ, quality-control gatekeeping) &
A go e 2702 YA,

D

Link https://arxiv.org/abs/2602.16000
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2.3.7 Hematocrit-Dependent Rheology PINN for 4D-Flow MRI
arXiv arXiv:2508.03326 (Aug 5, 2025)

Authors / Institution Moises Sierpe, Ernesto Castillo (Universidad de Santiago de Chile),
Hernan Mella (PUC Valparaiso), Felipe Galarce (PUC Valparaiso, corresponding)

A A aortic geometry + 4 4D-flow MRIC|A] shear-thinning H]++¥ % + hema-
tocrit /&4 Pinn2 2 FA] 4. curriculum training + adaptive collocation
points + adaptive loss balancing®] 35 ¢Hdst. &2 73t 34 Adl 23 9F 1%; vW-
ERPe} 238l super-sampled 13} 43 34,

Link https://arxiv.org/abs/2508.03326

2.3.8 Fast Inverse Blood Flow via PINNs (EPFL LHTC)
arXiv arXiv:2604.03221 (Apr 2026)
Institution EPFL Laboratory of Hemodynamics and Cardiovascular Technology (LHTC)

&4l 1D arterial networkoll4 @ H]A<%& =4 (brachial cuff pressure) Tro2 87
Eg dAE &Y PinnCZ inverse-solve. Terminal resistance Rr2} compliance
Crs 84 715 ghebu|g| 2 271 8xpd 5-108 8H.

Link https://arxiv.org/html/2604.03221

2.3.9 Physics-Informed Neural Operators for Cardiac Electrophysiology
arXiv arXiv:2511.08418 (Nov 2025; PMLR 2026 accepted)

A A% EP2] PDES Pinn th4! Fourier Neural Operator + 2] €42 3<% — mesh-
resolution Y83} 7Hs, Al IC/parameter A3t EH Q. 3D EP AlEgo]AHo4] Pinn
thu] Aukst 4. Aliev-Panfilov cell model %

Link https://arxiv.org/pdf/2511.08418

2.3.10 Physics-Informed Deep Learning Surrogates for AAA (PINN + Deep-
ONet)

HAL hal-05191728 (late 2025/early 2026, Aix-Marseille A*MIDEX Z}A])

FA AAA(EE 5 E)oA Pinn + DeepONet 2%} 3D Navier-Stokes 7|5 Pinn<S &
st& &, physics-informed DeepONet2 = A boundary condition®ll instant 4-3-.

Link https://hal.science/hal-05191728/document

2.3.11 Physics-Informed GNN for Carotid Artery Flow Field Estimation

arXiv arXiv:2408.07110 (v2 Feb 20, 2026)
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Authors Julian Suk et al. (Twente / UMC Utrecht)

A PointNet++ + SE(3)-steerable layers®] group-equivariant 12 W E9] 3. 4D Flow
MRI &5 dlo] g 9] o] 2 & 2] &4 2 AF3}5H unseen carotid geometryol] YHH}

Link https://arxiv.org/abs/2408.07110

2.3.12 Hybrid CFD-PINN-FSI for Coronary Trees (FFR/WSS)

MDPI Fluids 9(12):280 (2024)2} 2025 ¥4 thoracoabdominal aneurysm &+, &4l: 1D
PinnC2 & outlet boundary condition A4t — 3D FSIol| U 5h= hybrid mho]Ze}el.

2.4 Tier 2: 24 PINN ¥H £ 3t gj|o]5 (Late 2025 - May 2026)

2.4.1 Gradient Alignment via Quasi-Second-Order Optimization (SOAP) —
NeurIPS 2025

arXiv arXiv:2502.00604; NeurIPS 2025 poster #116510

Authors / Institution Sifan Wang (Yale Institution for Foundation of Data Science),
Ananyae Kumar Bhartari, Paris Perdikaris (UPenn MEAM), 2|

Al Pinn st5o] 4 BHEQ loss term ZF AU AE F5E H&FS}st= gradient align-
ment score =%; quasi-second-order &€|u}o] 2 (53] SOAP)7} HA|A loss weight-
ing §lo] &2 4T o] B AP E UYZF. “state-of-the-art results on 10 challeng-
ing PDE benchmarks, including the first successful application of Pinns to turbu-
lent flows at Reynolds numbers up to 10,000”.

Why notable Pinn<] “stiff PDECA] ¢t ot = 71 233k vlaha 4™ Za}.

