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The materials discovery pipeline

five stages, from a target composition to a verified material

Design

which composition
or structure?

Synthesis planning

precursors, steps,
temperatures

Synthesis

make it in the
furnace / robot

Characterization

does it really have
that property?

Learning

feed results back
into the model

» One pass takes days to weeks, and most of that time is spent in synthesis and characterization

» Each pass also produces data: which recipe worked, which did not, and what was measured

= Al can support every stage, but today the five stages are at very different levels of maturity




Where Al stands on this pipeline today

fast at design, still manual after it

fast with Al still mostly by hand
Design Synthesis planning Synthesis Characterization Learning
— — — —
which composition precursors, steps, make it in the does it really have feed results back
or structure? temperatures furnace / robot that property? into the model

The bottleneck is validation, not ideas

» Generative models propose millions of candidates a day; synthesis and characterization are still by hand

= Candidates pile up unverified: most 'N new materials' in papers are predictions, not real measurements



The materials discovery loop

» |[n practice it is a loop: every result flows back as training data

Characterization

spectra — structure

Design Synthesis planning Synthesis
target composition precursors - operations wet lab / robot
Learning Database

update models - find laws successes and failures




Where our work fits in the loop

» Today: three stages of the loop where our lab has built Al systems

Design Synthesis planning Synthesis
target composition precursors - operations wet lab / robot
Learning Database
update models - find laws successes and failures

Characterization

spectra — structure

Design and synthesis are outside today's scope — our contributions are in the highlighted stages

Synthesis planning Characterization
» Retrieval-Retro (NeurlPS 2024) * |R-Agent (ICLR 2026)
MSP-LLM (NeurlPS 2026) « PCSP (NeurlPS 2026)

* Retro-Forge (ICML 2026 Al4Sci WS)

Learning

Multi-agent LLM equation discovery
(under review)



Part 1 — Synthesis planning

» Part 1: turning a target into a recipe — Retrieval-Retro, MSP-LLM, Retro-Forge

Synthesis planning

precursors - operations

Given a target composition, what do we mix, and how do we heat it?

Synthesis planning

* Retrieval-Retro (NeurlPS 2024)
*  MSP-LLM (NeurlPS 2026)
* Retro-Forge (ICML 2026 Al4Sci WS)



Synthesis planning: three sub-problems

(D Precursor prediction

Target material — Retrieval-Retro (NeurlPS 2024)
4 — Retro-Forge (ICML 2026 Al4Sci WS)
(O Precursor (2) Operation sequence (1) + (2) Precursors + Operation sequence prediction
prediction (3) Operation conditions — MSP-LLM (NeurlPS 2026)

Precursors — ongoing work

Example

» Target material: Mgy 5ZngsFe,04 (Mg-Zn ferrite)

= (D precursors: Fe,03, MgCO3, ZnO

= (2) sequence: dry = mix = heat > mix > shape > heat > anneal...

= (3) conditions: temperature / time / pressure at each step

@ + @ + @ Precursors + Operation sequence + Conditions

Step Temp. Time Key point
Drying 100-120°C 1-2h Remove water
Heat 1 750-850°C 2h d'\gggr?];_
Heat 2 950-1050°C 3-5h Spinel forms
Anneal 800-900°C 1-3 h Stabilize
Press 100-300 MPa — Densify

4




SN
.:‘..T;‘ ’
3* " NEURAL INFORMATION
o%.. PROCESSING SYSTEMS

"7'.‘&;.

Retrieval-Retro: Retrieval-based Inorganic
Retrosynthesis with Expert Knowledge

NeurlPS 2024
Heewoong Noh, Namkyeong Lee, Gyoung S. Na, Chanyoung Park



Retrieval-Retro: why copying recipes is not enough

* The obvious approach: retrieve and copy

(a) Subset case o e (c) Statistics -« Chemists borrow precursors from a similar material
Target Material:  Ca3Bi(PO,); - | PHgNO,, Bi;03/CaCO3 | 90.3% - Retrieval: nearest reference — copy its precursor set
Reference Material: BiPO, - PH¢NO,,Bi,0;:

* Problem 1: new routes cannot be copied

b) N )

(b) New case ..new Precursors - (@) shares some precursors: copying works
Target Material: Li-M - i MgH,, LiH, Mg :
areetMateriak - MsVgy 7 T2 AT, VB - (b) shares none: ~10% of the data, the new routes
Reference Material: LizMgV;0,, > MgO,Li,CO3,V,0;

(d) Thermodynamic FOrces precursor Sets AG * Problem 2: thermodynamics is ignored

— o | 97% - (d) precursor sets for the same target differ in AG*
Target Material: A,BCO,—> A0, A0, BCO 400 meV § 2 (@) p . . g .
A,C03, BO, —100 meV 3| |2 - More negative AG — the reaction is more likely

) - Prior work retrieves by similarity only
Domain knowledge

*AG: Gibbs free energy of the reaction; AG < 0 means the reaction can proceed

Goal of Retrieval-Retro: bring in thermodynamics, and propose recipes that nobody has written down before



Retrieval-Retro: physics-guided implicit retrieval
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reaction feasibility
as the retrieval crit

"materials likely to use a similar
precursor combination”

— Retrieval guided by physics, not only by similarity

DFT-calculated
Formation E.

