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Motivation

(a) Subset case

Target Material:
Reference Material: BiPO, - i PH4NO,,Bi,03:
(b) New case

Target Material:
Reference Material: LizMgV;0,, > MgO,Li,CO3,V,0;

Shared Precursors (c) Statistics

CazBi(PO4); > | PHENO,,Bi,05iCaC0; | 90.3%

LizMg; - i MgH,, LiH, Mg

(d) Thermodynamic Forces

Target Material: A,BCO, >

Precursor Sets AG .
AO0,A0,,BCO  —400 meV | 0-7%
A,C0,,BO,  —100 meV 2 §

= (C) 10%7} AlH| SAIK0l b HZ 2l JHSA0

L0 1 X] & 2

HIT
Ojo

—L_-"1L- HO O

o
- (d) EBIN 15 AG: 0| 242 AP =2
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> 7|&NTLE= precursor AR E T AG 124 QFgf
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Method

MPC: Masked Precursor Completion
NRE: Neural Reaction Energy
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Experiments: Dataset & Evaluation Protocol

= Data Source (CH+2 AX| 221 7|8t synthesis H|0|E] (Kononova et al., 2019))
- 33,343 inorganic synthesis recipes
. 24,304 materials science papersOf|AM HIAE OO 2 =
7|1E A0 =E CRE =2 28k g OBl / £9| precursor 0|52 f/et CHE #IX|0=

= Knowledge Base 14
- Training set2 knowledge basez 2&

 Retrieval 7|8t BIEHO||A — St G|O|E] LH reference materials ZAH

= Evaluation Splits

- Random Split (80/10/10) Table 6: The distribution of data based on the number of ground truth precursor sets.
. # Precursor sets 1 2 3 4 5 6 7 8 9 10 11 12 13 14 17 23 28 29 34 Total
» Year Split # Data 26944 1168 257 108 42 32 13 8 7 5 4 1 2 2 1 1 1 1 1  2859%
Train: ~2014 <material & 7}5%t precursor set 4= 22>

Valid: 2015-2016

Test: 2017-2020
— 1A O|0|E 2 2h531 O[2Ho| S8t 222 &g 2 o=
~ O SIAE0| 1 of24 ot 21

(Kononova et al., 2019) Text-mined dataset of inorganic materials synthesis recipes (Nature Scientific Data 2019) 10



Result

(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 (1.70)  (1.58)  (1.43) (0.160) (0.030)  (0.060) 047)  (0.36)  (0.029) (0.42) (0.44) (0.57)

He et al. [12] X / 45.03 48.02 49.11 51.09 4472 4475 61.94 6644 6746 68.84 58.55 59.35
‘ (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)  (0.54)  (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)  (0.74)  (0.67) (0.56) (1.21) (0.99)

Graph Network v X 5895 63.10 64.07 66.30 58.54  58.61 7791 8155 8237 83.50 72.96  73.88
P (041)  (0.63)  (0.68) (0.62) (0.42) (0.41) (131)  (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)  (L.17) (0.83) (1.10) (1.10) (125)  (1.13)  (L.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 f f 038)  (0.71)  (0.76) (1.03) (0.62) (0.62) 0.68) (0770  (0.78) (0.88) (0.98) (0.89)

- Year splite O O{EX[2F HAXQI ME: THZE OS2 random split CHH| 50| o, 4| “O)2f A% ofl=" &2 o

Xt
= 2.

Retrieval 7|8t 20| Year splitOlA £36| Z2: reference material&
UIE|H| =2 M=

ITL. OOoO=2

Retrieval-Retro?} Year splitOf|A] 2} 2 7HM: Top-1/3/5/10 H=t=2}f Macro/Micro Recall 25 £|10 4

He.

7|=35}H, £3| Graph Network + MPC CHH| Bi2iot =01 gfats B,

st

28l= REE=0| non-retrieval ZEIHL}



Result

GNN(target composition + retrieved precursor)

Retriever Subset Case New Case

Model Refer MPC NRE  Topl Top3 Top5 Top-10  Top-l Top3 Top-5 Top-10
/ . p 6398 6795 68.83 70.83 1637 2200 2378 27.93

.. (0.34) (0.53) (0.64) (0.81) (1.91) (3.47) (3.48) (1.66)

Graph Network  Explicit , . 6501 69.06 6998  72.03 17.63 2245 2422 2622
(1.10) (1.17) (1.22) (0.92) (1.66) (2.63) (2.65) (2.74)

. p 6507 6944 7041 7247 1970 2452 2630 30.15

. ) .. (0.80) (1.27) (1.24) (1.46) (1.08) (1.42) (1.28) (2.05)
Retrieval-Retro  Implicit 66.00 7051 7176 73.92 2015 27.04 2837 3156
(0.32) (0.61) (0.61) (0.90) (1.29) (1.93) (2.05) (3.44)

- Explicit &4](Graph Network + MPC)2 subset case0fXl= 450| FAE|X|2F new caselfA= ds 7140|

MO ALt 22510 M2 2 g d= T Fo.

- Implicit 2&!(Retrieval-Retro)2 subsett new case 250||M LEt=l s eF4, ES| new caselijA] 2 4= E
- MPC + NREE & A S M |1 45, F retriever?t Ao HAMO = 285t



Result

Table 4: Qualitative Analysis (| Target Material: Pbg|Liz(P207)2(P4O013)2]).

Model Retriever  Retrieved Material Corresponding Precursor Sets Predicted Precursor Set Answer
LiNaPbPO {LioCO3, H3PO4, NayCO3, Pb30y4 }
Only MPC MPC Li0,5Na0,5P03 {LigCOg, NH4H2PO4, NaP03 } {Li2C03, NH4H2PO4 } X
Li3V1.92Alp.08(PO4)3 {Al, V505, LiHoPO4 }
LiNaPbPO {Li,CO3, H3PO4, NayCO3, Pb30y4 }
MPC Li0_5Na0,5P03 {Li2CO3, NH4H2PO4, NaP03 }
MPC + NRE L13V1.92A10.08(PO4)3 {Al, V205, L1H2PO4} {Li2C03, NH4H2P04, PbO} V4
(OllI‘S) Pb3 (PO4)2 {PbO, NH4H2 PO4 }
NRE LizP {P, Li}
PbP; {P, Pb}

- MPC2t MM precursors Y0 S=X[2
« MPC + NREE 0| MM FX|| precursor setS Hets| 0f|=
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MSP-LLM: A Unified Large Language
Model Framework for Complete Material

Synthesis Planning

Under Review
Published at “Al4Mat: Al for Accelerated Materials Design (ICLR 2026 Workshop)”

Heewoong Noh, Gyoung S. Na, Namkyeong Lee, Chanyoung Park
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Overview

» Material Synthesis Planning (MSP)
f:M = 2M x O*
target material = (precursor set, synthesis operation sequence)
La,; ,Ca; gMn,05 = ({CaC05,La,05,Mn0,}, (Mixing = heating = mixing = sintering))

= J|& 9451 Precursor Prediction (PP) or Synthesis Operation Prediction (SOP) & 271X
TaskZF &=

= 2 Q5L LLM J[HIe 2 WX MSPE end-to-end2 = S8 T|URAIE X2t

O

= Ol LLMOID}?
- D= AUH2 text (chemical formula) / LLM2 CHE S2|/2fet X|4] g5 / reasoning capability 28
SFX[ZH, OF& MSPOf| £2tFl fine-tuning T12F0| GIC}
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Method

= MSPE 2EHH|2 23H: 1) Precursor Prediction (PP), 2) Synthesis Operation Prediction (SOP)
» Material Group= '@0{A{ Decision chain@ 2 2&2! (&X|2 Material groupE = Td H2H0| C}E)

= | | MO| B2 Z4g5HX| G411, 1) A material groups M= - 2) 1 groupdi| ZHBHA 447
— search Space% %Olﬂzi Chemica”y p|au5ib|e SubSpaCQE X‘”_él__l' =8 Y202 =F 'host material, 'dopant or substitution’, 'material class’,

MSP-LLM

To synthesize
Lallz Callgan 07,

what precursor set
and synthesis
operations

should | use?

Input:

‘functional property’, ‘composition control’ £&

Output:

Task:

Given the target compound [La; ;Ca; gMn,0-],

first classify its material group, and you must select the precursor
needed to synthesize the target.’ [ Decision Chain: Material Group |
Typically, two or more precursors are required.

The possible material groups are:

['oxide', 'alloy’, 'phosphate’, 'pyrophosphate’, 'halide’, 'oxyhalide’,
'carbide’, 'nitride’, 'selenide’, 'sulfide’, 'other']

Output format:

[['material group'], ['precursorl’, 'precursor?', ..., 'precursorl']]

Precursor set:
) f'CaC0;’, 'La,0;','MnO0,']

Decision Chain: Material Group J

Hierarchical Precursor Types

Synthesis operation:

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

Synthesis context: ...

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

e -b[ Precursor Constraint Factorization ]

Return only the Python list of single-quoted strings with no extra Output format:
text or explanation. [['material group']| ['precursor_typel', 'precursor_type2', ..., 'precursor tvpeL‘]L A o
|[precursorl’, ‘precursor?’, ..., ‘precursorl’], ['opl‘, ‘op2), ..., ‘opN']] e
Return only the Python list of single-quoted strings with no extra text or explanation.
Output: Output: 10: ['heating', 'mixing',
'shaping', 'quenching']

[['oxide'], ['CaCO3’, 'La,05’,'Mn0,']]

N
s,

Precursor Set

Synthesis

Precursor Prediction (PP)

[ Decision Chain: Material Group ]

[ Fine-tuning LLMs for PP ]

Synthesis Operation Prediction (SOP) Final Output

v

Operations

[ Decision Chain: Material Group

- Hierarchical Precursor Types

Fine-tuning
Explicit Conditioni
xplicit Conditioning LLMs for SOP
- Precursor Constraint Factorization

Precursor Set

17




Explicit conditioning

" 25 Precursors input0f| F=Ctal LLMO| & 2HE0HX| Bi=C.

