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 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.

Background
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Overview of spectroscopic modalities 
Each provides unique and complementary structural constraints for molecular identification
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Current Limitations
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 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

 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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SpectraLLM

Overview of the training pipeline for structure elucidation
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Discretizing Continuous and Discrete Spectra into 

Sequence Tokens:

 Extract significant feature signals from each spectrum，

including peak positions, intensities, and widths, to 

construct a unified prompt.

 Embed relevant experimental metadata (e.g., instrument 

type, collision energy, ionization mode) into prompts for 

better contextual modeling.

 Enable joint modeling of all five spectra (IR, Raman, UV-

Vis, NMR, MS), unifying both continuous and discrete 

modalities in a single shared language space.
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SpectraLLM

Overview of the training pipeline for structure elucidation
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Sequence-to-SMILES Generation via LLM with LoRA:

 Utilizing a large-scale pre-trained language model 

(Qwen3-32B) as the frozen backbone, with parameter-

efficient fine-tuning via LoRA on massive spectrum-

structure paired data.

 Preserves the general linguistic reasoning ability of the 

pre-trained LLM, while efficiently aligning spectral 

features with linguistic priors.

 Achieves direct, autoregressive generation of chemically 

valid SMILES sequences from tokenized spectroscopic 

inputs.
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Core Prompt Design Principles:

 Each spectral segment is clearly marked with its modality 

type, for the model to accurately distinguish the physical 

meaning of different spectra.

 Key spectral features are encoded in a consistent key-

value format, ensuring format alignment across all 

modalities.

 Experimental metadata is naturally embedded into 

prompts to enhance the model’s generalization across 

different acquisition settings.

 Adopt the "Human-GPT" instruction-response format, 

which aligns with the pre-trained LLM’s conversational 

paradigm to reduce fine-tuning costs.

SpectraLLM

Case1

Case2

Representative prompts for multimodal spectroscopic reasoning
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Settings

Four datasets

Six Metric Categories

 Chemical Validity: Validity of generated SMILES sequences

 Structural-level correctness: Functional Group overlap, MCES, Fraggle similarity

 Global structure similarity: Tanimoto (ECFP4), Tanimoto (MACCS), Cosine similarity

State-of-the-Art Baselines

 Vibrational spectra: IR-to-Structure, Spectra2Structure

 NMR: NMR2Struct

 Mass spectrometry: Spec2Mol, Diffms

SpectraLLM: Uncovering The Ability Of LLMs For Molecule Structure 
Elucidation From Multi-Spectral

Dataset Modality Coverage Data Type Total Molecules Total Spectra

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

Multimodal Spectroscopic IR, ¹H/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



8

Main Results
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1. Unimodal Comparative Analysis

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

significantly higher structural similarity than modality-specific baselines.

Comparative evaluation of SpectraLLM and conventional approaches under 

individual spectral inputs

Benchmarking SpectraLLM against established mass 

spectrometry-based inference models
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Main Results
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2. Multimodal Fusion & Synergy Analysis

Enhanced structure elucidation through fusion of complementary 

spectroscopic modalities

 IR+Raman achieves the strongest synergy 

(Tanimoto=0.5320), outperforming even the 3-modality 

combination, highlighting the complementary nature of 

vibrational spectra.

 Prediction accuracy improves monotonically with increasing 

spectral diversity, as complementary structural constraints from 

different modalities reduce inference ambiguity.

 Models trained on multi-spectral inputs show significantly 

better cross-modality generalization than unimodal-only models.

Train-test modality transfer matrix on QM9s (Tanimoto similarity)

Effect of IR, Raman, and UV-Vis modality combinations on spectrum-to-

structure performance on QM9s
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Main Results
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3. Robustness & Generalization Validation

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

 SpectraLLM degrades gracefully under spectral noise, 

and leverages clean spectra to compensate for 

corrupted modalities.

 Even with severe noise on a single modality, the model 

retains meaningful predictive power.

 SpectraLLM achieves strong zero-shot transfer to real-

world experimental spectra, outperforming baselines even 

without training on these datasets.

Performance on Real-World MS Datasets (MassSpecGym / MassBank)

Zero-Shot Transfer to Unseen NIST IR/UV Experimental Spectra
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Case Study

 Integrating complementary spectroscopic modalities eliminates structural 

ambiguity from unimodal inputs, and significantly improves the accuracy of 

molecular structure reconstruction.

 Main failure modes originate from the intrinsic spectral ambiguity of isomers (an 

information-theoretic limit of the inverse problem), rather than model defects.
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Positive Case: Multimodal Complementarity
*Green checkmark = exact match to ground truth

Controlled Test: Diagnostic Peak Removal

Limitation Analysis: Failure Modes
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