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Background

O

Molecular structure elucidation is a fundamental task across chemistry, biology, and materials science, supporting molecular/crystal

structure determination for mechanistic research, material design, and product optimization.

Spectroscopic techniques (IR, Raman, UV-Vis, NMR, MS) are indispensable tools for this task: each probes distinct physicochemical

properties of molecules, and provides complementary structural information.

Human experts rely on joint interpretation of multi-spectral data to resolve structural ambiguity, which cannot be achieved by

single-spectrum analysis alone.

Machine learning has emerged as a promising approach to automate spectrum-to-structure inference, with mainstream methods

built on CNN and Transformer architectures.

Modality Detection Principle Structural Sensitivity Common Output Features

Functional groups with dipole

IR Molecular vibration absorption Peak positions, intensities
moment changes
T ; Symmetric bonds and ;
Raman Inelastic light scattering polarizability changes Shifted peak patterns
3 e
UV-Vis Electronic transitions Conjugated Systis, o —n Absorbance wavelengths, spectra

and n — 7* transitions
Carbon backbone structure,
hybridization

Proton environments, local
chemical shifts

Coupling between proton and
carbon atoms

Molecular weight and
fragmentation patterns

13C NMR Carbon-13 spin resonance Chemical shifts of *C nuclei

'H NMR Proton spin resonance (1H) Peak multiplicity, integration
HSQC NMR  '3C-'H correlation spectroscopy 2D cross-peaks (**C-'H pairs)

Mass (MS) Mass-to-charge ratio (m/z) m/z peaks

Overview of spectroscopic modalities

Each provides unique and complementary structural constraints for molecular identification
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Current Limitations

O

Confined to single spectral modality, unable to

integrate complementary multi-spectral evidence.

Fixed numerical feature design restricts
experimental context integration, leading to poor

generalization.

Heavily dependent on pre-compiled spectral
libraries, with weak performance on unknown

molecules.

Modality-specific models lack a unified framework

for cross-modal collaborative reasoning.

Our Proposal

O

Build a unified spectral processing framework
through natural language, and flexibly add contextual

experimental metadata.

Enable joint analysis of one or more spectral
modalities, leveraging complementary information

across different spectra.

Realize end-to-end structure prediction without
library matching, handcrafted rules, or modality-
specific encoders.

Guarantee robust performance in unimodal settings,
with monotonically improved accuracy as spectral

diversity increases.
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SpectralLLM

Discretizing Continuous and Discrete Spectra into “ PRESODER Predicted Molecule
- 37 DECODER - SMILES: CCCC(C)0O
Sequence Tokens: H— E=0 &
. o gro . " - = Tr OH
O Extract significant feature signals from each spectrum, : DECODER Pretrained Weights —
2 DECODER W e Rixd A= N(g,xcrr )
including peak positions, intensities, and widths, to [+ - oECODER ]~ ASKTT @
Model Dimensionality: 6144 d
construct a unified prompt. e e e e e e e a g

oot OO0 OOOdonn OO0 OO0

<|im_start|>system\nSystem Prompt<|im_end|>\n<|im_start|>user\nHuman Prompt<|im_end|>\n<|im_start|>assistant\n<think>\n\n</think>\n\n :

1
D E m bed releva nt experimental metadata (e.g o instru ment E {You are a chemist. Given ... provide the SMILES of the compound.} {Given multiple spectra, they ... {\"C-shifts\": \"77.14,564.54...}, ... answer in the format #SMILES: .} :