- Target-only: Task description + Target material
- Implicit conditioning: Task description + Target material + Precursor set

o
@
o

{1 [ Target Only

m= implicit Cond. = Precursor setS input promptdi| 3718 SHA s kel X
| Il Ours (Explicit Cond.)
= Why?

- precursor formulas0| Z
« LLMQ| decoder state?t O

o
9
o

o
9
o

o
o
v

11 2Zkst / 2] chemical formula?} 930 2 L=
=

=
FEMo 2 RX[SHK| 2t
LLME Ct2 EZ of| =0 &1 £|7| TR0, precursor MEE O WE |oss2

2 !
ST+ UAQH IS FA|

o
o
o

Normalized Edit Distance (NED)

o
0
vl

I
%
o

Implicit Ours Implicit Ours

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

- Ours (Explicit conditioning): Task description + Target material + Precursor set + Precursor Types

- Synthesis-relevant behaviorg & encoding (carbonate — heating 22 5) P = {CaC03, La203, Mn0O2}
+ Type & 2101= {8 20| Cifét operationS HHIOF SIX[RF, Type Mot o shntujont £ Ml

- Inductive bias (04|.CaCO3?} carbonate2h= 210t 24 > 2L carbonatedl|= YLt}
- Decoder state 2Fg/d: 21 chemical string=2Ct SX| 2/Z

4
N
or
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Precursor Conditioned Factorization (PCF)

» Precursor HEE T input context2 '@= 210| OfL|2f, 20| X precursor HEE
OIE3H=S TS0 operation “4-+50| precursor0f| 2E5HT S X (SH= Bt

= SOP task= CHE1F 20| HOf Synthesis operation
prediction (SOP)

P(G,2,01X)=P(GIX)P(Z1X,G)P(01X,6,2) Z: ( Precursor type, Precursor set)

Material group 0f|% Precursor 825 AlE G: Material Group
St A

- B Implicit conditioning: P(0|X, Z), Z = Precursor set
- 0| 3L 20| Precursor ZE EX| 11 target materialZt 211 operation2 0|&2 S Loss?t 05
+ PCF2| B2 1) precursor ZE 05010k 5112, 2) 22 7[RIC 2 operations 4 SHoRHA 25 FAIE = G132



Experiments: Setup

= Dataset
- Inorganic material synthesis dataset (2 ZA|I|E text miningP £ F&)

- 10,851 synthesis records A&
- 2F M= (target material, precursor set, synthesis operations)
« Precursor: Bl > 5 QI precursor'ﬂf}krf1 —> 288 unique precursors

- Synthesis operations: & 7 types {mixing, drying, heating, sintering, annealing, quenching, shaping}

» Model Backbones: Fine-tuned open-source LLMs: LLaMA-3.1-8B / Qwen-2.5-7B
= Training setup
- QLoRA parameter-efficient fine-tuning / PP2} SOP 22t =&MO £ fine-tuning
+ |5 MSP& PP ~ SOP & LA m{o|ZE[Rlo 2
= Evaluation Protocol - Dataset Split: & 71X]| split AR (Train/val/test = 8'1 1)
- (1) Random split: & target materialO| train/test0| 25 5% 7t5. &, precursor / operation sequences= Lt&
- (2) Target-disjoint split: target material& 2F496| £2| - unseen material generalization G2}

20



Result: Precursor Prediction (PP) & Sequence Operation Prediction (SOP)

« NED (Normalized Edit Distance): 0i|==! operation sequenceE GT sequenceZ HIL= O] 23t edit operation =5 Z0|2 HHate HE| 7|8 QAIE
* LCS (Longest Common Subsequence): 0IZ1} GT AO|0IA =ME QKXo X 3EC Z S%SH= operation subsequence?| Z|CH 20|
* F1 (operation multiset overlap): operation 52t 7H=Q| HA HEE precision-recall 7|8 F1 scoreZ &7 (=M 2A)

Table 1. PP performance on two dataset splits. Table 2. SOP performance on two dataset splits.
Method Split 1 Split 2 Method Split 1 Split 2
Top-1 Top-3 Top-5 Top-10 Top-1 Top-3 Top-5 Top-10 Top-10 NED?T LCS? F-11 Top-10 NEDt LCSt F-11
Specialized Models Specialized Models
He et al. (2023) 53.11 60.05 61.06 63.07 5401 61.10 62.69 65.02 Retrieval based 10.4 0.6072 0.7194 0.7596 11.19 0.6030 0.7198 0.7564
Retrieval-Retro (Noh et al,, 2024) 60.88  69.38  70.93 74.13 66.32 74.16 75.84 78.54 SPENDE (Na, 2023) N/A 0.4508 0.5824 0.6013 N/A 0.4522 0.5821 0.6010
Large Language Models (API) Large Language Models (API)
GPT-40-mini (20-shot) 56.58 6536 67.82 70.66 5485 6340 6791 70.34 GPT-40-mini (20-shot) 5.85 0.5717 0.6992 0.7355 7.09 0.5847 0.7089 0.7407
GPT-40-mini (40-shot) 55.21 6344  66.27 69.10 5597 6427 67.82 71.36 GPT-40-mini (40-shot) 5.94 0.5844 0.7092 0.7454 7.93 0.5934 0.7141 0.7442
GPT-40 (20-shot) 60.05 68.56 71.76 75.05 60.17 69.31 73.04 76.31 GPT-40 (20-shot) 5.03 0.5654 0.6925 0.7219 3.82 0.5670 0.6865 0.7166
GPT-40 (40-shot) 61.79 7048 73.40 76.32 61.57 7127 7397 77.05 GPT-40 (40-shot) 4.34 0.5693 0.6890 0.7195 4.94 0.5749 0.6924 0.7245
GPT-5.1 (20-shot) 6472 7742 80.53 83.27 67.07 77.61 82.37 85.17 GPT-5.1 (20-shot) 2.93 0.5334 0.6583 0.7101 2.33 0.5301 0.6547 0.6968
GPT-5.1 (40-shot) 64.08 7633 79.62 83.46 66.60 77.89 82.74 86.01 GPT-5.1 (40-shot) 2.74 0.5434 0.6660 0.7146 2.33 0.5261 0.6498 0.6925
Claude Haiku 4.5 (20-shot) 55.03 68.37 74.50 78.88 56.44 68.84 73.13 78.92 Claude Haiku 4.5 (20-shot) 2.56 0.5534 0.6727 0.7174 1.68 0.5439 0.6656 0.7017
Claude Haiku 4.5 (40-shot) 57.31 68.74 74.31 78.43 56.53 71.64 76.12 81.81 Claude Haiku 4.5 (40-shot) 4.11 0.5669 0.6801 0.7172 3.26 0.5569 0.6730 0.7037
MSP-LLM (Qwen-2.5-7B) 71.02 8537 90.49 94.06 7192 88.62 92.72 95.53 MSP-LLM (Qwen-2.5-7B) 26.51 0.7207 0.8100 0.8359 32.18 0.7420 0.8240 0.8493
MSP-LLM (LLaMA-3.1-8B) 70.75 85.56 91.68 94.97 72.85 88.99 93.56 96.36 MSP-LLM (LlaMA-3.1-8B) 26.51 0.7174 0.8075 0.8353 3144  0.7424 0.8235 0.8498
. - .
MSP-LLMO| 2= baseline CHH| 3H| &A=l M5 MSP-LLMO| sequence generation ds0iA YEX 29

> G prompting 7|2t LLMOJL} retrieval ERIELC} task-specific - Explicit conditioning + precursor constraint factorizationO|
fine-tuning + material group decision chainO| precursor O|Z0{|  precursor BEE 2t&H O 2 2k261A| TH=0{ operation sequence
=NUES o= G52 I ot
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Result: Material Synthesis Planning (MSP)

Method Split 1 Split 2
Top-1 Top-3 Top-5 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 14 2.71 3.64 5.41
MSP-LLM (Qwen-2.5-7B) 576 1079 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
o CIY APILLMEZ2 He| AIjj: CHEE Top-10 "I} 2% O|TF
— precursor®} operation2 sA|0| &E= complete MSP= £ 2EIZ 0L 023,

* precursor set + operation
sequence = Lt B10}0F correct

« Hybrid pipeline= M[gt& JHM: PPO| st BE + SOPO]| Zst REAS AT Top-10 =~ 3~5% ==

- &+ P 22l =5 EX|E 0| H2 ds.

