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Abstract

Nuclear Magnetic Resonance (NMR) spectroscopy is a cornerstone technique for
determining the structures of small molecules and is especially critical in the dis-
covery of novel natural products and clinical therapeutics. Yet, interpreting NMR
spectra remains a time-consuming, manual process requiring extensive domain
expertise. We introduce CHEFNMR (CHemical Elucidation From NMR), an end-
to-end framework that directly predicts an unknown molecule’s structure solely
from its 1D NMR spectra and chemical formula. We frame structure elucidation as
conditional generation from an atomic diffusion model built on a non-equivariant
transformer architecture. To model the complex chemical groups found in natural
products, we generated a dataset of simulated 1D NMR spectra for over 111,000
natural products. CHEFNMR predicts the structures of challenging natural prod-
uct compounds with an unsurpassed accuracy of over 65%. This work takes a
significant step toward solving the grand challenge of automating small-molecule
structure elucidation and highlights the potential of deep learning in accelerating
molecular discovery.

1 Introduction

The molecules that sustain life come in several forms: large biopolymers such as DNA, RNA,
and proteins described by our genetic code, and small molecules, which form complex metabolic
pathways and influence all aspects of biology. A category of small molecules, known as secondary
metabolites or natural products, describes those that are secreted into the environment where they
serve myriad functions, such as signaling and chemical warfare. Because of these roles, natural
products have delivered more than half of the FDA-approved small-molecule agents, including the
majority of antibiotics and antitumor drugs in current clinical use, such as penicillin, taxol, and other
blockbuster drugs such as lovastatin and semaglutide 48 14, 168 58]].
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Figure 1:Natural products are small molecules secreted by natural sources such as plants, animals,
and microorganisms (left). To identify an unknown molecule's structure, 1D NMR spectroscopy mea-
sures peaks corresponding to each protat) or carbon {3C) atom (middle). The resultinghemical
shifts(x-axis locations)peak intensitiesandJ-coupling(splitting patterns) encode information on
chemical groups and connectivities, from which the molecular structure can be deduced (right).

The functions of small molecules are intrinsically linked to their molecular structures, which govern
their chemical and biological reactivity. Very recently, deep learning methods have revolutionized the
prediction of a protein's 3D structure from its amino acid sequence encoded in the g&®hRje [

Small molecules, by contrast, are neither directly genetically encoded nor repeating polymers.
Structure elucidation therefore relies da novoexperimental methods for every new molecule,
making the discovery of cellular metabolites, essential molecules, antibiotics, and other therapeutics
a slow and tedious proces$s [8) 48| 18].

Nuclear Magnetic Resonance (NMR) spectroscopy is a cornerstone technique for small molecule
structure elucidation. This experimental method provides information regarding the connectivity
and local environment of, typically, each protdid] and carbon’€C) in a molecule, thus allowing

the structure of a molecule to be deduced. However, the inverse problem of inferring the chemical
structure from these spectral measurements is a challenging puzzle, which largely proceeds manually
and requires signi cant time and expertise, even with computational assisgn@ohsequently,
automating molecular structure elucidation directly from raw 1D NMR spectra would signi cantly
accelerate progress in chemistry, biomedicine, and natural product drug discasety, [77, 42, 17].

With the rise of deep learning approaches applied to molecules, diffusion generative n26d8%;

32 have emerged as powerful tools for tasks such as small molecule genegAdtid®,[69, 40,
ligand-protein dockingl0, 57], and protein structure predictio,[73] and design 25, 70, 15].

While early approaches emphasize 3D geometric symmetries via equivariant networks, recent trends
suggest that non-equivariant transformers scale more effectively with model and data size and better
capture 3D structures with data augmentation [69, 2].

In this work, we tackle the challenging task of NMR structure elucidation for complex natural
products. We introduc€EHEFNMR (CHemical Elucidation From NMR), an end-to-end diffusion
model designed to infer an unknown molecule's structure from its 1D NMR spectra and chemical
formula. CHEFNMR processes NMR spectra using a hybrid transformer with a convolutional
tokenizer designed to capture multiscale spectral features, which are then used to condition a
Diffusion Transformer49] for 3D atomic structure generation. To scale to the complex chemical
groups found in natural products, we cur&gectraNP, a large-scale dataset of synthetic 1D NMR
spectra for 111,181 complex natural products (up to 274 atoms), signi cantly expanding the chemical
complexity of prior datasets (101 atoms) 22, 4]. We compareCHEFNMR against chemical
language model-based and graph-based formulations and demonstrate state-of-the-art accuracy across
multiple synthetic and experimental benchmarks.



2 Background

NMR spectroscopy is a widely used analytical technique in chemistry for determining the structures
of small molecules and biomolecules. A typical one-dimensional (1D) NMR experiment measures the
response of all spin-active nuclei of a given type, for example hydrodena isotopic carbon’€C),

to radiofrequency pulses in a strong magnetic eld. The resulting spectrum consists of peaks from
chemically distinct nuclei, where peak positions (i.e., chemical shifts), intensities, and ne splitting
patterns (i.e.J-coupling) re ect local chemical environments and connectivities of the nuclei.

Formally, let the observed spectrum be a real-valued si§0gl: R! R, where denotes the
chemical shift (in parts per million, ppm) along the x-axis. The signal can be modeled as a sum over
N resonance peaks corresponding to each spin-active nucleus:

X
S()= A L(:is D+ () 1)
i=1
whereA, is the intensity (amplitude) of thieth peak, ; is the chemical shift (peak center), andis
the linewidth (related to relaxation) of the pedk. ; i; i) is the normalized Lorentzian line shape:
1 i
L(; i )= — ————> 2
(0= = e %)

and ( ) models additive noise (e.g., Gaussian white noise or baseline drifjupling refers to the
splitting of the signal for a given nucleus into a sum of multiple peaks when nearby atoms interact:

X
S()= Ak L(; ;s w)*+ () (3)
i=1 k=1

whereM; is the number of split components for théh nucleus, andi encodes the shifted peak
positions.J-coupling occurs when other spin-active nuclei are within 2—4 edges in the molecular
graph, and the signal splits inkd; = m+1 components assumimyg interacting nuclei. See Figure 1

for an example.