Experimental
Formation E.

(AG)
erion

2. Implicit extraction, never copying
 Reference materials are encoded with a GNN, and

the target attends over them

* Precursor information is extracted in the
representation space, not copied

— Combinations that no single reference contains
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Retrieval-Retro: largest gains on the year split

(a) Year Split (b] Random Split

Model Interaction Retrieval Top-K Accuracy Recall Top-K Accuracy Recall
Top-1 Top-3 Top-5 Top-10 Macro  Micro Top-1 Top-3 Top-5 Top-10 Macro  Micro
Composition MLP X X 31.60 3437 3522  36.56 3142 31.44 58.56 6220 6295 64.32 5456  55.35
p (170)  (1.58)  (1.43) (0.160) (0.030)  (0.060) 047)  (036)  (0.029) (0.42) (0.44) (0.57)
45.03 48.02 49.11 51.09 4472 4475 61.94 6644 6746 68.84 58.55  59.35
Heetal 112] x f (185) (186  (1.77) (1.93) (1.83) (1.86) (1.5) (148) (155 (1.65) (1.45) (1.34)
ElemwiseRetro v X 5345 57.07 58.19 60.84 53.12 53.19 7723 8093 8157 82.78 72.33  73.26
(058) (0520  (0.72) (0.78) (0.60) (0.60) 0.70) (0.5  (0.67) (0.64) (1.14) (0.99)
Roost v X 5438 57.82 5882 60.71 5401 54.04 7842 8232 83.07 84.10 73.38 74.46
(0.75)  (0.81)  (1.00) (1.15) (0.75) (0.74) (091)  (091)  (0.83) (0.66) (1.41) (1.22)
CrabNet v X 57.15 61.60 6244 64.14 56.79  56.82 78.69 81.62 8227  83.35 73.27 74.28
(077) (085  (0.82) (0.86) (0.77) (0.77) 0.78) (0.7  (0.67) (0.56) (1.21) (0.99)
5895 63.10 64.07 66.30 58.54 58.61 7791 8155 8237 83.50 72.96  73.88

Graph Network v X

0.41) (0.63) (0.68) (0.62) (0.42) (0.41) (1.31) (0.98) (0.92) (0.90) (1.53) (1.29)
60.01 64.15 65.15 67.19 59.61 59.66 79.09 8295 83.82 84.97 73.86 74.81
Graph Network + MPC v v (1.10) (1.10) (1.17) (0.83) (1.10) (1.10) (1.25) (1.13) (1.19) (0.94) (1.34) (1.23)
. 61.16 6592 67.18 69.45 60.97 61.06 79.81 83.62 8446 85.70 74.61 7549
Retrieval-Retro v f 038)  (0.71)  (0.76) (1.03) (0.62) (0.62) 068 (0770  (0.78) (0.88) (0.98) (0.89)

« The year split is harder but realistic:

recipes for future materials
- Retrieval matters most on the year split: models that use reference materials consistently outperform non-retrieval

models

performance is lower than in the random split, and it better reflects predicting

- Retrieval-Retro gives the largest gain on the year split: best Top-1/3/5/10 accuracy and macro/micro recall, with a
clear improvement over Graph Network + MPC

1
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A Structured LLM Framework for Inorganic
Material Synthesis Planning

NeurlPS 2026
Heewoong Noh, Gyoung S. Na, Namkyeong Lee, Chanyoung Park



MSP-LLM: one LLM for the complete synthesis plan

» Material Synthesis Planning (MSP)
f: M= 2M x O*
target material — (precursor set, synthesis operation sequence)

La, ,Ca, sMn,0; — ({CaCO3;,La,05,Mn0O,}, (mixing = heating - mixing - sintering))

» Prior work: focuses on a single task — Precursor Prediction (PP) or Synthesis Operation Prediction (SOP)

= This work: a unified LLM framework that solves the complete MSP end-to-end

= Why an LLM?
- All inputs are text (chemical formulas) / LLMs carry broad physics/chemistry knowledge / reasoning capability

- But, there is no MSP-specific fine-tuning strategy yet

13



MSP-LLM: two stages, one decision chain

= Overall flow: target — precursors — operations, both stages with a fine-tuned LLM
Stage 1, Precursor Prediction: target — {CaCO3;, La,03, MnO,}

Stage 2, Synthesis Operation Prediction: target + precursors — [mixing, heating, ...,

= Two main ideas

Two stages: the operations are predicted conditioned on the precursors
Decision chain: predict the material group first, then the precursors conditioned on it — a chemically plausible subspace

MSP-LLM

To synthesize
La; ;Ca; gMn; 07,

what precursor set
and synthesis
operations

should | use?