Link https://arxiv.org/abs/2502.00604

2.4.2 PIKAN vs PINN Unified Benchmark
arXiv arXiv:2602.15068 (Feb 14, 2026)

Authors / Institution Salvador K. Dzimah (MIT), Sonia Rubio Herranz, Fernando Car-
los Lopez Hernandez, Antonio Lopez Montes (Universidad Complutense de Madrid)

A = gtetolg ofjak-5d 22| 4 5lof] MLP-Pinn vs Physics-Informed Kolmogorov-
Arnold Networks(PIKANs) 54| H| 1, PIKAN©| t] A2 iteration2. & ¢| 2 AT
+ ] &3 gradient £ — 53] oscillatory-sharp-gradient &40l 4] x}o]7} 3t}

Link https://arxiv.org/abs/2602.15068

2.4.3 Lang-Pinn — LLM Multi-Agent PINN Builder (ICLR 2026 submission)

arXiv arXiv:2510.05158 (Oct 3, 2025)
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A A}do] task description — PDE & (PDE Agent) — o}7]€lx] A el(PINN Agent) —
F= Y (Code Agent) — Ty 7 (Feedback Agent)2] 4-ollo]HE LLM mto]=Z 2}l

Link https://arxiv.org/abs/2510.05158

2.4.4 AB-PINNs — Adaptive-Basis Residual-Driven Domain Decomposition
arXiv arXiv:2510.08924 (Oct 10, 2025)

Authors / Institution Jonah Botvinick-Greenhouse (Cornell), Wael H. Ali (MERL), Mouhacine
Benosman, Saviz Mowlavi (MERL, co-corresponding)

YA =H?l Z51E 1 2 (XPINN 5)°] oty2} &5 5 residual loss7} =2 3ol $2 22
A A BEHQlE spawning.

Link https://arxiv.org/abs/2510.08924

2.4.5 Architectural Physics Embedding for Wave Field Reconstruction
arXiv arXiv:2603.02231 (Feb 13, 2026)

Authors Huiwen Zhang, Feng Ye, Chu Ma

A Helmholtz % 4] 9] fundamental solution (4 ¥ )= U E S A o} 7]l 3] of] 1= .

Link https://arxiv.org/abs/2603.02231

2.4.6 P-PINN — Selective Pruning for Noisy Inverse Problems
arXiv arXiv:2602.19967 (Feb 2026)

Authors / Institution Zhejiang University + University of Pennsylvania (Y. Chen) + Texas
Tech

g4l sk ¥ activation-level post-hoc pruning(¥%2] “machine unlearning”) 2 £ noisy
data2 % €] st53Fspurious feature #17]. PDE inverse-problem x| np=.0f A #o] 22}l
Pinn the] ) 96.6% At &3} 74,

d

2.4.7 Diffusion Models with Physics-Guided Inference

arXiv arXiv:2604.01242 (Apr 2026)

A &4 mel(diffusion model)9] reverse processell Pinn-style PDE residualS guid-
anceZ F¢.

2.4.8 Rethinking Input Domains via Geometric Compactification Mappings

arXiv arXiv:2602.16193 (Feb 2026)
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A Pinno|A Fok-HERSE =HQlS thE = B S (ZT/1Y)S conformal/diffeomor-
phic compactification mapping 2 = thA].

2.4.9 HyResPINNs — Hybrid Residual PINN with Adaptive Function Spaces

arXiv arXiv:2410.03573 (v2 late 2025)

A 17 basis(Fourier/RBF) =& 17 =<l 23l|7} ofugt 8k F expressive function
space AAIE T2 o2 &

2.4.10 Learnable Loss Balancing + Transfer Learning PINN (ICLR 2026 sub-

mission)
OpenReview 1dNbK58bB9 (Sept 20, 2025 modified Oct 8, 2025)

YA &4 Fo] 71525 learnable blending neuron® & *}2] + transfer learning. CFD

87 tllo]&| ZRIEoA] <8% 22t 2.
2.4.11 Training Deep Physics-Informed Kolmogorov-Arnold Networks
arXiv arXiv:2510.23501 (Oct 2025)

A 72 PIKANS] 85 Aaf| Q1 24 + basis-agnostic Glorot-like 2713} 271 A<t

2.4.12 Saddle-Point Reformulation for PINN Stability

arXiv arXiv:2507.16008 (2025)

gk

HAA &4 7123] 75 7 sto]Hu}2tn] B} 7} obd min-max saddle-point A|Y 22 A7 9],

5 o

)