* MSP-LLMO| =X 22 Top-10 18~23%

CFt
=3

— J1XX decision chain + explicit conditioning0| complete MSPO|A 28N g1t

.+ SRS FUIHOR e M

22



Future work

@ K53 H7H| 2R 05
— Retrieval-retro (NeurlPS 2024)

@ jl-h'é'l- :rl_x." E 0;":< @ jI'I_-c.’-l' I'I‘_r"x'" -_?:E 0:“§
o @ Sk X *I%IA O:"E
25 A SHM 1| 2 S = b A (e
= 4t - . = S == — MSP-LLM (Under Review)
@ gd 3d AlHA OlF
@ Ed =H 0% @ 7Fset MM 22 oS
@ 3 B AHA oS
Ogd Uz
— 0Ongoing work
01|*|) e 2 AlZF ] sl =
« DAL O 14|2-0}91 I|2}0| E (Ma- i M 1907120 eh = AP
=H X Mgg 5Zng sFe, 0,4 (0145 -0rd 20| E(Mg-Zn ferrite))
SHIRI22 () Fer0s MACOs Zn0 B 750-850°C 2h MgCOs &8H
n (o) = S " Fe N
@ =3 = (A 23 MGLYs, 2Kt 74 950-1050°C 3-5h AT &
* QY B AL ARSI SR A0S BY o T eoe | an | mmomm
= QYIS THAIOIC 22 /A2H/YE S

&= 100-300 MPa — X[He =t




Outline

|
« 22 0o|E| 24
|
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Spectroscopic data (&4 G|0|5)

[
o

= d HO|H= 2ot ofuX]e] g2 418 21= HoX|= 2=

- (= LHE U X) 2 =201 BIXS T 20| o2 2r85k=X| (O IRl #-35k=X]) 2|5

. E% IPFOIA] AME TS0l 2Rt X} 1 Hu0| 2PYEO R IS (S YUK} ZeHe SHTHOLAX| EL{ofARt

m EHEX‘| 0:”
. QM EIY(IR)

- 22t 22H(Raman)

- SXPI| 5B (NMR-Nuclear magnetic resonance)
- AZFEM(MS-Mass Spectrometry)

o HO|X| Of= XE 2HYR0 2 UOLY| Qo HBS i)

LS —

(=

Infrared (IR)

c . hc)
nergy, E = -

Infrared spectrometer

o o

ground-state excited-state
atomic bonds atomic bonds

target material

25
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IR Spectrum £A4 Oj|A]

Double
bond
stretch

Transmittance
H w ()]
o o o
1 1 L

w
o
!

20

Single bond stretch region

“"\/,\/“’

region  Finger print region

2

Bend
C=0

C=C

C=N

4,000

2,000 1,500 1,000
Wave numbers (cm™)

BOND TYPE
RO-H (alcohol and phenols)

(o]

I
R-C-O—H (carboxylic acids; O-H)
R3C—H (alkane)

\ /l.I
| E—
/

R R (alkene; C-H)
RC=C-H (alkyne)

Ar-H (aromatic stretching)
(bending)

7
3,200-3,650

2,500-3,000

2,840-2,960

3,050-3,100

3,280-3,310
~3,300
680-860

BOND TYPE
1
R-C-OR (esters; C=0)

(0]
Il

R-C-OH (carboxylic acids; C=0)
(0]

I Il
R-C-H; R-C-R (aldehyde and
ketone C=0)
\c s
/

(alkenes)

| RC=CR (alkyne)
RC=N

v
1,735-1,750

1,710-1,770

1,690-1,745

1,620-1,680

2,100-2,260
2,220-2,260
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= 21 2= 2X| (Inverse Problem)

H
. 3
o Al

L

» 12H B35 (Ambiguity)

- T peaks #AE 20| &

. FH| HEIS B3E{02 oot 2

= Mz 9| Eeld (Aggregation)
- Spectrum ¢j2{ Tz BE AM5O| &t
- 2t 8l 5 ZH0|| = Hat et
- Noise & 54 @X EX

T2t 22|= B3t 0|0|EE AIZ O{EH| BEI2IsHof st

“" st Inductive bias?t ZQ

1. M8 oljA nPE S 22 SHXF > IR-Agent (ICLR 2026)
«  Spectrum2 =271t §1= A= (local + global pattern)
« Reasoning 242 Sl5okAL

2. Spectrum?| 4i’d HAHL|ESZS B2 SkXF > PCSP (Under Review)
« O3] ZIE BEQ| M0 FHE ALt
« AHEZHO| MY Mt (generative process)=2 ZEZSIA}
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IR-Agent - Motivation

= Spectrum T&=717} A0

= TH peak?t OfL|2f 222 of
= 8l 0f0|C|of
- Substructure-level reasoning

- Multi-agent @ ==

(=)
(a) gsverall Framework TI Expert
pectra Translator C - AN
- o 2 _ h & === £ SE Expert
= e L - - = Based on
2 S TI Expert» “*Ret Exeprt» (4
IR Peak Table Assigner — L ‘ J E Generate
QR Absorption Table 8 > Top-10 SMILES
\ o= & IR Spectra ( N
FE S HH Z | Output SMILES
: . 53 3. COclccc(F)eclv”
IR Spectra Retriever/Database P — 1. CCOclccc(F)ccl .
T | 2.ccocicec(ocC)ect :
O @ - 10. CCCOc1cecc(OCC)ccl
W J
(b) Tl Expert IR Absorption Table
Translator Output(C) & Table interpretation (3550, 3200): "alcohol (0-H)", v T

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,
1
—n

and extract their structuralinformation ~

Structural information from similar spectra

(3500, 3400): "primary amine (N-H)",
(3400, 3300): "aliphatic primary amine (N-H)“,
- | >
J X (730, 665): "cis-disubstituted alkene (C=C)", ve
qu.ﬁu Uil " (690, 515): "halo compound (C-Br)",
- (600, 500): "halo compound (C-)", v

Similarity Search

)

A
\M\)qﬂ’ 1) kk., . \
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=4 82

0.8

0.6

0.4

TRANSMITTANCE

0.2

IR spectrum of a molecule

INFRARED SF’ECTRUM

................

3000 2000 1000
Wavenumber (cm-1)

NIST Chemistry WebBook (http://webbook.nist.gov/chemistry)

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

|[SpOoW A

mﬁ

» Task: O|X| 22| IR AHEHOZ (Input: X) 2B 22Xt & (Output: SMILES)E 0|S5t= =X
I|E 2 Y
- IIefXE0| IR AMERO| IFE =52 = AEH5}, IR absorption table= ?[¢O = SiAd (>t 220 2|F)
. CHEEO| HAIZY B2E 27| (functional group) Z2E 20 SHPYE!

= /8H2 Transformer 7|8F2| sequence-to-sequence 2EZ0]| 2|&=

aoro

* B’

= 2ff O222}? AHEH EY0| SEOIL M= BN U

/|

ofl 40| Otz
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IR Spectrum 248 |5t LLM J|dt Agent Q30| QM

= IR ilI-IIEE-I '='k|9
. QU2 HEIPIAIZOIE £ TS STHOR vlesls 20 Fa

- 22 IR absorption tableZ A6 |3 {X|2EE |local substructureset #lAp2E 2et IHEHS F2
» Lot AHEH H|O[EH|O| 20N F2HO 2 RAfSH ZAIE HASIK global contextual cluesE €&

" IR AWEIO CloksH SfSH Mo b MZEl= BRIt B

|-CC)D =1 O =
- O ¥X} BF / EXt =& (scaffold) / Bt I+ &
- 2L} 2|E HES (Transformer 2[2h)2 O|2{et HEHE 6P| S&lot= O| o2 U2, 0|2 BrYsH | 2[6iM=
= 0] D, Ak, K0l ek

— LLM 7|8t Agent Z&||UQ(3A9| TQ X
1012t MEJo| EolM HM QI3 E2 02 AlSi

T H1 ™=

2. Ctefor ofobd YHE RASHH| S 4= UO{0F ST,
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Problem Setup

= JPY: 0|X]| 229| IR AHEHDILS ARSI SMILESE |
- AX| 2kt (ground-truth chemical formula)2 FOHX|X| o4&

= 9ff 2fetAE I1FoHX] 5017

- QU OIE |R ATET} S SIS SB1A0| SHA MBEICKT JPEIRIt
- AN oM = O|X| S22 gt 2fetAlE A7 oFECE

" 2efME Y170 EEEA(MS)0]| EHO = AFEE|X|E
581t A2t0] 20| A2
SR
eIt Bf8tAS ZEBHE 2 2| OIIS| 02t 2
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Preliminary \

= Tools

+ IR Peak Table Assigner: AHEZ0|N |35 =01 IR absorption tableS
J|He 2 HHAE BEAXE O

- IR Spectra Retriever: /= AHEZN QARSHR AHERHZ IR ALEH O

DBOf|A] HA4
Wavenumber (cm~')  Substructure
3700-3584 alcohol (O-H)
3550-3200 alcohol (O-H)
= 3500-3400 primary amine (N-H)
3400-3300 aliphatic primary amine (N-H)
= EXt erna I K N OWI e d g e 3330-3250 Alinhatic primary amine (N_H)
3350-3310 secondary amine (N-H)
. . == — 3100-2900 arboxylic acid (O-H
- IR Absorption Table: CIf3t £} Xtg7| /2 50] TSt W e
= P P o= 4 3000-2800 amine salt (N-H)
Ed 5o O HRE HElot B

. IR AHE DB: CIUSH IR AME2{7} 0|0 CHSSH= £X12| SMILES HEE T
K ° ° (IR Spectrum, SMILES)
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Preliminary

* |R Spectra Translator

il

J

N

IR Spectrum X

-

» C

- : a set of SMILES candidates

IR Spectra Translator

=M JHe| A4=Z(real-valued) IR absorption H|O|E{ZEE{ LLMO| 21T AME[E 4= = SMILESE =E6H= 212 (& 7| =0,

— |IR Spectra Translato

2593
= = O

C:{Sl,...