sintering]

Input: Input: Output:

Task: Precursor types: { 'carbonate’, 'oxide' } , Precursor set:

Given the target compound [La, ;Ca; gMn,0], Task: '--->[ Hierarchical Precursor Types ] ‘/[rcaCOSI ’Laz 03/ ’MnOz 1
first classify its material group, and you must select the precursor Given the target compound [La; ;Ca; gMn,0-], ! !

needed to synthesize the target. Decision Chain: Material Group first classify its material group,-=-=-=======--~ *[ Decision Chain: Material Group ]

then based on the selected precursors ['CaC0O3’, 'La,03’,'Mn0,'],
propose one plausible synthesis operation sequence using only the following operations:

Typically, two or more precursors are required.
The possible materlal groups are:

['oxide’, 'alloy’, 'phc phate', 'pyrophosp ', 'halide’, 'oxyhalide’, ['heating’, 'sintering’, 'annealing', 'mixing', 'shaping', 'quenching’, 'drying'].
‘carbide’, mtrlde 'selenide’, 'sulfide’, 'other'] Synthesis context: ...
Output format: Typically, two or more precursors are required.

The possible material groups are: ...

[['material group'], ['precursorl’, 'precursor2', ..., 'precursorl']]
Output format: r ----- ->[ Precursor Constraint Factorization ]

Return only the Python list of single-quoted strings with no extra

text or explanation. ['material group']} [' ! 4
[ precursorl', 'precursor2', ..., 'precursorl'],
Return only the Python list of single-quoted strmgs wnth no extra text or explanation.
Output: Output:
[['oxide’], ['CaCO3’, 'La,05’,'Mn0,']] [[ oxlde ],I[ carbonate omde ] I Ca(’.03 ’Laz 03’ 'MnO," ]4
Precursor Set Synthesis

A\ 4

Synthesis operation:

vA: ['mixing’, 'heating’,

'mixing', 'shaping’, 'sintering']
2: ['mixing', 'heating', 'mixing',
'shaping', 'annealing']

10: ['heating', 'mixing',
'shaping’, 'quenching']

Precursor Prediction (PP) Synthesis Operation Prediction (SOP)

[ Decision Chain: Material Group ]

Fine-tuning
J LLMs for SOP

[ Decision Chain: Material Group ]

- Hierarchical Precursor Types

[ Fine-tuning LLMs for PP ]
- Precursor Constraint Factorization

[ Explicit Conditioning

Operations”| Final Output

A

| Precursor Set 14




MSP-LLM: explicit conditioning on the precursors

* Finding: the LLM ignores precursors in the prompt
- Target-only: target material — operation sequence
- Implicit conditioning: precursor set in the input only — no gain

* Why?
- Precursor formulas are long, and several are listed in a row

- The LLM only has to predict the next token: if the loss can go
down without the precursors, it ignores them

» Fix: Explicit conditioning
« Precursor set in the output as well as the input: the model must
reproduce the precursors before the operations

- Plus precursor types (CaCO3 — carbonate): a carbonate implies
a heating step to drive off CO2

- Learned once, and it transfers to every new carbonate

0.80 -

Normalized Edit Distance (NED)

0.75 A

0.70 A

[ Target Only
I Implicit Cond.
Il Ours (Explicit Cond.) |

arget Only Implicit Ours Target Only Implicit Ours

Qwen-2.5-7B LLaMA-3.1-8B

P = {CaC03, La203, Mn02}

Types = {carbonate, oxide}

15



MSP-LLM: 18-23% Top-10 on the complete plan

Method Split 1 Split 2
Top-1 Top-3 Top-S5 Top-10 Top-1 Top-3 Top-5 Top-10

Large Language Models (API)

GPT-40-mini (20-shot) 0.0 0.09 0.09 0.19 0.19 0.28 0.28 0.47
GPT-40-mini (40-shot) 0.0 0.0 0.09 0.09 0.27 0.27 0.37 0.64
GPT-40 (20-shot) 0.27 0.55 0.64 0.73 0.47 0.47 0.47 0.56
GPT-40 (40-shot) 0.27 0.27 0.37 0.64 0.37 0.84 0.93 1.12
GPT-5.1 (20-shot) 0.46 0.64 0.73 1.01 0.65 0.75 0.75 0.75
GPT-5.1 (40-shot) 0.55 0.64 0.64 0.73 0.37 0.37 0.47 0.47
Claude Haiku 4.5 (20-shot) 0.56 0.65 0.65 0.74 0.56 0.65 0.65 0.75
Claude Haiku 4.5 (40-shot) 0.56 0.65 0.65 0.74 0.37 0.84 0.93 1.12
GPT-5.1(PP) + GPT-40-mini (SOP)  0.91 1.65 2.01 3.75 1.4 271 3.64 541
MSP-LLM (Qwen-2.5-7B) 576 10.79 13.62 18.56 6.62 1334 16.79 2248
MSP-LLM (LLaMA-3.1-8B) 4.75 9.69 13.35 18.19 6.72 12.12 16.60  23.23