EdC

T

N

1. Aol A o] “gzb retraining A A”: GNN / operator learning / explicit representa-
tion 37} 22 Pinno| 7P¢ 2 A/ 49 AA.

2. UQ7} default: PUNCHZY] variational inference, $PINN9] Bayesian domain decom-
position, Causal Inverse Pinn &

3. 22} FA3Fe] & SOAP/NewtonR7} Pinn9l stiff/turbulent 4= 74.
4. KAN®] A2} PIKAN/cPIKAN©| MLP 4 tiu] -9 2 25

5. LLMo°] Pinn 7H*¢ #xoj ZQ: Lang-Pinn 522 PDE YA -3 & 253},
6. Architectural physics embedding /.

7. €% E0] 52 (a) 4D Flow MRI super-resolution®] GS A&, (b) raw signal 8H5 (SinoFlow),
(c) variational inference 7]®F inverse &34 2F3HPUNCH).
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2.6 Recommendations (CTO Z4)

- Pinn 3 Q1 =t Z3}: SOAP 2-Elule]#] + AB-PINN 53 =1|Ql &3} + PIKAN(Chebyshev)

=
- UQZ 7|82 2: variational inference == BPINNC. 2 A2 17F S0k &3

Stage 2 — 3-971€: A& =) A
- 3tuhe] YAt use-case A®: PUNCH (#4459 CFR) £+ Lannelongue GNN (F7HUl 525
« PINGS-X o€l 2}-&: zk| 4D Flow MRI zto]Zatelo] QlthH axes-aligned Gaussian
Splatting© & A3
Stage 3 — 9-1870€¥: ZHAIt] R&D
- Foundation Pinn &
« LLM ollo]d E3}: Lang-Pinn m€

- Architectural physics embedding 2%

OJAMAA AAIZE (A1)
AZF >580]H GS/operator learning2. &2 SA] %
« WSS/FFR 34 calibration ECE > 0.1°]"H UQ "|gA 2 7+, YA AME H&E

- Stiff/turbulent PDECA] Pinno] 2rAFs}HH SOAP ZEjujo]#] &4 Al &

2.7 Caveats

AE A z)9] caveat AA

1. arXiv preprint H]Z0] Z: 2026 1-5¥ 2] B2 =F0| peer review 52} A,

2. 9% A% I7l: PUNCH+ &4} 20%; Lannelongue BenchAnXplore+ 105 geome-
try. ©h7] % prospective trial> 2% 0|28,

3. Pinn9] & A7} &3] s A E A2 ofd: turbulent flow Re > 10+ o &5 =4

q9.

AAAI 2026-ICLR 2026 2% =22 acceptance ]3H4.

DCP-INN®] &4 8341

PUNCHE AHdAl F&=.

5 Pinn 38 =% (ScienceDirect S0952197625028659)°] & B 1 Ajof] 22 7|9k,

“200x X7 5 £ & A& Bl 7]E0]H production end-to-endE tHE 4= 92

EEE N
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Chapter 3

Lang-PINN A H#] sjAd

3.1 9 o] =&0] 837} — 825t = 2

stal, LLMS 11 ot A (o} 7] Eﬂi% Al FE= *JJ*J)UJ 59}%2—14 EP.

A AHE2 o] 7Hg o] 718 W & o] o =A] Al A o= SRt PINNacle #lx|mp=0) A
87} PDES ¥o} 5Ust PDES 45HA19] o] Ed Wo(level 1 = =24, level 4 = E0J% lab
notebook . E) & t}A] 2 1,6007H description-PDE pair | ©] E]Al Task2PDEE 9H&11 Llama2,
Vicuna, DeepSeek-V3, Qwen 2.2 H|AEsIH, doj7} 2k 22|19 2 4= PDE £& 2] symbolic
equivalence”} 7+t 2 7 QoA Ut}

o[A ZAIQ! o] I35 o] =Rl FAl oA BA R o] FFITh 1L A} o] 2 WS source
term + BC + spatial dependence 3717} &Alell B} ojof 5}=t|, o] manual translation©]
A Pinn Y3229 714 2 ¥E5Y Ut Lang-Pinn ©] upstream SAI7HA] 2585 3
end-to-end A|2¥1J Yt}

3.2 4-Agent o}7| €]

]| oho] =e}9l-2 sequential5hA] S 2|9t Feedback Agent”} closed loop 2. 2 upstream-

7%y RACI #H- o)A 2 PDE Agent”} R(formulation), PINN Agent”} R(architecture),

Code Agent7} R(implementation), Feedback Agent”} A(accountable for quality) + C/I(consulted/infor
across all)e] &gt

3.2.1 Agent 1: PDE Agent — Linguistic VariabilityS Zu}s}+= 9

42 K7€) CoT trajectoryE ME S & consensus voting 2 = -2 gt

_IO['

1. Reasoning-Selection Ito] = a}Ql: 2}A0f description d& ¥, K71 2] chain-of-thought&
EdA o2 sampling. Z trajectory”’t 20|22 A 2]t normalized description d, 2
=11 canonical PDE candidate E, & 234

16
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2. Template validation: operator well-formedness, residual form, admissible BC/IC
Z710 & invalid candidate &Y.