$

ot0] HX Efot X0| X S HE M6t 0|= O|F &% (expand)styl Hx|(refine)

9 SK} — TraDSfOImer(X) Train G|O|E{2 pre-train
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~
(a) Overall Framework Loca | o E
R Tl Expert
pectra Translator o O
h 4 P SE Expert
|m| E f |m| 4 Basedg on :
u ._. N | ﬁ TI Expert» “*Ret Exeprt»
— \J g = Generate
% Top-10 SMILES
Ret Expert J | Output SMILES
Q @ g 1. CCOclccc(Fecl 3. COCIC:CC Flec1/
0, 3 | % CcoeteeelOCeet ) ecoctcac(0CCicet
— ) =

(b) TI Expert ~ IR Absorption Table

Translator Output(C) & Table interpretation (3550, 3200): "alcohol (O-H)", v/ ———
. . (3500, 3400): "primary amine (N-H)",
Identify substructures that are present both in (3400, 3300): "aliphatic primary amine (N-H}"
the IR interpretation and the corresponding o« | — ' cos '
Translator Output ~ ‘ \ (730, 665): "cis-disubstituted alkene (C=C)", Ve
J LM}M \ﬁ e 7% (690, 515): "halo compound (C-Br)",
Structural information from the IR Absorption Table (600, 500): "halo compound (C-1)", v/
= |R absorption table2 A&t Local £& HEHE XN|ZSHH, structure elucidationd| SialX Q1 odst
Algda

0| 5 QMO 2 UBOIHM Peaks =0 | FSHH, Ol= LLMOA| =8 XQ1 =4

A0
= [[}2fA], IR Peak Table Assigner =15 28510 AHEZ0||A PeakS EX[S11, IR absorption
tableg 7|HtO 2 8T wavenumber EH2|0]| CHES}

rr
I
II
T
S
[l
OF
E

r
-
l
0

a set of SMILES candidates

At xpert = TI Expert (Pry gxpert, IR Peak Table Assigner(X, T),C)

Task-specific prompt IR Absoprtion Table
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Local @&

(a) Overall Framework Tl Expert

IRSTctra Translator Q | i Q SE Expert
Table Interpretation (TI) Expert M=
y—— Top-10 SMILE
p p T x.‘ E et Expert Jé‘ out utSMILESp = -
IR Spectra Retriever/Database Ial @ g 1. CCOclccc(F)ecl 3 COCICECC Flec1/
O @ = A | % ccoctece(oCChect 10. cCCOetecc(0CC)ect |
(b) TI Expert ~ IR Absorption Table
Translator Output(C) & Table interpretation (3550, 3200): "alcohol (O-H)", v =
. . (3500, 3400): "primary amine (N-H)",
Identlfy substruct.u res that are present b9th in T (3400, 3300): "aliphatic primary amine (N-H)“,
the IR interpretation and the corresponding o« | — cos
Translator Output ~ ‘ \ (730, 665): "cis-disubstituted alkene (C=C)", Ve
J LM}M \ﬁ e 7% (690, 515): "halo compound (C-Br)",
(600, 500): "halo compound (C-1)", v

Structural information from the IR Absorption Table

« But, IR Absorption table2 S-83X|2t H 7|8t sHAM0j|= 2Z2IXQ1 SHA|7+ ZX|
+ IR AHEH0|= noise?t Z2f= 4 RICH, 02| FE-127} FARRE wavenumber A= S/O
PY0N 22 40| Tl

« O|2iot QoM V2 2t21517| 2[6H, IR Peak Table Assigner2| 251 SMILES REE
H|Wol, 85 272 E A, 2t 0§A0| CHol 2HEet 2HRf e L2|E BB LE0teS
=L (e.g., substructure - conf/dence - brief rationale)

17| 20| peak St

R E j IHI‘ oH*‘l Ol *IEIAO-l 2 ool:Aol' ® For Fclcce(Cl)c(Br)cl
- 1 — C-F - High confidence - The “Fc” fragment indicates a fluorine directly bonded to the aromatic ring, matching the 1200-1000 cm™ fluoro absorption.
-1

— C-Cl = High confidence - The presence of a chlorine substituent on the ring is consistent with the halo (C-Cl) absorption at 760-540 cm
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Tl Expert

=

Ret Expert Output SMILES

(a) Overall Framework
IR Spectra Translator

2 SE Expert
5 || Based on
é -:ﬁ ‘ATI Expert» ‘ﬂRct Exeprt» c

Generate
Top-10 SMILES

Retriever (Ret) Expert

s 3 COcleeclFle c1v/

e=(0c ) 10. CCCOc cc(0CC)cc

GIobaI I*E
(C) Ret Expert Similarity Search
Retrieved SMILES & Cosine Similarity | |
ﬁ Analyze the SMILES of candidate spectra, ’ ‘4‘.“‘ |
O and extract their structuralinformation ~ | L T D g
WV A J J J o) ], -
Structural mformation from similar spectra Ay L
= TI Expert=22E ¥= Local 712 GHEPIO == 2ot ZX} A5 o[ 25
= Ret Expert= Cl|O|E{H||O| AO||A FAlRH IR AMEHS 2t= EX AR5 28510 global
structural context2 Xl& 2 Local substructureE HC} 240t EXF X2 914
- (1) HX ERI AHEZHD}H|O|EHH[O|A L 2= AHE™ 2H0| AR FAIES Aok

+ (2) O|F 71 Afet &2l NoHe| AHEZS ST SMILES 1222t eH| A4

{candiy : simy,...,candiy : simy} = IR Spectra Retriever(X)
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(a) Overall Framework Tl Expert

IR Spectra Translator o
Gy B
.
= €

-
Ret Expert

@ A

SE Expert

Based on
-~ c"ITI Expert» r/ch:t Exeprt» c
Generate
Top-10 SMILES

Output SMILES
3. C0c1ccc Feclv
1. CCOclccc(F)ecl

2. CCOclcec(OCC)ecl
10. CCCOCece(0CC)e <t |

Global I*E

-

-

Retriever (Ret) Expert il
=l

jadaxg ]aay, y1adxy I‘LH"

IR Spectra Retrie

Similarity Search

(c) Ret Expert |

Retrieved SMILES & Cosine Similarity |
Analyze the SMILES of candidate spectra, ‘ ‘-‘"{ h |

0 and extract their structural information ~ L T D \ VUL
1 I
UMJAJ \J B 4*/\. ‘J ‘J J l\u,)lj [ )
(Y

Structural mformation from similar spectra

Aret Bxpert = Ret Expert (Pret Bxpert, IR Spectra Retriever(X))

Task-specific prompt

lobal contextual clues X|&

All candidate SMILES share an aromatic core bearing a trifluoromethyl group (—C(F)(F)F), suggesting that the target compound
likely features a benzene ring substituted with a CF3 group. ... This pattern indicates that the target spectrum’s molecule is an
aromatic system with electron-donating and/or electron-withdrawing substituents that can influence IR absorptions (e.g., CF3
stretches near 1200 cm™', possible N—H stretches for amines, and C=N stretches). The similarities in the candidates’ SMILES
imply that the target likely shares these structural motifs with variations in the nature and position of these substituents.

* Ret Expert®| 29: &f?| 22 AME SMILESE AO[0|M SSH2E LiEfLi= 124 S8 28
g

o
- 22X} 2% X228 oIt

I — —
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Structure Elucidation (SE) Expert

(a) Overall Framework

IR Spectra Translator

->
->
->

IR Peak Table Assigner

- E—

8]

/IR Absorption Table
x"‘ —=

X §

IR Spectra Retriever/Database

Q B

s|ooL

IR Spectra

A

ASE Expert — SE EXPel‘t (PSE Experts »ATI Expert> —ARet Expert C)

« SE Expert= Tl Expert2t Ret Experte| =
- Local 2Xt X2} Global

N X|XX‘| OE

0!

HT

7

1radxy 1Ly

1adaxy JQH:P,

.

SE Expert

Based on
cHTI Expert c’qRet Exeprt C
Generate

Top-10 SMILES

Output SMILES

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

3. COclcec(F)eclv”

10. CCCOclccc(OCC)ecl
y,

SMILES candidates
from Translator

Task-specific prompt Output of Tl Expert Output of Ret Expert

SX 7AE BE S

37 KKl Ol|S&l 2 XF L220f| et &=

= Tl 22 21

7l E|AES

AHA
Q'O

XS D= J|HIOZ EBIHO| 11X X2 AsH




Experiments: Dataset & Evaluation Protocol

= 9,052 experimental IR spectra from NIST (National Institute of Standards and Technology) IR Spectral
Library

« TIX||/2HH|/7 X B= EE.F/ stereochemistry, ionic compound, mixture= H|2[SHX| Q42

- 2N 2 2E0 RAR 28E /A

= Knowledge Base: Training set
= Backbone LLM: GPT-40-mini, GPT-40, 03-mini
= Random Split: train/valid/test of 80/10/10%

» SMILESE InChl B0 = B8t 2 Top-K M= (K=1, 3, 5, 10)& ALl (FE SMILES?t Top-KO| ZSE|0{UE=X])
= SMILESE &2 X2tk o2 71X 2118 E3H0| 7Hs
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Experiments

*Single: 8tLI2| LLMO| 2 expert U&S stz =

Top-K Accuracy

03-mini

IR-Agent (single)

IR-Agent (multi)

Method Agent Top-1 Top-3 Top-5 Top-10
Transformer i 0.098 0.169 0.176  0.176
' (0.007)  (0.000)  (0.003) (0.003)
el 0.072  0.118 0.133  0.157
IR-Agent smgle 0.008)  (0.002)  (0.002)  (0.003)
(GPT-40-mini) " 0.093 0.152 0.167 0.176
it 0.005)  (0.003)  (0.005  (0.005)
sinole 0.083 0.135 0.165 0.194
IR-Agent sing 0.004)  (0.002)  (0.007)  (0.008)
(GPT-40) multi 0.093 0.153 0.177 0.204
0.007)  (0.005)  (0.005)  (0.005)
sinele 0.087 0.153 0.179  0.197
IR-Agent Sne 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)
|_ —t
= Transformer CiH| d= 24
] I_ -
= Multi-agent Z2{|2{3= Single-agent
H ol OoOAD Lo HOo
A HL} LA R0 = EY

. . (03-mini) (03-mini)
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 0232 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 0.252
u 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 0.250 0.278
ype (0.011 0.007)  (0.005) (0.003) 0.006)  (0.003)  (0.011) (0.009) 0.006)  (0.003)  (0.011) (0.009)
SIS MdH L ol =T EQ| A x
= ool HHE= agentE2 ZEIEN| BIAE HENZ F0}
Clot E re) o| slet A0 XI5 (| x
= ZICISHEIAE SHEfO| S5t REHDE XD BICELE (2 7
Hi>4 OkA A = X= p S =Are) = J}l=
AFO|L} Xhets Gl0|x) 22Xt 222 ELt J2IokH| 0= 2t
L CIokst & O| slolt AdHE=E ©04% ESskF A Ol
— O|= CIfot FERS| oot HHE R0 82 += U= agent
IIai|olo Olo| XX -HIt
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Experiments

Translator Output(C)
‘NcTcec(C(F)(F)F)cc1Br', 'Nc1cce(Br)c(C(F)(F)F)c1', 'NcTccc(N)c(C(F)(F)F)c1'

Tl Expert
e C-F group = High confidence - All three SMILES include a trifluoromethyl (CF3) substituent, which corresponds
to the IR peaks between 1200-1000 cm™ typically seen for C-F bonds.