[l v A d .. ° - 1
.t . . . H 1 " f\ : !
type, collision energy, ionization mode) into prompts for T nI . ] L I
] ] e [ . » - 1
. 1 : =1 al“l 1 = l [+ J‘I‘ \\\/\ i . X I e ::
W e——." e w] — D / Lo
better contextual modeling. I e s e B — )
oo ___WR ________ _Raman__ __ ______ UvVis _ BCAHNMR_ _ HSQCNMR _ _ _ _ _ _ Mass_ _ _ _ !
: Wavenumbers:...3012.57 Wavenumbers:2877.0,2 Energies: 6.78,7.86 C-shifts: 77.14,54.54,38.24, H-shifts:1.16,0.91,1.39, mzs:...28.0,29.0,30.0,31.
M M M M ,1554.06,1528.34,1478.97 903.0,2927.0,2951.0,298 Intensities: 0.27,1.0 34.52,30.05 3.78,1.36,1.62 0,39.0,41.0,42.0,43.0... I
O Enable joint modeling of all five spectra (IR, Raman, UV- | eta e 2030000 We 0 1A% intoniesi05003410,  Gonensdeiata  imansies. 00030550 !
! Intensities:...0.22,0.68,0. Intensities:0.21,0.33,1.0, 0.95,0.55 19.06,67.9,42.02,42.02 ,0.014,0.481,0.005,0.247, I
. . . . . : 95,0.58,1.0,0.47 0.31,0.52,0.17 H-shifts: ...4.35,3.62,3.61, Intensities:1.0,1.0,0.67,0 0.026,0.033... I
Widths:...66.53,15.75,66. Widths:7.22,3.38,17.65,6 343.. .33,0.33,0.33 Adduct type: [M]+ I
VI S, N M R, M S), u n Ifyl ng bOth Contl n u Ou S a nd d I SC rete 5 13,13.85,202.45,8.31 .35,15.53,5.43 Intensities:... 0.34,0.11, Collision energy: nan :
0.13,0.11... /

______________________________________________________________________________________

modalities in a single shared language space. _ S o
Overview of the training pipeline for structure elucidation
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1DEyY OF _~
ADEMY D

SpectralLLM

1 1
L3 L3 L - I — 1
Sequence-to-SMILES Generation via LLM with LoRA: | (o oEcooeR SRR
1 1
O Utilizing a large-scale pre-trained language model | o7 DECODER = SMILES:CCCo@0 | |
! s DECODER |
. ! B € R"*k o 1
(Qwen3-32B) as the frozen backbone, with parameter- ||y opmen Pretrained Weights ( : A/i :

. . . . . . dxd A=N(0,0
efficient fine-tuning via LoRA on massive spectrum- =y L (E L Acric @ '
structure paired data. I okttt A e S 4 __LToIToIToIiTIl |

P e T e N W ™~

doOodnon O00 OOOonn OO0 OO

<|im_start|>system\nSystem Prompt<|im_end|>\n<|im_start|>user\nHuman Prompt<|im_end|>\n<|im_start|>assistant\n<think>\n\n</think>\n\n
{You are a chemist. Given ... provide the SMILES of the compound.} {Given multiple spectra, they ... {\"C-shifts\": \"77.14,54.54_..}, ... answer in the format #SMILES: .}

.n.‘ » 0 | -.'
S 7 »l 1\ | ; o
IO o A N Lo oo L

O Preserves the general linguistic reasoning ability of the
pre-trained LLM, while efficiently aligning spectral

features with linguistic priors.

R Raman T ouvvis 13C/1H NMR HSQC NMR Mass
M M M M M Wavenumbers:...3012.57 Wavenumbers:2877.0,2 Energies: 6.78,7.86 C-shifts: 77.14,54.54 38.24, H-shifts:1.16,0.91,1.39, mzs:...28.0,29.0,30.0,31.
D AC h I eves d I rect, a uto reg reSS|Ve g e n e ratl O n Of C h e m |Ca I Iy ,1554.06,1528.34,1478.97 903.0,2927.0,2951.0,298 Intensities: 0.27,1.0 34.52,30.05 3.78,1.36,1.62 0,39.0,41.0,42.0,43.0...
,1451.2,1421.37 2.0,3008.0 Widths: 0.21,1.32 Intensities: 0.59,0.34,1.0, C-shifts:23.46,14.18, Intensities:...0.003,0.099
. . . Intensities:...0.22,0.68,0. Intensities:0.21,0.33,1.0, 0.95,0.55 19.06,67.9,42.02,42.02 ,0.014,0.481,0.005,0.247,
95,0.58,1.0,0.47 0.31,0.52,0.17 H-shifts: ...4.35,3.62,3.61, Intensities:1.0,1.0,0.67,0 0.026,0.033...
valid SMILES sequences from tokenized spectroscopic e 04T oo ameranaa s T e e
13,13.85,202.45,8.31 .35,15.53,5.43 Intensities:... 0.34,0.11, Collision energy: nan
. )\ 0.13,0.11... .
INPULS. e oooooooooooooooooooooooo- g