3. Symbolic Equivalence: Zt &1 PDEE Sympy= AST= 1}J. = FE9| tree-matching
score:
| M(T(E;), T (E;))|

SYM(E: B) = X (T B, T(E))])

4. Semantic Consistency: Zt £XZ normalized summary g(E)Z paraphrasedt &
embedding cosine similarity &= LLM entailment score= H] 1.

5. Composite Score: S(E;, E;) = - sym + (1 — a) - sem. 0.80 threshold”} calibrated
e

3.2.2 Agent 2: PINN Agent — Training-Free Architecture Selection
AAREol AHd AP o= HojE SA] ¥ ojd o} 7|Elx = R E PDEC|A $-4514] 9fct.
HFAl-2 history reuse + knowledge-guided matching®] 2G4
1) PDE Feature Vector ¢(E) (32+)

« Periodicity f,..(E) = |P(E)|/d

+ Geometry complexity f,.,(E) = clip(0.6¢cq + 0.4¢qisc)

+ Multi-scale demand logistic v
2) Architecture Capability Vector v (A4) (32+€): Bradley-Terry model 2 pairwise win-
lossE 53t ability parameter 4. F 749 2Ato 2 7153 24:

Wk = 04ps/ (s + 0B1)

3) Matching: S(A, E) = (Wo(E))Ty(A)/(|We(E)|||v(A)|) weighted cosine similarity.

3.2.3 Agent 3: Code Agent — Modular Generation + PDE Loss Verification

&4l 52 monolithic code generation g ¥ AujstH A AAYJo] Bas)A fragile.
67 PDE SA4] A& ol A4 modular generation®] monolithic thH] success rate 28l o]4},

7H4 425t 222 PDE loss verification: A ¥ loss =2 thA] symbolic PDE E2 parse-
backsliA] PDE Agent7} & E2} equivalenceE A 3.

3.2.4 Agent 4: Feedback Agent — Closed Loop2] 34
F7HA RER 25

« Mode 1: Error localization
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- Mode 2: Multi-dimensional quality evaluation — effectiveness, efficiency, ro-
bustness 7}

7VE & S(C) = 32, wirn(C)

Iterative refinement: S(C®") > S(C*~1)o]H accept, °F4H rollback.

3.3 A4 A
PINNacle 147§ PDE(1D~ND), DeepSeek-V3 backbone, 10 runs x Z o 30 refinement cy-
cle.
« MSE Z}4: KS-Poisson-MA-Heat-NDoJ|A] 3 orders of magnitude °]4 ZH4
+ Success rate: 1D/2DofA 80% ©]4}, 3D 75%, ND 73-76%
- Iterations to first runnable: B+ 8 iterations (worst baseline 31 thH] 74% Z4)
- Wall-clock time: B+ 199.7% (RandomAgent 413.5%2] 52% Z4)
Ablation'8 7]9§:
+ Modular code generation — success rate +22%
+ Metric-guided feedback — MSE 2.5x |

+ PDE Agent — semantic consistency +18%

3.4 SHA|e} v|HA g7}

of A4 A-g&2 n]7AZ: PINNacle & PDEYH 4=

M

=
]

ya
2. Architecture pool®] Al§H&: MLP, CNN, GNN, Transformer 47}A] gt

3. Pinn training®| 1% o] Z(stiff PDE, turbulent flow)°ll= I &

=

4. PDE Loss verification®] round-tripe] LLM®] inverse parsing 52}oj] 2]&

5. ICLR 2026 under review AHE}]

3.5 CTO THox 9] Il E

Ahe 2 vket multi-agent system A3 7] siE:
- Sequential pipeline + escalating feedback
+ Round-trip verification
- Consensus votings o3 7| #2 2

- Bootstrap variance 714} fusion 7}5%]
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- Modular generation®] success rate &3}
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Chapter 4

Lang-PINN A3} sljd — Architecture,
Math, Critique

4.1 =29 STH —ANI7HA 5AAE 2=

A ZHE-2 methodE AFsH7] A Section 3°A4] Pinn oho]Zelle] Al &S up2 St

o] Ak Aglo] 4-agent F2E H I et 2A7F Hyh

4.1.1 A3 @ — Linguistic Variability of Task Formulation

87l PINNacle PDEZ o} 4t Qlof 2& 2 2§ £ A3t 1,6007H description-PDE pair (Task2PDE) | A
=74. A3t Level 1 — Level 42 245 2 E ndlojA J& 7} & ZH4. DeepSeek-V3ZRat

Level 4914 2F 60% 4.