» Off-the-shelf APl models almost always fail; MSP-LLM reaches 18-23% Top-10

= Still, the absolute performance is low
- A prediction counts as correct only if both the precursors and the operations are right

* The two stages are chained: wrong precursors — the operation prediction fails too
- Improving precursor prediction is the natural next step, and the focus of our next work (Retro-forge)

16



Retro-Forge: beyond single-shot precursor prediction

= MSP-LLM predicts the precursor set in one shot fRrgotMatara
. LiFeV,0, — {Li,COs3, V,0s, Fe,0;} e
= But the actual route goes through an intermediate ERRimeds
« Li,CO; + V,05 — LiVO3, and then LiVO; + Fe,O; — LiFeV,0, /
- The intermediate decides the heating and annealing conditions [ b ] Fe20s
- Aroute is more physically grounded than a bare precursor set phiss v’ precursor catalog
» Real solid-state synthesis is pairwise and sequential PRP!n - p N
- Retro-Forge models it that way (right): one product — two reactants / \ Erestrson Siiaiog
1,186 unique precursors from
Kononova et al. + Lee et al.

Compounds with < 1

Li>CO3 V205 metal/metalloid
(excl. B, Si), filtered for integer
v catalog v catalog stoichiometry + charge neutrality
N J

17



Retro-Forge: recursive pairwise retrosynthesis

» Core idea: Single-shot PP — Pairwise Route Discovery

(a) Data Augmentation Pipeline

Kononova et al. + Lee et al. Synthesis Datasets

Published solid-state synthesis reactions, fil-
tered to verified pairwise (A + B — C)

Tier 1: Ground Truth

GPT-4.1-mini (fine-tuned on Tier 1)

“Predict two precursors or intermediates for [target]”

pd

A

Tier 2 Targets (13,909)

Kononova et al. + Lee et al.
targets with verified SS route
but no pairwise decomposition

Tier 3 Targets (50,000)

Materials Project
max-entropy sampling
over MTEncoder embeddings

Y

GPT generates (3/target) + filter

Tier 2: 19,195 pairs

13,336 unique targets

'

GPT generates (3/target) + filter

Tier 3: 70,199 pairs
47,546 unique targets

(b) Multi-Step Pairwise Retrosynthesis

Target Material

LiFeV20~

=

Intermediate

LiVO;

Li>CO3

v catalog

|

PRP model

i

V.05

v catalog

Fe20s

v precursor catalog

Precursor Catalog

1,186 unique precursors from
Kononova et al. + Lee et al.
Compounds with < 1
metal/metalloid

(excl. B, Si), filtered for integer
stoichiometry + charge neutrality

18



Part 2 — Characterization

» Part 2: reading what came out of the furnace — IR-Agent

Characterization

spectra — structure

The instrument returns a spectrum, not a structure — how do we get the structure back?

Characterization

- IR-Agent (ICLR 2026)
- PCSP (NeurlPS 2026)

19



Spectroscopic data: an indirect view of structure

= A spectrum: the signal from matter interacting with energy Lgp | Pectrum (schematic)
- Shine light on a material, and record how it responds at each wavelength
- Each bond vibrates at its own energy, so the peaks reveal the bonds present

80 -

60 -

= Common types
- Infrared (IR), Raman, NMR, mass spectrometry (MS)

40 - c-0
C-H

Transmittance (%)

20 -

C=0
O = 1 1 1 1 1 1 1
4000 3500 3000 2500 2000 1500 1000 500
Wavenumber (cm™1)

o o

ground-state excited-state
atomic bonds atomic bonds

Infrared (IR)
<~ Energy, E = E)
> gyr - 1

Infrared spectrometer target material

— Spectroscopy is how we learn about a structure we cannot see directly

20



Why is structure inference from spectra hard?

* Three reasons it is hard
- Inverse problem: we observe a signal and have to reason backwards

- Ambiguity: different structures give similar spectra, and a single peak never decides anything
- Aggregation: a spectrum is a sum over many vibrational modes, plus the environment, plus noise

» So what inductive bias should the model have? Two routes
- 1. Model the way an expert interprets a spectrum — IR-Agent (ICLR 2026) (today)
- 2. Model the physical process that generates the spectrum — PCSP (NeurlPS 2026)

(a) Overall Framework T1 Expert . . . )
- N Particle Underlying physics of analytical observations

IR Spectra Translator
Gy B
+
) ®

) 8 SE Expert (or Energy) e
|m| Based on /\/\/\ — o
z ﬁ "qu Expert» ‘ﬂRet Exeprt» (4 < ((;X & .
o o ) t=1 3t L data