Overview of the training pipeline for structure elucidation
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Core Prompt Design Principles: Multi-spectrum Prompts
c 1 Given multiple spectra, they arWavenumbers:3596.8,3549.49,
H H H H ase 3314.97,3202.86,3141.14,1498.51,1444.0,724.0,Intensities: 1.0,0.16,0.24.0.12,0.38.0.51,
O Each spectral segment is clearly marked with its modality 0.65.0.76, Widths:98.69,16.5.77.31,40.6,114.88,42.94,142.13,67.04%_Raman spectrossopy
.. . . {Wavenumbers:2913.0.2926 (0 2981.0, 3685 0, Intensities: 0.75,1.0,1.0,0.61, Widths:4.39,
type, fOI‘ the mOdeI to accu I‘ate|y d Isti ngu |Sh the phyS|Ca| 22.34,24.45,10.08 traviolet-visible 8pectroscopy {Energies:6.54,7.52, Intensities: 1.0,
Human: 0.34, Widths:0.75,0.37}. All of these spectra are determined by the same compound,
H H with the wavenumber postions in reciprocal centimeters as Wavenumbers, the energy
meani ng Of d Iffe rent s peCt ra. postions in eV as Energies and corresponding intensities as Intensities. Based on the
information provided by these spectra, predict which compound the spectra corres-
O Key Spectra| featu res are enCOd ed in a Consiste nt key_ pond to and give the SMILES of that compound. Please answer strictly in the format
##SMILES:
value format, ensuring format alignment across all GPT: f#SMILES: ON=Ciccecl S
Given multiple spectra, they afe ic Resona
1+1 146.12,105.1,77.93,42.24, Intensities: 1. 0 0. 8
mOdaIItIeS' casez Resonance {H shlft‘;832831 696695695695694694 6. 4.59.4.58,
4.57,4.56, Intensities: 0190?20]6051]0053 033089
O Experimental m is n rall m in 0.91,0.38 H eteronuclea.r S1ngle Quantum Coherence™ H-shifts:4 4,94,6.32, C-
perimental metadata is naturally embedded into shifts:68.39,27.85,09.64, Tntensities: 1.0,1.0,1.0,1.03 Infrared Spectrum{ Wave-
, . . numbers:3961.98,3931.96, 3903 95,3761.87,3731.85,3703.84,3491.72, 3477.71,3449.69,
prompts to enhance the model’ s generalization across 3041.47,2999.44,2767.32,2637.24,2623.24,2609.23,2595.22,1440.58, 1434.57,1420.57,
Human: 1414.56,1404.56,1392.55, Intensities:0.21,0.21,0.38,0.92,0.64,1.0,0.13,0.11,0.16,0.11,0.14,
1 iciti i 0.11,0.13,0.11,0.11,0.18,0.12,0.22,0.16,0.1,0.16,0.18, Widths:3.79,3.15,2.35,3.7,4.26.4.22,
different acquisition settings. 3.72,2.37,2.39,4.23,2.78,2.49,3.85,3.15,3.03,2.76,6.27.4.73,3.96,3.23 2.65,4.28], Mass__>

. . spectrum data {mzs:39.02,41.04,45.03,53.04, Intensities:0.28, 1.0,0.22,0.23}. All of these
0O Adopt the "Human-GPT" instruction- response fo rm at' spectra are determined by the same compound, with the wavenumber postions in

reciprocal centimeters as Wavenumbers, the energy postions in eV as Energies and

. . . . 1 . corresponding intensities as Intensities. Based on the information provided by these
Wh ICh a I |9 ns Wlth the p re-trai ned LI—M s conversatio nal spectra, predict which compound the spectra correspond to and give the SMILES of
. . . that compound. Please answer strictly in the format # # SMILES:
paradigm to reduce fine-tuning costs. GPT: CHSMILES: Clcocel

Representative prompts for multimodal spectroscopic reasoning
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Settings
Four datasets
Dataset Modality Coverage Data Type Total Molecules Total Spectra

QM9s IR, Raman, UV-Vis Simulated 129,817 389,451

Multimodal Spectroscopic IR, tH/13C/HSQC NMR, MS Simulated 794,403 4,766,418
MassSpecGym MS Experimental 29,000 231,104
MassBank MS Experimental - 122,746