4.1.2 A¥ @ — Variability of Architecture Performance Across PDEs

MLP, CNN, GNN, Transformer 47}%] & Shallow Water:-Convection-Poisson-Heatol| -85t
MSE H| 1 A3}

- Convection-Heat: CNNZ} Transformer”} Al
- Poisson: MLP2} GNN©| lowest error

- Shallow Water: x}o] ojnj

4.1.3 A& 3 — Complexity of Code Generation

67§ PDEC A monolithic vs modular code generation H|x. modulare] monolithic tiH]
2#l| o] success rate.

20
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4.2 4-Agent A|2gle] £~8H7 g}
4.2.1 PDE Agent — 5 79 A WA FALE H &
Symbolic Equivalence (AST u%])

max(|T(E;)],|T(E;))

sym(E;, Ej) =

Semantic Consistency (embedding-based)

sem(E;, Ej) = o(g(E;), g(Ej))

Composite Score

S(EZ, E]) = - sym(EZ-, EJ) + (1 — O[) . Sem(Ei, EJ)

calibrated threshold = 0.80 — 200 equivalent pair2} 200 non-equivalent pair= sweep3
a474.
Appendix 39| 3 AF: 2 PDEE perfect(C1) — notation variation(C2) — coefficient
error(C3) — missing/incorrect terms(C4) — structural hallucination(C5)2 @44 per-
turbation 32 |, semantic score®} PINN training®| %/& —log,, MSE2| Pearson corre-
lation©] 0.88.
4.2.2 PINN Agent — Bradley-TerryZ architecture 58 %
PDE Feature Vector ¢(E) = [fer, fyeor fins) |

- Periodicity f,..(E) = |P(E)|/d

+ Geometry complexity f,.,(E) = clip(Aagca + AdiscCdise, 0, 1) — Ao = 0.6, Agisc = 0.4

+ Multi-scale demand:
fms(E) = 0.8 - ¥,,53 4+ 0.8 - W yp—1 + 0.4 -log(1 + Re + Pe) + 1.0 - Wpr—y

fmS(E) - U(fms(E))
Architecture Capability Vector 1/(A) = [aper, ageo, Gms] "
Absolute Capability:
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Relative Capability (Bradley-Terry):

exp(0x(4i))
exp(0k(Ai)) + exp(fr(4;))

Pij = P(AZ - AJ)

likelihood

lew 1 _plj

1<J
= .
= Mmaximize.

Fusion:
ar(A) = wi - af (A) + (1 — wy) - a; " (A)

2
Ok, Abs
W =

3 3
Ok Abs T Ok BT

<t stabledt(variance”} 2-2) estimatorell & & 715 RLHF2] preference learning Q1A EE
architecture F3of| 7} 2|3t cross-pollination.

Matching: weighted cosine

(Wo(E)) " (A)

SAE) = W ®)h - To(A)T

4.2.3 Code Agent — Round-Trip Symbolic Verification

7H it BB A E loss ZEES THA symbohc ASTZ parse-backsllA] PDE Agent7} &
E%} equivalenceE A 35h= round-trip 2%

671 &2 53 input-output interface® A4:
- model definition — nn.Module with forward(x, t) signature
+ PDE loss — scalar tensor given model and collocation points
- data preprocessing — Datal.oader-compatible objects
* training loop — consumes loss + data + model
- validation — consumes model + analytic solution if available

+ main — orchestrates above

4.2.4 Feedback Agent — 4-Dimensional Quality Score
(i) Convergence Efficiency:

Teony = min{t ’ Lt < T}7 Meonv = 1/Tconv

mcom) - (Tmaw - Tconv)/ (Tmaz - Tmin)
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(ii) Predictive Accuracy: m,.. = —MSE(Ny, E)
(iii) Model Complexity: m o, = #Params(Ny)/ max(#Params)

(iv) Robustness:
Std(ALy)

Msmooth = 1 — m

Mgrag = ¥{€ < [|[VyL||/d < k}
Myob = & * Mgmooth + (1 - a) * Mygrad
Aggregate Score:

S(C) = W1 Meony + W2Mgee + w3mcomp + w4mrob

4.3 Task2PDE ¥ix]up2 — 3] o)l A]
4.3.1 Level 1 (clean, paper-style)

“We consider one-dimensional heat diffusion in a rod of length L = 1 with constant
thermal conductivity x = 0.01. The temperature u(z,t) satisfies dyu = kO, u, z €
[0,1], ¢t > 0. BC: u(0,t) =0, u(1,t) = 1; IC: u(z,0) = sin(7z).”