-

-
-

_ i points —

ES
=
m
=
IR Peak Table Assigner = Generate
{:R Absorption Table S: Top-10 SMILES - : = Qo;
N ﬁ Ret Expert % | Output SMILES el /\/\/\ Pﬁ% |
IR Spectra Retriever/Database > = S cCoctcee(Feel 3. COclcec(F)ecl 1V Unknown t=1L Do .
” (] ol .
lml S | 2. ccoctece(occ)eet : matter Perturbations by ~ Non-equilibrium Physical observations
O @ — 10. €CCOclcee(OCC)ecl penetrated particle structures (e.g. energy absorption) Observable analytical data

IR-Agent: expert-style reading of the spectrum PCSP: the process that generates the spectrum
21
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IR-Agent: Expert-Inspired LLM Agents for
Structure Elucidation from Infrared Spectra

ICLR 2026
Heewoong Noh, Namkyeong Lee, Gyoung S. Na, Kibum Kim, Chanyoung Park



IR-Agent: from an IR spectrum to a full structure

Input: IR spectrum

IR spectrum (schematic)
100 -

M) Output: SMILES (Full molecular structure)
CC(=0)0C1=CC=CC=C1C(=0)0

——
60 -

H

O-H
40 - Cc-0 o

C-H \"/ ’
20 - 1
X L
X eR 6
C=0 —

0+ i 1
4000 3500

1 1 1 1 1
3000 2500 2000 1500 1000 500
Wavenumber (cm~1)

|epow A

Transmittance (%)

» Task: IR spectrum in, SMILES (the full molecular structure) out

= Existing approaches
- Chemists read the peaks against an IR absorption table; it takes experience and intuition
- Most machine learning stops at functional-group detection: "there is a carbonyl", but not the molecule
- Methods that reach the full structure: Transformer sequence-to-sequence, spectrum in and SMILES out

23



IR-Agent: mirror how an expert reads a spectrum

= Experts read a spectrum as a combination, not peak by peak

* Tools
- Absorption table: peaks — substructures

- Retriever: nearest spectra — SMILES

* Three experts
- Tl expert (local): groups the peaks imply,
with a confidence score
- Ret expert (global): structural motifs shared
by similar spectra

- SE expert: integrates both and ranks the
top-10 SMILES

= Translator proposes candidates first; the
experts refine them

(a) Overall Framework

Tl Expert

SE Expert

N

\ 4

IR Spectra Retriever/Database

Q B

IR Spectra Translator
p o C o . S=
o =
: o m g
- 3 =
IR Peak Table Assigner é 1 —n ‘ g
/IR Absorption Table 5' 5
X == o N
‘ —— S \ &
11 (7]
| PN et Expert 2
m
Ed
[
E

ﬂ IR Spectra

JWJ ! A

|m| Based on
.:ﬁ ‘ATI Expert» ‘ﬂRet Exeprt» c
Generate
Top-10 SMILES

|

Output SMILES

1. CCOclccc(F)ccl
2. CCOclcec(OCC)ccl

(b) Tl Expert
TranslatorOutput(C) & Table interpretation

= Identify substructures that are present both in
the IR interpretation and the corresponding
— Translator Output ~

Structural information from the IR Absorption Table

(c) Ret Expert

0 Retrieved SMILES & Cosine Similarity
= Analyze the SMILES of candidate spectra,
'm' and extract their structural information ~
)

Structural information from similar spectra

-

3. COc1ccc(Flcc1/

10. CCCOclccc(OCC)ccl/

IR Absorption Table
(3550, 3200): "alcohol (0-H)", v/
(3500, 3400): "primary amine (N-H)",
(3400, 3300): "aliphatic primary amine (N-H)“,

. | —> cee

L
(730, 665): "cis-disubstituted alkene (C=C)", Ve
(690, 515): "halo compound (C-Br)",
(600, 500): "halo compound (C-1)", v

Similarity Search

o

24



IR-Agent: results on 9k experimental NIST spectra

Top-K Accuracy

» Structure prediction accuracy (Top-K)
- About 9k experimental IR spectra from NIST, three LLM backbones
- IR-Agent improves over the Transformer translator it starts from