ALL IR, Raman, UV-Vis, NMR, MS  Simulated + Experimental 943,732 5,510,655

Six Metric Categories
O Chemical Validity: Validity of generated SMILES sequences
O Structural-level correctness: Functional Group overlap, MCES, Fraggle similarity
O Global structure similarity: Tanimoto (ECFP4), Tanimoto (MACCS), Cosine similarity
State-of-the-Art Baselines
O Vibrational spectra: IR-to-Structure, Spectra2Structure
O NMR: NMR2Struct
O Mass spectrometry: Spec2Mol, Diffms
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Main Results

1. Unimodal Comparative Analysis

O SpectralLLM achieves state-of-the-art performance across all unimodal settings, with near-perfect chemical validity and

significantly higher structural similarity than modality-specific baselines.

Tanimoto Tanimoto

Spectrum  Method Validity T Tanimoto? Cosinet MCES | Functional Group T (MACCS) 1T Fraggle t Method Validity T Tanimoto T Cosine? Functional Group T (MACCS) T Fraggle 1
QM9s MassSpecGym
IR-to-Structure 100.00% 0.0718 0.1311 11.3187 0.3151 0.1585 0.1747 Spec2Mol 62.86% 0.0849 0.1511 0.3111 0.2709 0.2065
R gpecyaﬁt&ucwm 19090-802(;% g-gggi 8';?28 ‘70-5‘605811 8-‘;;3; 83‘;2(2) ggigi Diffms 57.16% 0.1597 0.2422 0.4890 0.4305 0.3539
pectra. -82% . - . . - - LLM 74 1 2 Y 472 .361
TR-to-Structure _100.00% 00766 0.1395  11.3516 03525 0.1639 0.1959 Spectra 99.74% 0.1533 Mumomuifs ectmm" ?(?03 0.4723 0.3610
Raman  Spectra2Structure  100.00%  0.1089 0.1901  9.4164 0.4419 0.2388 0.2504 P P
4 Spec2Mol 75.39% 0.0988 0.1739 0.3042 0.2440 0.2587
SpectralLLM 99.08% 0.2500 0.3786  6.4076 0.7317 0.5071 0.2500 :
TR-to-Structure 100.00%  0.0728 0.1326  11.424 03151 0.1512 0.1837 Diffms 78.77% 0.1535 0.2351 0.4248 0.3730 0.3635
UV-Vis  Spectra2Structure  100.00% 0.0716 0.1313  11.1222 0.3901 0.1418 0.2092 SpectralLM  99.64% 0.1844 0.2993 0.4929 0.4254 0.4282
SpectraLLM 100.00%  0.0790 0.1426  10.6374 0.3713 0.2026 0.2100 MassBank
Multimodal Spectroscopic Spec2Mol 71.63% 0.0857 0.0006 0.2999 0.1539 0.1102
NMR2Struct 47.62% 0.0433 0.1029  30.6938 0.1718 0.1294 0.0962 Diffms 23.63% 0.0742 0.2088 0.1795 0.1007 0.0238
NMR  SpectraLLM 98.92% 0.4151 05322 83091 0.7209 0.6367 0.5862 SpectraLLM  98.44% 0.1286 0.2229 0.4539 0.3787 0.3150
Comparative evaluation of SpectraLLM and conventional approaches under Benchmarking SpectraLLM against established mass
individual spectral inputs spectrometry-based inference models
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Train-test modality transfer matrix on QM9s (Tanimoto similarity)