— direct translation, error 49 gl=.

4.3.2 Level 2 (irrelevant but realistic side information)

“...The lab was quite cold in the morning and the left end of the setup felt a bit
colder when I touched it, but this is just due to the room air and is not part of the
mathematical model. In the simulation, we still impose...”

— 7 5AL 7H# boundary condition©2 2 1E risk.

4.3.3 Level 3 (ambiguous shorthand)

“...At the left end, the temperature reading tends to drift over time because the
sensor is not very stable, but in the actual experiment the boundary itself is kept
at a fixed 0°C throughout the run...”

— “drift over time”°] measurement noise?!#| time-dependent BCIZ| =&,
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4.3.4 Level 4 (disorganized lab notebook)

“For this batch of runs we use the same basic heat diffusion setup as before on a rod
from z = 0 to = = 1. Initially we tried several values for the thermal conductivity,
like x = 0.005 and x = 0.02, but in the final configuration we fixed it at x = 0.01. The
initial temperature profile is the sine-shaped one from our earlier tests...”

— JE7} Eoix )3 preliminary value”} final value 2t M| 5%

4.4 Y A3}t — Per-PDE Breakdown
PDE 2t 73t baseline MSE Lang-PINN MSE H]1
Burgers 1D 1.10E-04 (PINNsAgent) 6.48E-05 oF 40% 7)1
KS 1D  1.04E+00 (PINNacle) 1.62E-03 3 orders
Wave-CG 2D 2.11E-02 (BayesianAgent) 2.52E-03 ok 10x
Heat-CG 2D 8.53E-04 (PINNacle) 1.35E-03 baseline°l] 2F7F & o] %]
NS-C 2D 1.40E-05 (PINNsAgent) 4.05E-05 baseline©] & 1|3
GS 2D 4.03E-03 (BayesianAgent) 1.89E-03 2%
Poisson-MA 2D  1.83E+00 (PINNacle) 2.25E-03 3 orders
Heat-ND ND  1.18E-04 (BayesianAgent) 4.72E-04 baseline°l & v|3

Table 4.1: Lang-PINN 58 PDES] MSE H| 1L (7§} baseline thH])
Success Rate (1D/2D/3D/ND H#): Lang-PINN 73-84% vs Random/Bayesian/PINNsAgent
22-37%.

Time Overhead: Lang-PINN B+ 8 iterations. End-to-end wall-clock: 199.7s vs Rando-
mAgent 413.5s (52% Z+4~).

Ablation A% A3}
+ Modular code generation — success rate +22%
« Metric-guided feedback — mean MSE 2.5x 4
- PDE Agent’s semantic-symbolic validation — +18%

LLM Backbone Robustness: DeepSeek-V3, Qwen2, LLaMA2-Chat 25oi| 4| Lang-PINNO©]
baselines(DeepSeek-V3 AF-&)H T} 24,
4.5 Sibling Systemse}e] H|

+ CodePDE (Li et al., arXiv:2505.08783, 2025) — @< agent + self-debugging. PDE+
formalstA] o] Tar 714,

- PINNsAgent (Wuwu et al., 2025) — architecture suggestion¥} code generation,
PDE formulation 7]%-&.
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- AgenticSciML (Jiang & Karniadakis, arXiv:2511.07262, 2025) — SciML Z5te] emer-

gent discovery.

- PDE-Agent (arXiv:2512.16214, 2025/26) — toolchain-augmented multi-agent.

+ AutoNumerics (arXiv:2602.17607, Feb 2026) — PDE-agnostic.

Lang-Pinne] P A

1.

2.

End-to-end NL—executable Pinn2] &4t 2} 55}

PDE loss round-trip verification

. Bradley-Terry= architecture capabilityE H|°|E & &5
. 429 multi-metric feedback

. Escalating feedback

4.6 Critical Assessment

4.6.1 7A

1.

2.