¢ Halogen substitution (Br) - Low confidence - SMILES 1 and 2 show bromine on the aromatic ring, but the IR
interpretation specifies C—Cl; while both are halogens, the match is imprecise.

Ret Expert

All candidate SMILES share an aromatic core bearing a trifluoromethyl group (—C(F)(F)F), suggesting that the target compound
likely features a benzene ring substituted with a CF3 group. ... This pattern indicates that the target spectrum’s molecule is an
aromatic system with electron-donating and/or electron-withdrawing substituents that can influence IR absorptions (e.g., CF3
stretches near 1200 cm™, possible N-H stretches for amines, and C=N stretches). The similaritiesin the candidates’ SMILES
imply that the target likely shares these structural motifs with variations in the nature and position of these substituents.

SE Expert Y
1. Ncleee(C(F)(F)F)eclBr, 2. Neleee(Br)e(C(F)(F)F)cl ..., 4. Nedleee(Cl)e(C(F)(F)F)cl, ..., 10. Nclcee(O)c(C(F)(F)F)cl

= Tl Expert= Translator 221} IR table si40] 25 C-F A2 L2z 71237 | HE0| C-F 282 =2 A== = Tt

1

= BITH, Briit 22 P22l X|2te| ZAL IR table siA0j| A= C-Cl 20| HAZ|M B SFSOIEE &2 AZ|== T
* Ret Expert= e 2HS AO|0|A CR32t X|2hel #il 02| S X[ Q! 22X HE[Z = A-Eeto =) global WS A



Periodic Complex Stochastic Processes
for Retrieving Atomic Structures of
Unknown Matters

Under Review

Gyoung S. Na, Chanyoung Park



= 21 2= 2X| (Inverse Problem)

H
. 3
o Al

L

» 12H B35 (Ambiguity)

- T peaks #AE 20| &

. FH| HEIS B3E{02 oot 2

= Mz 9| Eeld (Aggregation)
- Spectrum ¢j2{ Tz BE AM5O| &t
- 2t 8l 5 ZH0|| = Hat et
- Noise & 54 @X EX

T2t 22|= B3t 0|0|EE AIZ O{EH| BEI2IsHof st

“" st Inductive bias?t ZQ

1. M8 oljA nPE S 22 SHXF > IR-Agent (ICLR 2026)
«  Spectrum2 =271t §1= A= (local + global pattern)
« Reasoning 242 Sl5okAL

2. Spectrum?| 4i’d HAHL|ESZS B2 SkXF > PCSP (Under Review)
« O3] ZIE BEQ| M0 FHE ALt
« AHEZHO| MY Mt (generative process)=2 ZEZSIA}
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PCSP - Motivation

= Spectrum T equilibrium stateQ| Z1P} OLIC}
" 2M|E= "FI|H 2= perturbationE 0=IE1 TES2| EE 0|l LI2Ck
> 5, &5 HO|El= perturbed state=2] He! (02 =22l EP H0M 2[5 20| 2S0{g)

Energy
b ) \
\ G & S PO N 1
ate- Periodic quantum s >d 3 p¢ T |
mechanical perturbations | *“_* I . & o =T TN

? ? R an B4 S o4
. .o . g \-‘\,))) ; ‘ J\"} J
43 .\NO , Perturbed atomic

0
Unknown H|y(t)) = maw(m structures
matter /

0

Underlying nature Obsierved analytical data

= J|E=Q471: Perturbed statesE FA[0t11 equilibrium statet shs
= 2 Q451 Atomic structure embedding= periodic complex stochastic process= 2
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=4 82

Spectrum

v

Cross-modal

Retrieval

= Task: =0l Spectrum H|O|&0]| 717 Sf= Molecule 7= 57|

Molecule

@)

. O .
009
@

Retrieval Task Dataset Input Query Target Data # of Samples Data Source
QMel4S-IR IR spectrum Molecule 186,102 DFT calculation
Sequence-to-graph | QMel4S-RM Raman spectrum Molecule 186,102 DFT calculation
information retrieval NIST IR spectrum Molecule 8,832 Experiment
OpenXRD X-ray diffraction patterns  Crystalline material 872 Experiment
Image-to-graph 2DNMRGym NMR scattering image Molecule 11,825 Experiment
information retrieval INS-MAT Neutron scattering image  Crystalline material 9,928 DFT calculation
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Overview

= UXfet Mo = TIE2 FI[HO|7| MZ0|, 7|8 = o= stochastic processE PFEAT
p(xt|xt—17 '“7X0) :p(xt+L|xt+L—17 °°°7X0) ( : T7|

" 0|2 B4 520N H2| & Periodic Complex Stochastic Process (PCSP)
- O|H I XE SAHHOM 22 2|HAZ| 1, HY|of| M &EX TIsS Tt 2 E

120 = L. O
= HA AL
_ ) 2 2 2| X0l Ef%“SE 77| 25H A A
Sy = UpSp_q1 + 1—a?)e
t A|F2| perturbed structure O™ HEHE S Al o 2 2T t = XtSe-1 TY /( £ )€t

ing (BAX HIE . N
e L e ) a, = e =cosS +isind (BALHOAM S|TIA- @UE{ ZA) § = 27/L

L stepOiCt oH[R| £= =

. Algorithm 2 Information Retrieval Process of CVCR
u CrOSS_mOdal Retrleval Input: analytical dataX,

periodicity criterion 8 € {0.9,0.95,0.99}.
Output: index of the retrieved atomic structure j*.
for A € Dy do

Z0,21,...,21—1 = Normal-PCSP(ha(A),8) «— LI{2| perturbed embedding 244
7z = ZtL__Ol atit
S = S+ [hg(x) -z] // Append the calculated similarity.

end for

Return: argmax S 48




Future work: Multimodal Spectroscopic Data Modeling

= J|Z A= HEE R / NMR / MS & 3Pl 8t AL (single modality 7|gH 2&)
» SEX|TF K| 2fStXFE2 0421 spectroscopy HEE SA[0|| AIEOHA FL2E F=

« IR = functional group
« NMR - <L skeleton

« MS - molecular formula

Overview of the data available for the different modalities.

Modality Subtype
IR Spectrum

Spectrum
TH-NMR

Annotated Spectrum

Spectrum
13C-NMR
Annotated Spectrum
Spectrum
HSQC-NMR

Annotated Spectrum

Spectrum
Positive MS/MS

m/z Annotations

Spectrum
Negative MS/MS

m/z Annotations

Data Description

Vector size 1800: from 400cm™" to 4000cm™ with a 2cm™ resolution

Vector size 10'000: from 10ppm to -2pmm with a 0.0012ppm resolution

Start, End, Centroid, Integration and Type of each peak

Vector size 10'000: from 230ppm to -20pmm with a 0.025ppm resolution
Centroid and Intensity of each peak

Matrix shape 512x512:

TH-NMR-dim: Vector size 512: from 10ppm to -2pmm with a 0.023ppm resolution
13C-NMR-dim: Vector size 512: from 230ppm to -20pmm with a 0.488ppm resolution
X, Y coordinates and integration of each peak

m/z & Intensity of each peak

Chemical formula corresponding to the m/z of each peak

m/z & Intensity of each peak

Chemical formula corresponding to the m/z of each peak

(NeurlPS 2024 D&B Track) Unraveling Molecular Structure: A Multimodal Spectroscopic Dataset for Chemistry
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Outline

= Agentic Al for Science
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dreto| ZH: OIZL|E HA

O = L.

" Ifel2 2= HIO|EH=5FE X|Hf &°84(Governing Equation)& E245k= 2K (6. F=ma)
H A S|
A

—
= X|HH EEHAIS A|AEIO| EXIS 8| JH53810 (explainable) YIS} Obsd Pll(extrapolatable) pager
= A0 Al2| gtk HA| e
+ AlphaFold, ZAt 24|, 74l AlZ2|0[d SOIM FHOI 84 AlphaFold = S —
° IE'I I_l' E&IE.'I% j |I|:|_|- Al L EXEIEQE y e f@ (x) (Predictiv;ProteinFoldingwithAI) i —: e _'@ CFDformer Deep Learning Solution
o o @) DeepMind — - a»
LIS BHIZ{LIZ o] 01242, 00D kst (ot X S —

~> Rel= Vg=itt o5 220| OfL|2t "Ifet Hals AAZ BHSH= AV ER
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Connectionism vs. Symbolism

= Connectionism
- JHESIH FH BAL
- O|E=Z8E IiH st

L- 1
SEA =
* OFT_:L*|'3*|:I

[
— L =
+ Ze SR SauLs
Dendrite

Axon Terminal

Node of

, Ranvier ©
Cellbody o myoh

Schwann cell

Myelin sheath
Nucleus

Connectionism?| E¥121 + Symbolism2| sifAl JtsAd

» Symbolism
- A =2
- GAH A H

. A2 IPH0| M |

» X[HH A ZAL

Decision 4%
Node /

@ 3

\

| la/e'.:,wt
\

<60 >60

il i

~.