- Multi-agent consistently beats a single agent playing all the roles

Method Agent Top-1 Top-3 Top-5 Top-10
. 0.098 0.169 0.176  0.176
Transformer
0.007)  (0.000)  (0.003)  (0.003)
sinole 0.072 0.118 0.133  0.157
IR-Agent sing 0.008)  (0.002)  (0.002)  (0.003)
(GPT-40-mini) muli 0.093 0.152 0.167 0.176
0.005)  (0.003)  (0.005)  (0.005)
sinele 0.083 0.135 0.165 0.194
IR-Agent smne 0.004)  (0.002)  (0.007)  (0.008)
(GPT-40) mulii 0.093 0.153 0.177 0.204
0.007)  (0.005)  (0.005)  (0.003)
sinele 0.087 0.153 0.179  0.197
IR-Agent sing 0.006)  (0.005)  (0.002)  (0.004)
(03-mini) multi 0.103 0.178 0.199 0.216
(0.005)  (0.007)  (0.004)  (0.001)
*single: one LLM plays all the expert roles
o3-mini IR—A(?ST] i(r?il)ngle) IR_A(%?—TIEii]?;uIU)
Chemical Information -
Top-1 Top-3 Top-5 Top-10 Top-1 Top-3 Top-5 Top-10 Top-1 Top-3 Top-5 Top-10
No Knowledee 0.073 0.131 0.157  0.185 0.087 0.153 0.179  0.197 0.103 0.178 0.199 0.216
g 0.010)  (0.011)  (0.011) (0.005) 0.010)  (0.011)  (0.011) (0.005) 0.005)  (0.007)  (0.004) (0.001)
Scaffold 0.096 0.160 0.177  0.198 0.112  0.195 0.208  0.228 0.118 0.208 0.232  0.258
0.002)  (0.006)  (0.003) (0.003) (0.003)  (0.009)  (0.008) (0.010) 0.003)  (0.009)  (0.008) (0.010)
Carbon Count 0.105 0.158 0.186 0.214 0.121 0.177 0.194 0.219 0.123  0.190 0215 0252
arbon L-oun (0.009) 0.014) (0.014) 0.013) (0.003) (0.008) (0.010) (0.009) 0.003)  (0.0005)  (0.009) 0.007)
Atom Types 0.104 0.182 0.209 0.237 0.123  0.208 0.235  0.266 0.127 0.213 0250 0.278
ypes (0.011 0.007)  (0.005) (0.003) 0.006)  (0.003)  (0.011) (0.009) 0.006)  (0.003)  (0.011) (0.009)

» Adding chemical information

- Scaffold, carbon count, or atom types,
added to the prompt as plain text

- No retraining, no architecture change, and
accuracy goes up

— The agent framework flexibly
integrates chemical knowledge
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Part 3 — Learning

» Part 3: learning from the measurements — CRISO

Learning

update models - find laws

What should the loop learn from the data — model weights, or explicit laws?

Learning

*  Multi-agent LLM equation discovery
(under review)
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Symbolic regression: from data to an equation

data in, equation out (schematic)

[ J
1.00 -

0.75 -

0.50 -

0.25 -

0.00 -

—0.25 -

—0.50 -

@ observations
—0.75 - - discovered equation

0 2 4 6 8 10

Observations in, an equation (structure + constants) out

= Input: data. Output: a closed-form equation
- Structure (operators, variables) plus constants
- Right structure: explains the system and extrapolates
- Right fit only: interpolates, and nothing more

= Two families of methods
- Classical SR (genetic programming, e.g. PySR): searches
expression trees, but knows no physics

- LLM-based (e.g. LLM-SR): brings prior knowledge, but
searches over text

— We want both: the LLM's knowledge and a
structured symbolic search
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S @ Experience s Data-driven Dataset%ﬂ ';o \

Background: LLM-SR (ICLR 2025 oral)

___________________________________________________________________________________

- Instruction @

- Specification

<scientific problem description>

Hypothesis
Generation #1

- Evaluation:

y = params[@]*np.sin(params[1]*x1)

y += params[2]*x2**2

y += params[3]*x1

I
1
1
|
[}
1
1
|
|
|
I
I
1
|
|
1
1

7

____________________________________________________________________________

Management Evaluation

Experience

g
-_—————————

\
1
1
1
1
1
Optimize Parameters 3
SSSSS =
Xperience | 1
L - 4 [}
== Ill= Marager T o € —
-9.023 params =ik

: : Evaluate params*[1]= 0.5 :
v v q I Fit to Data params*[2]=2.1 |
Island#l  Island#2 Experlence : | params*[3]= 5.4 i
! 1
Buffer /I \ l
\\ //

N e e e e e e e oo o N s

Three limits

» 1) Text-program search: no defined space, no symbolic operations
» 2) LLM prior: finds known equations, struggles on unseen systems
 3) Error only: approximates the structure, poor extrapolation

» Step 1: Hypothesis Generation

def f(x, params):

return params[@] * torch.sin(x) + params[1] *x x**3

- Generates the equation skeleton only
- Good past equations are given in-context

= Step 2: Data-driven Evaluation
Score= MSE(y — )

- LLM proposes the structure; an optimizer
(torch + Adam) fits the numbers

= Step 3: Experience Buffer

- Good equations stored in a buffer (“equation:score”)
- Fed back as in-context examples
- LLM does mutation + cross-over
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CRISO: structured search by a collective of agents

» 1) Equations as abstract syntax trees (ASTs), not text
- A well-defined search space with symbolic operations

= 2) A collective of reasoning agents
- Many agents, each starting from a different hypothesis
- Best equation — domain interpretation — shared with all agents
— the collective learns structure outside any single agent's prior

= 3) Error and structure minimized together
-« Score: prediction error + AST depth + number of free parameters
- Prefers compact, explainable laws over fitted approximations
- Finite-time convergence guarantee for the collective decision

Informal description of scientific knowledge

PDF of an exponential distribution with rate 1 > 0 is f(x) = 2e~** for x > 0 and otherwise 0.
It starts at £(0) = A and decreases monotonically, capturing the idea that larger values ...