3.

4.

2lo] Ho|oj| robustdt A Pinn automation
Modular round-trip verification2 software engineering 34
Bradley-Terry capability fusion2] to]€f 75 H

Multi-metric feedbacke] error-only feedback @iH] 2.5x |

4.6.2 °FH-3HA|

1.

Architecture pool©] ®12F: MLP/CNN/GNN/Transformer 47}t

. Pinn® 2%} o] & ot 2] %3 gradient pathology, NTK ill-conditioning
. &% % specialized domain®l 23 & n|4 =

. PDE Loss verification®] round-tripo] LLM2] inverse parsing®l] &J&

. 30 cycle2 23 7PHA] &=

. ICLR 2026 under review (peer review 1]-5x})

. Symbolic equivalence threshold 0.80-2 PINNacle &2£of|A] calibrated

4.7 Multi-Agent System Design Pattern 2 24]2] 7}x|

claude-heart-beat-system=]¥ 5 core + 17 domain agentS RACIZ 295l Yol A trans-
ferabledt multi-agent = &:
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- Pattern A — Round-Trip Verification at Agent Boundary: PDE — code — PDE
gk, duks}: “agent AQ] outputS agent B7F 87| Zoj] A9 input domainC 2 &=
ol;‘(] slo]”
= — - .

- Pattern B — Multi-Criterion Voting with Orthogonal Metrics: symbolic + seman-
ticx®d A& 2 failure modeE T+ B7F =& 7H5 A7 *-red adversarial skill
pattern} Eo}= 43t

- Pattern C — Escalating Feedback (Non-Local Correction): Feedback Agent”}
PDE Agent7HA] 71&8] &2}7}= directive 5.

- Pattern D — Variance-Weighted Estimator Fusion: RLHF2| BT model< archi-
tecture selection®ll 7} cross-pollination.

- Pattern E — Modular Generation + Standardized Interface: Monolithic vs mod-
ular®] +22% gap.

- Pattern F — Template Instantiation over Free-Form Generation: AI-5=7} 245
reproducibility/correctness’} =t trade-off.
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Chapter 5
Lang-PINN9| €+ 9| 3-& =H|¢

Lang-Pinn®| 242 “Ado|2 7|&E PDE Z2AI§ A5 22 Pinn £ 0 2 W5t =Zlo| B g
PDE7} 4] R )iofQl R E wm|Qlo] S YT},

5.1 Tier 1 —ZA] A& 7}% (Lang-Pinn2l sweet spot)

5.1.1 FHZ-HA7]17] thermal management

7}

%

F9 A& fit. PINNacleol Heat-CG, Heat-MS, Heat-VC, Heat-ND7} o]n] EZS}tg]of

oN ozl

=
=
F-A] use case:

- dloJEJAlE] GPU 2|2 cooling A — “127§2] H1000] 38) 42 vix], Z+z} 700W
24k, ™ inletol| A 18°C 377 22 AFQo} 7], ConoHa VPS Q&2 24 Fd ¥} 2.

- B A chip-level hot spot °|& — 3D heat equation with anisotropic conductivity

« PCB thermal simulation

Wave equation #| € °] PINNacle°l| 311(Wave-C, Wave-CG), 4td 3-& Z5.

FA| use case:

- MEMS resonator 27

- A5 NVH — EReHE0h 5 Q8 2534 7] Qo] 44 743

5.1.3 35t uk2 A AEl.HES.

| B e )

PINNacle©ll Gray-Scott(GS)7} oA HE4H.
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FA| use case:

- AloF-AEstet wh-3-7] A

- uje]g] A7])33st (lithium-ion intercalation) — Y22 ujjejg] Ak

- ¥tz 4] dopant diffusion

5.2 Tier2 — 2§ 7Hssht okzrel 84 W
5.2.1 A543 §A (porous media flow)
Darcy/Forchheimer ¥ 4], Richards equation.
T4 use case:

« A5} contamination %

- AE R — &2 2| FAH 2 A 3¢

. o|4kstErA 2] F A7 (CCS)

5.2.2 4 7}37AA-28 PDE (Black-Scholes A Q)
T4 use case:

- o] 34 (exotic option) pricing

+ CVA/XVA computation

- mean-field game in financial markets

5.2.3 Fsh-EZEYX (HA}7] wave propagation)
Maxwell ¥4 4], Helmholtz equation.
A use case:

- ZEYA A (photonic crystal) A7

=

|[EF=2 (metamaterial) A E8|o] A

- F 5419 nonlinear pulse propagation — €22 NTT-KDDI 54! 1z=e}t
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5.3 Tier 3 — S0|EA]9 = A&

5.3.1 YAY38 — Schrodinger equation
Time-dependent Schrodinger Equation®] numerical solution.

Z7+O.