( Low Risk )( Hich Risk )

v. «

Leaf Nodes

=
o o
XX 0424
= T =
Root Node
-~
Ar:e |
' i \)30 ‘ Sub Tree
18-30 : '
+ /\L
N ‘ Swmoker
Low Risk : \ £
—— 7
no

yes

ol el
J /\-L::ov R".st:/ / (\‘r{fh R‘Sk, /‘\

Unders‘tomd‘mg the risks to
prevert a heart attack.

@)

- 2 7595101 Extrapolation 2t X|HH 4] 24

= L.
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(ICLR 2025 Oral) LLM-SR: Scientific Equation Discovery via
Programming with Large Language Models

5t O|0|E 2 [Ht XX} + Evolutionary

27 %
- Given: (xl yl)

o
. = cr*3| oﬂx EHQ OtE= | OtL|2t, 22|X 2|0|E JHX|= Al XHH|E E2ist= 25|

=, = == |__|_
= 0J|A|: Material Stress Behavior (A= S=-tHA=E 21|
- Given: x = (HHE (¢), 2 (1), y = S (0)

- Output: f: (¢, T)—0
- HAE 4] Of|A]

o =Eye e+ Bed
(2= o|E Hjdy %E" B{S{S (stress-strain) &)




~

o ——

e —

-

LLM-SR: Overview

i i i e e e e e e e e e e e e e e G R e e e i e

» Step 1: Hypothesis Generation

def f(x, params):

T T T I T e

T—— <:> Hypothesis return params[@] x torch.sin(x) + params[1l] *x x**3
Specificat Genel’ation #1 E
N 2 4 . SAlo| JLETHAA (4= placeholder)
R P}y LLM = — E . O|™ &=l AIE in-contextZ X2
[::FUJFQUHHPOHE O s ] g . .
v = Step 2: Data-driven Evaluation
] Fetch (©) Experience \\ / (p) Data-driven \ Score= MSE (y — y)
Experience Management | ! Evaluation !
| B | « A0 X = LLMO|, s=X}= optimizer
E ) E . | i e = =] il oo i (tO rCh+Adam)7f j;ccl-%
xperience 1 1
E i — | T D MZnager ‘, ! - = G IZI : .
— W S ol i megi: 1 = Step 3: Experience Buffer
Island#l  1s1andi2 [ Experience E i y*t‘y ZZZ:Z:*Ea};S:‘L i o A o u N
Butfer ; LN - 2 AEZ bufferd] H%& ( bl EE)‘H)

_________________________________________

« LI prompt0]| in-context exampleZ X|&
- LLMO| Mutation + Cross-over
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LLM-SRQ| sHH|=

= LLM-SR: SFLIC| LLMO| 1) IZ 34 MM, 2) A X5t 3)|4= X &3}
|
« 1) Program(text) 7|2t EAHO| SHH|: LLM-SR2 =AlS text program Q2 A4
- search space H2| =32t
- systematic symbolic search 27t=
- sampling 2|2t &M
- 2) LLM prior &&
+ LLMO| ojs58t 44 HEf= = %t
» LLMO| H 2= A|ARIO|M= B 0242
— A LLMO| 21 Ql= A S =
» 3) w12 S A Z2A0| HES
- T3] prediction error £[42
H

— 00D extrapolation Z|f



Aol sl (i e 2eis o
NRISILIEL 218 0] £ 5 +8 sisic el el
’él':h_l-()ﬂ’_f ﬁ—.r_—7l7 X*O?I ‘—[|Q_ '._ x||:|»0|

Machine Collective Intelligence (MCI)

Hyac
= 1) Abstract Syntax Tree (AST) 2|2t 4| T @}\ '?, ) =
- =AZ AST (Abstract Syntax Tree) 1X = HH ] ‘g Q 3 I %
— structured symbolic search b= 2 il
= 2) Multi-Agent Collective Exploration
- Tl | | MO| OtL|2} 0424 reasoning agent?} 3 J 1 AlA
° *-IE l:l-: —l—jl j|-A-| - EI‘AH E—l’%l:)g ;Sjl' (Ejg Prlor J_l—xo-l X) Informal description of scientific knowledge

PDF of an exponential distribution with rate A > 0 is f(x) = 2e=** for x > 0 and otherwise 0.

u 3) O n |y Qxl- $|i§.|- - gxl- Dil ?‘}_ _$_|_+_§.|- + AE-I %' j |-%AC_)| It starts at £(0) = A and decreases monotonically, capturing the idea that larger values ...

- AST (Abstract Syntax Tree) ?|2F XD} (Z[0]: SRE) l 1
(a) Knowledge as a program (b) Knowledge as an AST
| |
S(ASTk’) D) — Z (ZJ e ASTk (X) ) . + dk: + ]\/[k: ge;:g:?st;:gﬁ;i,(:irilb&éﬁned only for non-
(x’y) E'D ;igjtgie values.
return 0 n
else:
d:AST depth, M: Num. free parameters e e EENIETS
# 2. Compute the exponential function
o - exp_term = np.exp(exp_term) } e
- best 4] - QI SA] - XIQ10] XA O 2 et (RE agent?t BR) oot on e [-] |

— prior HPZ FOIOIME HEIH 7 8 Jls
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MCI: Overview

Agent group

P: Problem specification

A,: Reasoning agent#1  A,: Reasoning agent #2

Ak Reasoning agent #K

(1) Complexity-aware evaluation

Mathematical function for calculating q e q e Q e - -
the acceleration. S(ASTy, D) = —{ZM, (v — ASTie (%)) + d + My }
| . y - o . Fo- — - F - (ASTy, D) 21_1(}’i x( i)) Kk k
x: observations of the current position. [
v: observations of the velocity at the : ‘ N ‘ S\ { \ o =
current time. | ° | L. | L. | 1S 1 1
| | | L[ | a @ ... | @
i 1. | | | —
#¢: Initial hypothesis i AST,  code; | . AST,  code;, . ASTy  codeg | Reasoning Reasoning Reasoning
| RS s S s o g agent #ig agent #ig_, agent #i;
def equation(x1, x2):
Args: ... .
Retrun: ... EEEE—— P, Jt: Problem specification and initial hypothesis Apest: Current best agent
/I Initial hypothesis s -
= o (R, frest): Collective knowledge extracted from the current best equation »
i L A e A = Discovery score
(3) AST generation (2) Knowledge accumulation
1@ 1@ 1@ . Collective knowledge ) o
AST updating prompt Domain-specialized Knowledge extraction prompt
<role>You are tasked with 5 7 (PamPino cosfciont) e
Reasoning Reasoning Reasoning discovering mathematical Proportional to the velocity-dependent : <role>You are an expert in DOMAIN.</role>
agent #1 agent #2 agent#K function structures for damping force. . e <context>
! | | scientific systems.</role> -'k* (Damping coefficient): e t e
¢ * ¢ <context> < Proportional to the position- i SRR 8T s
: dependent damping force.
code, code; codex Collective knowledge P ping fort : Prior Sconind>
* ¢ ¢ - The final acceleration is obtained by knowled <« Stask> : ; _
e applying all correction factors to dvdt nowiedge Analyze the relationships between the input
<task>Update the current e and output variables of the equation
a me . e '] .
function beIOW to ﬂx the Context funct'on,‘and explaln them from the
overestimation (or oD s s gzrass;:(ictlve of DOMAIN.
i i a =r sm(wt) —av™ — xv —oxe
Updated AST, Updated AST,  Updated ASTy L

A




Result

Problem

GPlearn

PySR

LLM-SR

MSI

MCI

Chi2PDF
NOSC
NNN
MSB
FHST
BDC
SFL
NOMC
ECBG
HHM

0.6629 (+0.0020)
0.4159 (+0.0009)
0.5049 (40.0356)
0.1962 (+0.0206)
0.0820 (+0.0202)
0.0989 (+0.0044)
0.1844 (+0.0097)
0.2638 (+0.0220)
1.0087 (+0.0079)
0.5949 (+0.0048)

0.4656 (+0.0184)
0.1713 (#0.1741)
N/A
0.1613 (+o0.0101)
0.0783 (+0.0091)
0.0149 (40.0000)
0.1199 (40.0047)
0.2031 (+0.0001)
1.4973 (+0.0001)
0.8869 (+0.0129)

0.0275 (40.0041)
0.0276 (+0.0032)
0.0048 (+0.0017)
0.0401 (40.0045)
0.0117 (+0.0010)
0.0154 (40.0038)
0.1131 (40.0202)
0.1823 (+0.0167)
0.3182 (+0.0875)
2.24E-7 (+1.58E-7)

0.6915 (+0.0838)
0.0642 (+0.0062)
0.0538 (+0.0070)
0.0791 (+0.0084)
0.0674 (+0.0066)
0.0137 (+0.0045)
0.0821 (+0.0076)
0.1658 (+0.0147)
0.3460 (+0.0151)
0.0004 (+0.0006)

2.23E-6 (+3.13E-6)
1.01E-6 (+2.83E-7)
0.0015 (+0.0002)
0.0281 (+0.0033)
1.25E-7 (+1.77E-7)
0.0083 (+0.0021)
0.0431 (+0.0012)
0.0609 (+0.0052)
0.0581 (+0.0211)
7.21E-8(+5.46E-8)