Main Results

test\ train IR Raman UV-Vis IR+Raman IR+UV-Vis Raman+UV-Vis IR+Raman+UV-Vis
. . . IR 0.1474 00674 00605 02012 0.2012 0.0629 0.1921
2. Multimodal Fusion & Synergy AnaIyS|s Raman 0.0669 03251 00721  0.3951 0.0639 0.4112 0.2977
UV-Vis 0.0592 00632 00777  0.0579 0.086 0.0877 0.0812
. . . IR+Raman 0.1372  0.1209  0.0671 0.532 0.1468 0.1319 0.4231
Enhanced structure elucidation through fusion of complementary IR+UV-Vis 0.1379 00642 00704  0.1803 0.2088 0.0645 0.1962
: .. Raman+UV-Vis 00671 02746 00741 03687 0.0786 0.4594 0.3353
spectroscopic modalities IR+Raman+UV-Vis 0.1373  0.116]  0.0706  0.4922 0.17 0.1305 0.4213
Tanimoto
Inputs Validity T Tanimoto T Cosinet MCES | Functional Group T 1T Fraggle 1 . . . . . . .
= L) O Prediction accuracy improves monotonically with increasing
S
IR 99.82% 0.1921 0.3120 7.5651 0.6599 0.4330 0.3194 . . .
Raman 9908% 02500 03786 64076 0.7317 05071 02500 spectral diversity, as complementary structural constraints from
UV-Vis 100.00% 0.0790 0.1426 10.6374 0.3713 0.2026 0.2100
Jointly 98.72% 0.3355 0.4560 4.9647 0.7934 0.5785 0.4117 . oy . . .
Multimodal Spectroscopic different modalities reduce inference ambiguity.
IR 99.63% 0.1720 0.2868 15.3234 0.6023 0.4031 0.3906
MS 99.64% 0.1844 0.2993 11.3243 0.4929 0.4254 0.4282
IR+MS 99.25% 0.2300 0.3519 10.4164 0.6345 0.4887 0.4566
13C' NMR 99.64% 0.1016 0.1801 14.8865 0.4249 0.2952 0.3607
'H NMR 99.10% 0.0720 0.1341 18.6141 0.3329 0.2203 0.2572 . . . .
HSQC NMR 99.64% 02058 03221 134919 0.5495 04392 04274 Effect of IR, Raman, and UV-Vis modality combinations on spectrum-to-
Jointly NMR 98.92% 0.4151 0.5322 8.3091 0.7209 0.6367 0.5862
Jointly NMR+IR 99.60% 04121 05341  8.3855 0.7764 0.6575 0.5809 structure performance on QM09s
Jointly NMR+MS 98.37% 0.4518 0.5601 8.1682 0.7618 0.6760 0.6063 SpectraLLM Tanimoto Functional
Jointly NMR+IR+MS ~ 99.79% 04875 05973  8.1151 0.8103 0.7099 0.6222 lel\’/IS retrained  Validity T Tanimotot el Cosine T MCES| oo T Fraggle f
. IR-Only 100.00%  0.1474 03436 02462  7.1245 0.5309 0.2686
O IR+Raman achieves the strongest synergy Raman-Only 98.90% 03251 0.5748 0.4490  5.4009 0.7986 0.3958
UV-Vis-Only 100.00%  0.0777 0.2081 0.1407 103874 03600 0.2137
. _ . . IR+Raman 99.63% 05320 0.7363 0.6288  3.0312 0.8834 0.4806
(Tanimoto=0.5320), outperforming even the 3-modality IR+UV-Vis 99.63%  0.2088 04471 03280  6.0551 0.6791 0.3333
o o Raman+UV-Vis 99.45% 04594 0.6718 0.5699  4.0405 0.8431 0.4561
combination, h|gh||ght|ng the complementary nature of IR+Raman+UV-Vis  98.53% 0.4053 0.6501 05202  3.9926 0.8370 0.4479
vibrational spectra. O Models trained on multi-spectral inputs show significantly

better cross-modality generalization than unimodal-only models.
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Main Results Effect of modality-specific simulated noise on spectrum-to-

structure performance on QM9s Jointly
Note: I=IR, R=Raman, U=UV-Vis, * denotes the modality with added simulated noise

3. Robustness & Generalization Validation

SpectraLLM Noisy
QM09s Jointly  Strong

Functional Tanimoto

Validity © Tanimoto T Cosinet MCES | T 1 Fraggle 1
Group (MACCS)