!

(a) Knowledge as a program

def equation(x, lamb):

# The distribution is defined only for non-

negative values.

if x <0:
return 0

e

# 1. Calculate the exponent term
exp_term = -lamb * x

# 2. Compute the exponential function
exp_term = np.exp(exp_term)

return lamb * exp_term

(x,y)€D

!

(b) Knowledge as an AST

s(ASTy,D) = — { > (y— AST(x)* +di + Mk}

d: AST depth, M: number of free parameters

29



CRISO: how the agent collective works

Agent group

P: Problem specification (1) Complexity-aware evaluation

A,: Reasoning agent#1  A,: Reasoning agent #2 Ay Reasoning agent #K
Mathema?tieal function for calculating g o Qe Qe n 2
ration. = _ =
e acceleration ( . ) ( . ) ( - ) s(ASTy, D) { i=1(yi ASTy, (Xi)) +dy + Mk}

X: observations of the current position.

v: observations of the velocity at the T e G ey S \
current time. i ° i E ° 3 ; © ! 1 1S 1
| s | o | | a @ ... @
5 | i | ; e
#¢: Initial hypothesis . AST;  code; | | AST, code, ! | ASTy  codeg | Reasoning Reasoning Reasoning
e s S N agent #iy agent #ig_, agent #i,
def equation(x1, x2):
ik Apest: Current best agent

Retrun: ... —_— P,H: Problem specification and initial hypothesis

/I Initial hypothesis

Retum Wil w22 = w (R, frest): Collective knowledge extracted from the current best equation

f

(3) AST generation (2) Knowledge accumulation

Discovery score

L = 1L 19 : Collective knowledge
dD) s o)) da) ASiupdaling prompt 2 Domain-specialized Knowledge extraction prompt
oes reasoning agent

; : : <role>You are tasked with S R i
Reasoning Reasoning Reasoning discovering mathematical Proportional to the velocity-dependent <role>You are an expert in DOMAIN.</role>
agent #1 agent #2 agent#K B S o E RS (e damping force. B ) <context>
scientific systems.</role> - 'k’ (Damping coefficient): [ e ; - o
<context> < Proportional to the position- foest: Current equation of Apest .
: dependent damping force.
Collective knowledge P ping fore . ‘ Ehor </context>
- The final acceleration is obtained by Knowled < <task>
| . . .
</context> applying all correction factors to dvdt nowiecae :::'ﬁptuhtev:::gﬁ:::‘fﬁ::i‘:ﬁ:;;he input
<task>Update the current at time 't -+ z ;
function below to fix the . Context functlon,_and explain them from the
overestimation (or . s p I perspective of DOMAIN.
underestimation).</task> a = F sin(wt) — av*® — xv — éxe" </task>

Updated AST; Updated AST, Updated ASTyx

One round: (1) every agent's equation is scored on data and structure — (2) knowledge is extracted from the best one and
shared with all agents — (3) each agent updates its AST



CRISO: largest gains where the equation is unknown

Problem Name

Domain (Target System) Input Variables Output Variable  Governing Equation
g}]g;r;]f)aib[?far e z: Data point Probability dor = 1 (k/2) -1,/
y . ' z,k = 5%/2 T €
chi-squared distributions) o k: Degree of freedom  density 28/2T(k/2)
NOSC [24] e ¢: Time
(Damped oscillator with e z: Position Acceleration a = 0.3sin(t) — 0.50° — zv — 52e%5®
Physical | nonlinear components) e v: Velocity
science NNN (1] - .
. e z1: 1st model input Fully-connected neural network with
(Nonlinear neural networks . Model output . .
with sigmoid activation) e z3: 2nd model input two hidden layers in Eq. (6)
MSB [35] )
(Strain-stress relation ° T S’fen.lperature I\:Iecha,mcal Unknown
in a metallic material) ¢ € »tram stress
FHST [36] e ¢: Volume fraction Total change _ ®
(Flory-Huggins equation | & N: Chain length of Gibbs free AGp, = RT [{In¢+¢Iny + xo¢],
for pol .. 1 . where R =8.314,T =300, =1—¢
polymer mixing) e x: Interaction param. energy
BDC [37] Sz;;e:;‘gement Discharge Unknown
. (Lithium-ion battery) p capacity
Chemical (cycle, voltage, etc.)
science | SFL [37] Weight Percents of
(Fatigue limit of alloy ten elements and Fatigue limit Unknown
compositions) tempering temperature
NOMC [38] Six engineerin,
(Chemical reactor g € C, conversion
s parameters . Unknown
for non-oxidative (pressure, time, etc.) yield
methane conversion) P ’ P
ECBG [24] e b: Population density
(Differential equation for e s: Substrate conc. Bacterial Differential equation for
bacterial growth rate of e T: Temperature growth rate bacterial growth rate in Eq. (9)
Biology Escherichia coli) e pH: pH level

HHM [39]

(Differential equation for
membrane potential in
Hodgkin-Huxley model)

Five biophysical
parameters

(membrane potential,
gating probability, etc.)