. Problem Name . . . .
Domain (Target System) Input Variables Output Variable  Governing Equation
Chi2PDF [34] e z: Data point Probability 1 (k/2)=1 —a/2
(PDF of arbitrary o k: Degree of freedom densit; ok = m‘”‘ ¢
chi-squared distributions) Foee y
NOSC [24] e t: 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 e 2o: 2nd model input Model output two hidden layers in Eq. (6)
with sigmoid activation) 2 P Y’ k
MSB [35] .
(Strain-stress relation o T Ten.lperature Mechanical Unknown
. . . e e: Strain stress
in a metallic material)
FHST [36] ' ' o & Volul:ne fraction Tota} change AG,. = RT[£lng+vIng + xé],
(Flory—Huggins equation e N: Chain length of Gibbs free N
.. . where R =8.314,T =300, =1—¢
for polymer mixing) e x: Interaction param. energy
BDC [37] Six measurement Discharge
(Lithium-ion battery) parameters capacity Unknown
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] . . .
(Chemical reactor Six engineering C, conversion
s parameters . Unknown
for non-oxidative . yield
. (pressure, time, etc.)
methane conversion)
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)
. Escherichia coli) e pH: pH level
Biology i 30 Five biophysical
. [ ] . tve blopaysica . Differential equation for
(Differential equation for parameters Rate of potential .
s . Hodgkin-Huxley membrane
membrane potential in (membrane potential, change potential dynamics in Eq. (77)
Hodgkin-Huxley model) gating probability, etc.) S

I__I_
NS OEE 6%“8
E—I—
y =0|

Chi2PDF

Ground-truth:

1
d - (k/2)-1,-x/2
xk = k720 (k/2) * g

LLM-SR:
1

d —
i (1/10.3298x| + 0.3428|k| — 0.0758)v2m

MCI:

e—9(x)/2

max(x, _0_0123)(k/2)—1 e~ max(x,—0.0123)/2

1
ek = 2K/2T (k/2)

ion0| LE4X|X|

NOSC

Ground-truth:

a = 0.3sin(t) — 0.5v3 — xv — 5xe%5%

LLM-SR:
_0.18365sin(t) — 0.1378v — 3.0572x — 1.4857x>
- 0.6086 — (—0.2001 + 0.0734 sin(t))v

a= (d_li -0 0002xe_°'°°°4x) e—0.0004x
dt '

<HOfH 2

— T

> 58



Result

<HTIH™Ol =4l ypdate 2> <Qut-of-distribution>
. _ 4, ( )-1,- Chi2PDF NOSC
K=1 0 POF: e = 2k/zr(k"/z)x Katemx/ 10° 107!
0, - "G = 6)/161] B Zz 10 10 g o :
k= — 2 . _— = = = 10 =
(1+(x 93) /(k+92)) i 0.8< Slngle agento.” e = 2 510_4 § 8%
K=10 | *—l'— M= I—IX—” — k=30 ~ 6= -
- w 0.6 ofe)
—6;) 65 v = — K=40 In-Distribution Out-of-Distribution In-Distribution Out-of-Distribution In-Distribution Out-of-Distribution
d,r = ndtr > +6, s
: RN 204 — K=50 FHST ECBG HHM
K =50 | u 10° i w -
(01 x—0-)2 | 0.2 A‘\——\_\ < _ < 100 b 102
_ +/02k/2me (612-65) : §10 2 z z
kT 00,0,e02k/2 00 - : \ S10-4 S g107*
i , . 60 80 100 @ & g
Iteration 107° 1071 1076
In-Distribution Out-of-Distribution In-Distribution Out-of-Distribution In-Distribution Out-of-Distribution
I onN [ Liv-srR - [l mcl
K=1 K=1
_ | _ o Ex L old = :
dy, = cauchy (i n Zi) (k + 6,)elf1l G |f1;2)2 \ dyy = cauchy (i n zz) (k + 6,)elf1 C fﬂz)z D N N_ —C:l Cl)o DO“*l : Ex_ll-_ _|-£x-”0-|”*-| i|-j.” fa I |
LLM-SR @A| OODO||A @ A 52
K =10 . K=10 :
ez LT PN SRR AE > 7|& Y1E2 Extrapolation0i| &I
—Us 3
. Wi MCI= 6] 00DOjIM 7|E HCHH| 2 9Xf
HF re) ol 1= OI=
dyek =‘z—k/zrl(k/Z)xz(("/z)‘”e-xz/2 dyk =_2k/ZF1(k/2) max(x, §;) (/21 g= max(x61)/2 __l'l'}—x—-ll I:I|=|-|j£l E?_:l / |I|:|_|- EE’C—)-' jo|-°|_|' 00D EHLl'Ql' oo I:’S

Kot HE2 HE equation?| Sl 1E Hets| B¢ )
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Introduction

» Task: General Molecular Question Answering (Molecular QA)
- Drug-Target Prediction Task / Molecular Captioning Task / Drug Toxicity Prediction Task

] j |_;F_ HH:H' Domain—speCiﬂC ﬂne_tuning What proteinsjst?rme molecule CC(C((Q)COINC most likely  Q
- &8 Task-specific performance g / Molecule-specific reasoning ?t& R %aaammmc
- oHA|
. HEE LM 5% A 95 e uning 25 B S
- XSHOE dkl= AR/ =5 XA Y 0243 > S EGRE )
- General$t open-ended scientific reasoningdi| |2k @b @C:$4 /
= Alternative: Retrieval-Augmented Generation (RAG) =
- RAGE fine-tuning gl0| 2|F X|AlZ inference A|H0|| &8 Jts <Drug-Target Prediction>
- Challenge
+ Query moleculeO| DBY| QI8 7tsd =2 romet | ——— PRRRTORY ——— | Fesponee
. Multi-source E8 @ (2|8 HE= Multi-modality) |

- Real-world task&2 Open-ended reasoning 2 . =

<RAG> 61



CLADD: Overview

= 2X| 1: Fine-tuning §!0| drug discovery task& & = QUE=2F? - zero-shot2 2 &
= 22X 2: Query moleculeO| knowledge base0]| 91 Il O{EH| & ZQ17}?

— Anchor drug + structural similarity + 2-hop KG reasoning
= 24| 3: Heterogeneous biochemical datag & &t ZQ0}?

— Multi-agent collaborative reasoning (agent?} &gt &)

(a) Molecule Understanding Team ]_
Provide top 3 proteins . .

L= . J Activated Proteins:
(o g Annotation 0 most likely to be activated by —
Gef——| Database - { CC(=0)NCCC1=CNc2clcc(OC)cc2 'Ir. ” = |=—| =y ([OPRD1, ADRB2, OPRM]
o-© ' MU Agent Report
s O% Graph 7 IE = || M
oo % p Planning Team Knowledge Graph Team

Captioning O O Prediction

3 ) - 00y & >3-

o)
Available Data and Tools MolAnn Planner KG Planner Relevant o-° (o] DrugReI Agent BloReI Agent Reports

Data and Tools




CLADD: Method

[ (a)

Annotation
Database

LS
CLT

Ej
(Lt

Knowledge
Graph

0 >0
°Oo
OOO

Captioning
Tool

i

Available Data and Tools

(b)
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Outline

= Fragmentation 7|2t Molecule Representation Learning
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7|& 9131 Atom-level Modeling ”\ o

- Xjo| 22|/3f5H HHS electron-level (FXDO ZHE >
E 3
= SHX|2H, 7|E e BXPEES atom-level (RXNE 1 ) Sy

Representation learner

=4 J
y=(fo g)(?)
T
oxlo| Sapspely  EXMS| FHAH 2E
MEIS HArSHS BHa

« J|& 1= g(E)7t 2Xt2] atom-level L= Z approximate0| HsSICHE 7P FX|TH 11 PH0j|A HE Q| &4 Hhl
- TIXt =& (electron-level) HEIt 2Xt 2742 Bok=0|, X St X0z TXFALHDFT §)0] HF H|A

TR ALt §10] HXfeE BEE 2RI 24 248 IS0l 28 = USIN?
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Fragmentation-based Molecule Representation Learning

= Y Idea: 22 ZAL| Tt HEE EEolA 2 =AIS OloorAt

Decompose (Junction tree) g ; ?
k E {€1, &2, &3}
Order-invariant K-th electronic
Representation learner Representatlon learner substructure
v y
— O
Y (]: g)(]?) y=(fo G)({QL(gl) . 90(€K)})
T
2xtol g2l/apetsf AR =xto| 2a|/5k8HE
SES ot w L ISt Bt
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=4 82

= 2 H: Real-world molecular property prediction (X} 24 0I%)
- MXt =F(electron-level) §EE 11249t molecular representation learning

* |nput: atom-level molecular graph (2D #£X)

= Qutput: 2EA o= 2=EE EX =4 (solubility, toxicity, pharmacokinetics &)
&Q o Machine Target molecular property
\/[K/ Learning (e.g., Solubility, Toxicity)
) Model
O’
a

2D molecular structure
(SMILES)

* Fragment-levelOjiA Alttel TXHEEE 2 25| X101 2ee + U=21
— HedMoL (KDD 2025)

* Fragment-level2| TXt HEE O[&dH TH| EXte| s AT WX}t Hoig =Y
— DELID (ICLR 2025)
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Introduction

= i) OLOIC|Of: M| =Xt At 2 = fragmentl| TA SEO 2 A} IHSOILL
- Step 1: Substructure Decomposition - 2 2Xt& &2 fragment 2 &0
- Step 2: Electron Feature Retrieval - 2t fragmentd| Cisl 2| DB (QM9)0]|A] 84X} HE-Z retrieval
- Step 3: Hierarchical Representation Learning - atom-level + electron-level representation= 2%

