idance

Scientific Equation Discovery using Modular Symbolic Regression via Vision-Language Gu

VIRGINIA /Go: Sepideh Fatemii, Abhilash Neog!, Emma Marchisin?, Amartya Dutta!, Medha Sawhney!, Paul C Hanson?, Anuj Karpatne!
V7 VSN @ KGML e’ chisin®, Amartya butta, | S—
~ Virginia Tech, 2University of Wisconsin Madison

Problem Statement

Expert-provided box and arrow diagram:

1 Symbolic Regression (SR) seeks explicit analytic equations Synthetic: Interpretability: Each equation module corresponds to a real-world scientific

that explain data. Math logic L eihodegac process, making the final model easy to interpret and validate.
emprature ross Primary
(I_daily) daily incoming Production
 Traditional SR treats equations as monolithic and lacks Real-world: shortwaive raiation pr | Mo Ecosystem| ape | Atmospheric- | final oo Step-by-Step Reasoning: The system builds equations incrementally, reasoning
structure. Lake DO simulation DOCR) dissolved organic —_— one sub-process at a time, just like how scientists break down complex systems.
" " carbon reservoir
| | | (environmental dynamics) | | VLM generated output
J Can we model complex physical systems which require (POC) particulate organi; Gross Primary Production f
. o o o go SRR ERg MSE Performance
equations that are interpretable, scientifically def gross.primary_production(T.daily, I.daily , params): S ——————
o e o return params + T_dail ATAINS + I_dail L] '
grounded, and computationally efficient? Proposed Approach el ¥ pemmmall Ak 0.06 12
Respiration 0.05
Motivation / — \ // _______________ X def respiration (DOCR., POC, params): 0.04
scizgﬁs?ﬁzsﬁﬁglgiia% | Program Bank : return params [0] * DOCR + params|[1] % POC + params [2] .
Ll B b equations ... | new '
. . L ? - — t:e Fequation for | Prog1 Prog2  Prog3 Prog : K C T -b to . Net Ecosystem Metabolism
J Why VlSlon-Language Models? Ly \r?ﬁfffi?fﬁifﬁﬂﬁffiﬂ : =1 | ey contribution: o 0 50 100 150 200 250 300
. . . \ / | i | def net_ecosystem_metabolism (GPP, Resp. params):
Vision-Language Models translate the process diagram || || : return params[0] « GPP — params[1] * Resp + params|[2]
. . . i . | °
into physics-aware seed equation. ) (@) Equation|Decormposition . : - - u gletzg:t)‘c:; eS:;:aCtii:::‘sei-nto T —
SR | | ] | R |
0 Why Large Language Models? Visio;;g:rllguageﬂ \\ /l interpretable components. At :E:Lif l:farl_’:[;f[;l]l "“;gjgf _E:” pEiSI:T;] Comparing Modular vs Non-modular on different datasets.
. . . ; ' S ]
L LM-powered Svmbolic Reeression (LLM-SRI[1 airs the Main Function Initial Modular Equations . . Main Equati Model Lake Modeling Math Logic
reasolf\in of larye langua egmodels E/vith S nEb]c)ﬂliDc o [l o) i i - Integration of Domain T VLM(gpt-4o) 0.0661 0.1885
e e = 3:@3+km4~—’—.: orisachModle ef main_equation(I_daily . _daily , POC, DOCR. params ): ) ] i
- g g g g . y |\\ outzy() | {\ ynyzma:,;+w_. ;: s N ST T T T T N\ KnOWIEdge: Enhance aet GPP = ;rus:supji]ixlir}rl_}pfuguftiiil[TP_?lEily. l;dsil}r* } Modular-SR / dules 0.0241 0.01560
regression to rapidly uncover physics-consistent T ’ e e — ¥ Toal | . bility and params [0]) i Eh -
/) on> | | Interpretability and accuracy Reso — respiration (DOCR. POC. varams |1
equatiOnS / : <5Ubequat'°“_'> - | I h I f IN<I h d]:[;{;p: 11::‘11-:&1:]‘][1:;}’:::1115 111Et;;bulis.lm][}a;;“b[[{t‘l; params [2]) Modular-5R H0201 anellbla
. + ,// : l : : Brograu = : with scientific InSIg ts. Dﬂ_exfhél::;gé :i.atmus_phérit:_E:{changeEdDCl. ;Jarams [3])
. Ban return exclilange
, C Su(i)e_nee;uaattlinfns ) | : : i k = : g
J Why Modular? v e - Scalable Discovery: - Work & Di .
. . . . | :
A modular design breaks the final equation into reusable C it } - X | Handle larger solution uture Wor ISCUssion
. . . omposition Equation \\ | | I . .
sub-functions, so each physical process can be inspected, R —— o l N 9 : Zpaces V'a,T,Od“lar v Extend to other equations and domains
. \ |
a swapped with other processes. | fozma ) & : cCOmMposition. o
(c) Evaluation | ‘|\ ' B |\ | ) v' Evaluate and refine individual modules
. 2 - I o ¢
- . . Parameter Optimization Module -
Why it matters — Accurately modeling complex physical ( " o - \éI:i'dogntael:'l\gAur:,g: o v Improve explainability and scientific alignment
systems demands equations that are interpretable, e N odels aid é L;t‘lonod'zco v o vtk " 9
. . : l i , . — | uati iISCOV
scientifically sound, and computationally tractable. gy | [V o) a1 o e i validatiocr|1 y Benchmark across diverse LLMs and VLMs
o, o . I\ yn;m1+éazra+b f Refined Combined Equation ) . . . . . .
Traditional methods rarely deliver all three. — L ; v' Optimize for time and computational efficiency
Acknowledgement: This work was supported in part by NSF awards 2239328 and 2213549, and 2213550. We are grateful to the Advanced Research Computing (ARC) Center at Virginia Tech for providing access to GPU compute Refrences: [1] Shojaee, Parshin, Kazem Meidani, Shashank Gupta, Amir Barati Farimani, and Chandan K. Reddy. "LIm-sr:

resources for this project. Scientific equation discovery via programming with large language models." arXiv preprint arXiv:2404.18400 (2024).