Rate of potential

change

Differential equation for
Hodgkin-Huxley membrane
potential dynamics in Eq. (77)

10 systems (physics, chemistry, biology); 4 with unknown equations

Problem PySR GenSR LLM-SR FuncEv STRIDE CRISO
Chi2PDF | 0.4587 (+0.0199) 0.1752 (00113)  0.0289 (+0.0013)  0.0897 (+0.0061) 1.05E-5 (+4.486-6) | 5.67E-6 (+1.87E-6)
FHST 0.0783 (+0.0091) 0.0403 (+0.0012)  0.0147 (+0.0010) 0.0117 (+0.0008)  0.0375 (+0.0010) | 9.40E-8 (+1.62E-8)
HHM 0.8869 (+0.0129) 0.1062 (+0.0069) 1.85E-6 (+2.138-6)  0.0834 (+0.0051) 3.51E-7 (+1.26E-7) | 7.93E-8 (+4.79E-8)
NDO 0.1713 (z0.1741y  0.0661 (+0.0036)  0.0289 (+0.0014)  0.0010 (£0.0002) N/A 6.92E-5 (+0.0001)
NNN N/A 0.0650 (+0.0041)  0.0050 (+0.0002)  0.0059 (+0.0003)  0.0030 (+0.0002) 0.0016 (+0.0001)
MSB 0:1613 (:I:():OIOI) 0:0449 (:I:0:0058) 0:0418 (:I:OiOOlS) 0:0402 (:I:0:0013) 0:0887 (:t0:0049) 0.0299 (io:oozs)
BDC 0.0149 (+0.0035) 0.0143 (+£0.0023)  0.0128 (+0.0003)  0.0098 (+0.0004y  0.0124 (+0.0003) 0.0092 (+o0.0011)
SFL 0.1179 (z0.0016) 0.0585 (+£0.0045)  0.1078 (£0.0050)  0.0545 (+0.0022)  0.1925 (+0.0046) 0.0431 (+o0.0011)
NOMC 0.2031 (0.0001)  0.1269 (+0.0158) 0.1409 (£0.0081) 0.1252 (+0.0135)  0.1735 (£0.0156) 0.0776 (+0.0154)
Error, lower is better
- Consistent gains over LLM-SR and classical SR
- Largest gains where the equation is unknown
]

Recovered equations are compact and readable
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CRISO: discovered laws hold out of distribution

Progressive update

. _ 1 (k/2)-1,-x/2
o PDF: dy. zk/zr(k/Z)x e
1.0 —K=1
_ ndtr((x — 65)/164])
kST G-/ 0) gl : —
: Single agent — k=20
K =10 — K=
w 0.6 plateaus %0
d dt (x_91>93+0 < e
= natr =
X,k 922 '\/F 4 = 0.4< — K =50
K =50 0ol
B2k [2me=C1x-65)" :
e %NS @ e 80 T
Iteration
x— 65 164 | % =0 16|
_ il _ 16
dy, = cauchy (k m 92> (k + 0y)el” Ut 6,7 i dyy = cauchy K+0, (k + 6,)el G+ 0,7
K=10 kil
ndtr(6;(x — 6s)) oS e | 0F i s
= = = ! — 2 ,k-1,-x/6,+03x
xk (k(x — 65)% + 01)1/2 O6x e dyk F(k)x e 3
K =50 H=io0
" 1
_ 2((k/2)~1) ,—x2/2 | = (k/2)-1 ,— max(x,01)/2
a7 M e = g GRgy  Te T

As K grows, the true equation's structure is recovered

Log1o WMAPE
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Out-of-distribution

FHST HHM
m— 10t
0 W
w 10 wlo?
<102 <
;o - § 1073
. E
3 10°° g107?
10-8 N - — 1077
NNN ECBG
10° 1’ ]
w [ w
% £
s s 10!
;c 107! go
& B
g H S0
1072 ’—‘ L
B DNN [ GenSR  [JLLM-SR [ FuncEv STRIDE [ CRISO

- DNNs fail badly on some problems, especially OOD
- LLM-SR also shows a large error increase OOD

—-> existing methods fail at extrapolation

- In contrast, CRISO has much lower error, especially OOD
- strong OOD generalization from structural law discovery
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Summary: Al across the materials discovery loop

» Three stages of the loop, three Al systems, one common thread

Characterization

spectra — structure

Design Synthesis planning Synthesis
target composition precursors - operations wet lab / robot
Learning Database

update models - find laws

Synthesis planning

Retrieval-Retro - MSP-LLM - Retro-Forge
Target — recipe: retrieve related recipes,
plan with an LLM, decompose step by step

successes and failures

Characterization

IR-Agent
Spectrum — structure: read it like an expert,
local and global cues combined

Learning

CRISO
Data — law: a collective of agents searches
for the equation, not only a fit
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