L+R+U - 98.72% 03355 04560  4.9647 0.7934 0.57 04117
Performance on Real-World MS Datasets (MassSpecGym / MassBank) = 60— 0455053007810 o
v " T - I*+R+U moderate 97.99% 0.2688 0.3963 6.2112 0.6851 0.5212 0.3598
. . . . unctional animoto severe 87.18% 0.1712 0.2799 8.4433 0.5010 0.3774 0.2556
Settin State Model Validit Tanimoto Cosine Fraggle
2 yt T T Group | Maccs)! gale T mild 98.17% 0.2487 03785 64272 0.6669 0.5073 0.3498
rained Diffms 57.16% 0.159705 0.242187 0.489004 0.430529 0.353878 I+R*+U moderate 95.79% 0.1608 0.2691 7.8891 0.5168 0.3735 0.2811
MassSpecGymm SpectraLLM 99.74% 0.1537 0.2565 0.5016 0.4735 0.362 severe 97.44% 0.0827 0.1495 9.5714 0.2058 0.2611 0.3719
pectiy aineg_Spec2Mol  6286%  0.084861  0.151115 0311157 0.270927 0206558 mild  9890% 04076 05302 44417 0.8744 0.6746 0.4624
antrat SpectraLLM ~ 92.97% 0.1139 0.2039 0.4354 0.4005 0.2988 R+U moderate  S987% 037 Do ad o OBs 0861 Da
severe A 0 . .. . . . K
. Diffms 23.63% 0074269  0.100735  0.179588 0.156596  0.153949 :
trained mild  9634% 02163 03398  7.0804 0.6063 0.4592 03115
MassBank SpectralLM  98.46% 0.1306 0.2264 0.454 0.3848 0.3201 FF+R*+U moderate  89.56% 01546 02607  8.4029 0.4828 0.3653 0.2655
untrained Spec2Mol 71.63% 0.085741 0.153861 0.299915 0.241751 0.214962 severe 57.88% 0.0749 0.1372  10.1472 0.3348 0.2466 0.1663
SpectralLM _ 92.79% 0.1125 0.2019 0.187 0.3612 0.2922 mild  9853% 02550 03824 64526 0.6704 05060 03494
LR*4U* moderate  96.15%  0.1602 02678  7.9476 0.5319 0.3795 0.2787
severe 95.97% 0.0850 0.1535 9.5544 0.2074 0.2612 0.3704
. mild  97.07% 03431 04719  5.2047 0.8098 0.6091 04124
Zero-Shot Transfer to Unseen NIST IR/UV Experimental Spectra R4V moderate 0535% 02795 04048 61825 0.6789 5240 03682
0.40% 1694 2784 . 0.4890 0.3712 0.24
— . ‘ PR sovere_8 0.169 02784 85008 89 3 88
Datasets Model Validity T Tanimoto T Cosine T MCES | T MA 1T Fraggle mild 96.70% 0.2205 0.3473 6.9820 0.6272 0.4676 0.3154
Group (MACCS) FF4R* U moderate  87.91% 0.1527 02556 8.4740 0.4659 0.3505 0.2548
IR-to-Structure 98.02% 0.0095 0.0657  33.4585 0.1309 0.0699 0.0720 severe  39.01% 00792 0.1427 102981 0.3342 0.2508 0.1718
NIST-ir  SpectraStructure  99.31% 0.0128 0.0769  29.5700 0.2104 0.0923 0.1267
SpectraLLM 99.43% 0.0727 0.1368  22.3229 0.3191 0.1964 0.2176 .
IR-to-Structure 99.12% 0.0673 0.1147 259537 0.2799 0.1529 0.1101 O SpectraLLM deg rades gracefu”y under SpeCtral nolse,
NIST-uv ~ Spectra2Structure  99.37% 0.0726 0.1285  23.3650 0.3058 0.1989 0.1407
SpectraLLM 99.56% 0.0744 0.1381  23.0612 0.3231 0.2084 0.1411 and |everages clean Spectra to Compensate for
O SpectralLLM achieves strong zero-shot transfer to real- corrupted modalities.
world experimental spectra, outperforming baselines even O Even with severe noise on a single modality, the model
I
without training on these datasets. retains meaningful predictive power.

10
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Case Stu dy Controlled Test: Diagnostic Peak Removal

Case 1: Ester-Diagnostic Peak (m/z = 43) Case 2: Acetyl-Diagnostic Peak (m/z = 43)
Removed Removed

Positive Case: Multimodal Complementarity

*Green checkmark = exact match to ground truth

o}
ound Structures Predicted by SpectralLLM 2 NN \ N
e AllS IR and UV-Vis IR and Raman Raman and UV-Vis Only IR Only UV-Vis Only Raman 0 N ¢N§N\/Q
pectra 5 N
pectra Spectra Spectra Speclrum Spectrum Spectrum /
o

)
H || H — Q w | |@ - "
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