Step 3: Hierarchical Molecular Representation Learning

A: Atom-level : Yo Embedding  H,: Atomic node Readout operators
molecular structure Ga: MAGISES N graph network for G embeddings - N
: > _ vyl g
Zg = Zi=1 a,i
O/N . B J— d y
- ; Al B Target
| I:I:D L = Xi- o molecular
""""""""""""""""""" * . property
Step 1: Substructure Decomposition Step 2: Knowledge Extension a;: Electron-aware | ey layers
S 5, | ,: Embedding attention score
1 Ss | IAL i 52 s, network for G,
i i Extsai Attention layer ]
Decomposition(A) = (R, U,) : database |

___________________________________________________________________________________________________________________________________________________________________
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QM9 §|0|E{e| Electron-level feature

Category Feature Name Unit
HOMO eV
LUMO eV
HOMO-LUMO gap eV
Zero point vibrational energy eV
Energy-related feature Internal energy at 0 K eV
Internal energy at 298.15 K eV
Enthalpy at 298.15 K eV
Free energy at 298.15 K eV
Heat capacity at 298.15 K eV
Dipole moment Debye
Polarity-related feature Isotropic polarizability Bohr®
Electronic spatial extent Bohr?
Rotational constant A GHz
Other features Rotational constant B GHz

Rotational constant C
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Result

= oI5 CllOofE 2715 E2[0HH oS g==5 ot

=1 — O™/ E
Lipop ESOL ADMET IGC50
.. 0.80 + 0.95 +— 0.88
o) o) o)
$0.75] £ 0.90 $0.86
© o o
© 0.70 © T 0.84
,8 0.65 - E 0.85 ﬁ 082
§ 0.60 & 0.801 & 0.80 5
[0} o o o
§ 0.551 S _— g 0.78 5
% 0.501 A 2076 2 0.60]
I3 s 8= (a5
0450730 40 50 60 70 80 °’% 30 40 50 60 70 80 7’0 30 40 50 60 70 80 %5% 30 40 50 60 70 80
Ratio of the training data Ratio of the training data Ratio of the training data Ratio of the training data
== Dimenet++ =de= PhysChem =&= M3GNet =@= GIN EGC =ill= MPNN CGCNN =¥= SchNet == MEGNet =P= UniMP == HEDMoL

+ 3} CO|E7} B2 77H20~40%)0IAE HEDMoLO| CHSUES| SMKICt &2 R2 52 QX[gf
- CIO[E} HESH AZOIME FIAL Y 0] SO R AESS HOiE.

o
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Result

A: Atom-level

molecular structure

G4 Molecular graph

e s

Step 1: Substructure Decomposition

Step 3: Hierarchical Molecular Representation Learning

. Embedding
network for G,

H,: Atomic node
embeddings

Readout operators

T

-
— Zlﬂl
a1 Ha.i

A 4

sl | e
SNDA

N

Step 2: Knowledge Extension

S S
lm

Decomposition(cA) = (R, U,)

External
database

S
& ®e
G,: Electron-derived
substructure graph

.. Embedding
network for G,

A 4

— yl4l
- Zi:l aiHa,i
J

4

a;: Electron-aware
attention score

1

Attention layer

A subset of QM9 (molecules with six or fewer atoms)

Dataset C=3 C=4 C=5 C=6 C=7 C=38
Lipop 0.732 (0.037) 0.723 (0.053) 0.735 (0.047) 0.736 (0.030) 0.738 (0.040) 0.736 (0.037)
ESOL 0.914 (0.018) 0.911 (0.016)  0.915 (0.015) 0.915 (0.016)  0.916 (0.015) 0.914 (0.019)
ADMET | 0.867 (0.007) 0.862 (0.015) 0.868 (0.012) 0.861 (0.010) 0.867 (0.012)  0.865 (0.014)
IGC50 0.829 (0.017) 0.833 (0.012) 0.828 (0.016) 0.835 (0.017) 0.825 (0.018)  0.831 (0.016)
- 2|82 ALt O|o|EH[o| AL Xt 37|(C=3~8)0]| LI2} 45 M2t He i
- QMI0]|X| &2 EXHEA}L 4= < C)8 FSoiT o= g=tot MEtXo = O_PE;’%*EE FXIE.
- CHEE2| H[o|E4loflA |11 50| £ Cof| ITH=[X| 4=
~ Q|5 DB 7 2E 3| 52|X| otz T HAF Y 2H0| IS AlA}

A 4

Dense layers

y

Target
molecular

property
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Introduction

= AEEl fragment X HEE 7O 2 TX| EX[e| TXHA MK} AE[E diffusion 2 S3

- Step 1: Substructure Decomposition - 2 £X}& 22 fragmentZ 25|

- Step 2: Electron Feature Retrieval - 2t fragment0]| Cisl 2|F DBY|A HX "E

£ retrieval
. Step 3: Self-Supervised Diffusion - Diffusion 2fA1Q 2 x| £X}2| MXIHE =&

a. The overall architecture of DELID b. Self-supervised diffusion process to estimate s,

. s 0 o Diffusion process on G
J.k 9 LL gy )“‘NN‘ G
p(Ge-1|G
WKK S O @_,@ (Ge-11Gr) =@_’
& 7 process on G,

Diffusion process on s U

Decomposed molecules: G Self-supervision Original molecule: G

labels: Gy, ..., G f(@) p(Se—1]5e)
\ 4 e st > st—l ann @
Incomplete o Complete Y(s; G) - _
electron-level 4{ rc?clg::lcc:rr:s J—» electron-level 4{ Pf?gg’ :‘_r;(()geGl') Incomplete
information: s P £ Y ’

information: s,

Self-supervised diffusion: Complete

information p(Gy—11Gs; Go) = p(Gy_y|Ss; Go) information
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Method

= Motivation
A2 fragmentQ| FX} ME = LT AHFH, TN 22X | ™At HElls O S8 > thed| fragment MEEZ2 20|H 825

S22t (noisy) fragment-level MXt HEE HRIHO Z HHH[SHA, X.WI SXte| MKt AEHE E/6H=E 2P
ST Go So
» DELID= forward-electron diffusion §{0|x, graph diffusion= teacher2 &0} KL &2 S5l reverse-electron
diffusion=S gk

a. The overall architecture of DELID b. Self-supervised diffusion process to estimate s,

Diffusion process on G

O.j\ i _)N\\ [L — /k \T)\/k [ p(Ge-11Gr) J
S e J @—- @

n A - ol 7 71} 0424 ol !
Decomposed molecules: Gy —— Original molecule: G Diffusion process on s EXI' OI-EHl_ i”—XL % |E_'I -'-Pgi-f I_:| EElo-I M"_‘l-
labels: Go, ..., Gr F(® [: . p(Se1lse) . .] > xljxr gl'EH: —_rl'_ng *E'“:cl;ioal' _)IK_ %{O—I |: OH:l'
:nC:) rT‘lplletel Diffusion" ICC;mpltIate | YEo Incomplete Complete
electron-leve ‘v‘ i—v electron-leve ’ i iffusion:
information: s process on st information: s y=f&)+9(s6) informztion p(gt ilhzl:pgg S:g((z;:f_ujscz ?Go) inforn?ation
= Forward Process (so=2 s;/ Gy~ G7) = Reverse Process (s> s;)
.+ JHgEo st FHole TR AENS B =olot 2 OfLjzt D24 2ole Mus 4 9l
= I-A
. so: FN| HXt HME (latent) / sp: Fragmented ! FXt HE (21X) latent= =15
T T
« Go: el 2Xt () / Gr: Fragment decomposition 21} (25) > log p(si-1lse, G) > ZEq(GMGt) log p(se—1lse, Gr—1)] — > Drr(a(Ge-1|Gy)||p(Gi-1ls:))
t=1 t=1 t=1
- graph transitionO| H& £
- electron latent 7|82t transitionO| O|& ZA} 75



HEDMoL vs. DELID

Motivation: X}z 28 AlLt §l0], electron-aware molecular repres.entationE E.'_fg [
H2H: fragment decomposition 0|2 O|E2| MAPHEHE 2|5 DB(QMI 5)0f|A] =
- Fragmented HAPIEE & Z3loliEA}

HedMOL DELID
Step 3: Hierarchical Molecular Representation Learning DifoSion process onG
mc:fgcﬁlt:rr:,_tﬁgre G, Molecular graph lﬁ.t\Emll:fgfi(?g = -rﬁéorgélngd Readciutoperators [ ..._’@ p(Gt-11Gr) =@_’ j
. i i ) ' I:l:l:‘ Ty = I el (:) .
Q/\ | 2= 3 ity m;a;gjfar Diffusion process on s Q
i Step 2: Knowledge Exten o;: Electron-aware Dense layers Prepery t—119¢t
s:ie,:ﬁubstmcm:oemn;p i | . @_'4’@ p(Se_1lse) @_’ j
SR . network for G, _|
m/o ol Exteiﬂ . CE)I/tO\dO 14,“—{ Atentonlayer | Incomplete Self-supervised diffusion: _Complete
| Decamposition(A) = (R, U,) database  substructure graph information P(Ge-1|Ge; Go) = p(Ge—r|Se; Go) information
* Fragment 7|29 2 DB retrieval 0|2 X} featureZ * fragmentOijX| @2 local A FES J|EHO=,
Ol 2% - TIX gE+= 0[0]| EXHot= ﬂl TN =Xt At JERE HEIH 2= FXoh 2= 248
- MXF AH=
" BFR: TIEJ} CRASET 8HA0| OFYT / 52 MXF "2 = latent variable
= A Diffusion THA[0|A global 22 Rak|=
. o O- —
= TN Fragment X HEO| noise YO M JEHE HE [=1=pe) EEE.EEI_E’S -
CEP: R SOl B S /Bl BON /A EIR T



Summary

AT B DY
« 2 TO0[E| £

= Agentic Al for Science
» Fragmentation 7|8 Molecule Representation Learning

B0 =X AL
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