) ERZ: 544 wavefunction, hermitian operator 2, probability conservation Z+2
constraintE Pinn2 = enforcest= 7| nontrivial.

5.3.2 $FE7-dAY9E — General Relativity

Einstein field equation®] t+Fst limit. LIGO/KAGRA2] waveform modeling.

AAA FH|: Lang-Pinn2] PDE Agent”} tensor PDES CTFHRE =2 k&5 7] ¢k

5.3.3 979943} (epidemiology, ecology)
SIR/SEIR model 9] reaction-diffusion 2% .
A use case:

- 374 epidemic spread

- Y} A invasive species spread — Fisher-KPP equation

5.3.4 533}t — Phase field method
Cahn-Hilliard, Allen-Cahn equation.
74| use case:

- 2% alloy 3321 Al &0

- HjE 2] &= SEI layer formation

+ 3D printing®] melt pool dynamics

5.4 CTO ¥H — olt|Re] A2zt

rok

planitai.co.jpe] HAY TEZ2|Q o} YH A} L2 E 1123 LM%
71 wh2 ROI (3-670€):
- Ht= -2 2}7]7] thermal management
- HijEl2] 7|2k
%7] R&D (6-1871€):
- A5 SFAEANVH
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—

- CCS-AY
e H"Y (1871€+):

- P 5419 nonlinear optics

ol

& PDE

Lang-Pinn®| & 7}x]= “PDEE & 22+ domain expert(JAE, 2FAL, sty Az Yo,
1%7h7E Aol 2 7]&3kH Pinno] U2t = H YUt weta| PDE £7]7} ou] &34
quantsy E2&AtET, PDES €08 A& Al FF2g: EHRlolA 7 2 7HAE
2315k, 9JAl7E 22 hemodynamicsE 7]&3H= Al 2 tiE Alo|A L, e =22
5719 SF A4, 88 AAY ol o] ¥H-g-7] A, A & AA|Yole] nx| 2 213} 7] & o] fito]
T2 FHAYUS

gt 2 o]u] formal PDE specification®] 4t EF2Q] 9 Y(quant finance, computa-
tional electromagnetics)°l| 4= Lang-Pinn2] PDE Agent”} = 7}x]7} A4L, CodePDE
22 o gttt =2 SRy
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Ao v E

Al EE=Ewy
o] ZA]= XeLaTeX + kotex 7|¥Fd U}, TeX Live 2022 o]/fo] ™ =& 57| 2|7} 7] & g Y.
Listing A.1: 2= 3o
| # BI=20{2E  (NanumMyeongjo, NanumGothic, NanumGothicCoding) HX[Ze
> # Ubuntu: sudo apt install fonts-nanum fonts-nanum-coding
# macOS: brew install --cask font-nanum-gothic font-nanum-myeongjo
!
; xelatex pinn_report.tex
¢ xelatex pinn_report.tex # TOC MAMSQsfFHAHM
EZEV} 9l& % setmainfont 58] SZ0j|A ttE2 ZE=Z fallback® 4 A5UYT} (: Noto

Serif CJK KR).

A.2 AA vElgo]g

Document class: report
oli9: UTF-8
St=o] 7| A]: kotex

=L AR

<

fontspec (XeLaTeX 2 Q)

2~

AHA

Ay xcolor

slo]#H & 3.: hyperref
Z~: tcolorbox

: listings
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A.3 €& 3} vEldlol g

- Session date: 2026-05-20

- Compiler: Claude Opus 4.7 (Anthropic)

- User: Crowdy (CTO, PlanitAI)

- Primary language: Korean (English technical terms preserved)

- Source: web browse / arXiv fetch / OpenReview fetch / extended research task

A.4 o] EA29] gHA

« Chapter 29] 2] %] W& 2026-05-20 7|F0]H, 11 o]F papers2] &% {1, peer
review 23} 52 HFg = o] 1A eEEUH

- arXiv preprint®] H|ZFo] =5UYTE 21§ A venue &3 peer review it RS
E = ghelsfjof gyt

- PUNCHS PMLR vol. #HH, Lannelongue® DOI &< fetch A9
Hehe] o] B Y Y o

. LLM 7|8t 94 Bl AEC| B R BE 439182 Ui =Fo) A AP ZS AHUT

End of document.
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