Together, these features encode rich information about the types of chemical groups present and
their connectivities, enabling chemists to deduce the underlying molecular structure. For example,
certain chemical groups produce peaks that appear at an established range (e.g., aromatic ring-protons
are detected at 6.5-8 ppm), whose exact location depends on the amount of chemical shielding
from nearby atoms in a given molecule. These patterns, in addition to experimental noise due to
the instrument, impurities, and solvent effects, make the inverse problem of deducing structure an
extremely challenging task. NMR structure elucidation thus typically relies on additional information
from 2D NMR experiments, prior information on the substructures present, or chemical formula
from high-resolution mass spectrometif} fombined with isotopic abundance and distribution
patterns. In this work, we utilize the chemical formula as auxiliary input, as it is typically the most
readily obtainable among common priors and effectively constrains the space of candidate molecular
structures for complex natural products.

3 Method

In this section, we presef@@HEFNMR, an end-to-end diffusion model for molecular structure
elucidation from 1D NMR spectra and the chemical formula. Our approach consists of two key
components: NMR-ConvFormer for spectral embedding (Section 3.1) and a conditional diffusion
model for 3D atomic coordinate generation (Section 3.2).

In CHEFNMR, we represent molecule-spectrum pairs(AsX ;S), whereA 2 f 0;1gN daon
denotes the one-hot encoding of atom types for a moleculeNvittoms andl,iom possible atom
types,X 2 RN 3 represents the 3D atomic coordinates, & ( Sy;Sc) contains the NMR
spectra, speci cally théH spectrumsy 2 R% and the'3C spectrunsc 2 RY. Our objective is to
generate the 3D coordinat¥s conditioned on the atom typés (i.e., chemical formula) and the
spectraS by sampling from the conditional probability distributip@X jA ; S).



Figure 2: Overview of theCHEFNMR architecture.(a) NMR-ConvFormer processes 1D NMR
spectra into a vector embedding using the convolutional tokenizer, transformer encoder, and multihead
attention pooling (MAP)(b) Diffusion Transformer predicts clean 3D coordinafes from atom

tokens formed by concatenating noisy coordinatesand atom type# , conditioned on the spectral
embedding and noise levelvia adaptive layer normalization [49].

3.1 NMR-ConvFormer: A Hybrid Convolutional Transformer for NMR spectral embedding

To effectively condition the generative process on the NMR sp&;tvee propose NMR-ConvFormer,

an encoder designed to capture both local spectral features and global correlations within and between
the 'H and*3C spectra, as shown in Figure 2(a). Unlike prior methods that rely solely on 1D
convolutions 2, 45] or transformers with simple patching?, 63], NMR-ConvFormer uses a hybrid
approach, combining a convolutional tokenizer for local feature extraction and a transformer encoder
for modeling complex intra- and inter-spectral dependencies.

Convolutional Tokenizer. Each input spectrum'd and3C) is processed independently by a
convolutional tokenizer comprising two 1D convolutional layers with ReLU and max-pooling, similar
to [22]. This reduces sequence length while increasing channel dimensions, summarizing local
patterns like peak intensity and splitting. The output is linearly projected to dimeBsiQBger
yielding token sequences of sha@& Dencode) -

Transformer Encoder. The token sequence, augmented with positional and type embeddings, is
processed by a standard transformer encoder comprising multi-head self-attention and feed-forward
networks with pre-layer norm and residuals. Self-attention captures patterns within each NMR
spectrum and across different spectra, such as related peakslisp@ctrum or matching signals

from the same chemical group in bdtH and*3C spectra.

Multihead Attention Pooling (MAP). We use MAP B7, 79 to obtain a xed-size spectral embed-
ding. A learnablgCLS] token prepended to the encoder output sequence aggregates information
via a nal self-attention layer. The resultif@LS] token state, after layer normalization and linear
projection, serves as the conditioning veagr2 RP ti«en for the diffusion model. Dropout is applied

at multiple stages to mitigate over tting. See Appendix D.2 for detailed hyperparameter settings.

3.2 Conditional 3D Atomic Diffusion Model

Training Objective. We adapt the EDM diffusion framework to conditional 3D molecular gen-
eration B2]. The modelD is trained to predict clean 3D coordinat¥s from noisy inputs
X = Xo+ n,wheren N (0; ?1) and the noise level is sampled from a pre-de ned



distributionp( ). GivenX , , atom typedA, and spectral embeddirzg;, the model minimizes:
- )

i
Laifusion = E (X 0:A:2s) paas ( ILmse(X0;X 0) + Lsmootn X 0; X 0) ; 4)
p( ):in N (0; 21)

whereX'o = D (X ;; A;zs) are the predicted coordinates.

The MSE lossl usg = kX' X ok2, enforces global structure alignment. To ensure local geometric
accuracy (e.g., bond lengths), crucial for chemical validity and often poorly captured by MSE alone,
we add a smooth Local Distance Difference Test (LDDT) |dis}, [adapted from AlphaFold3].

The LDDT score is computed over all distinct atom péir§):

1 X x .
LDDT(X o; X o) = NN D ij; where j = 2 sigmoidty j d\ij dij: (5

i6] k=1

Here,d\ij = kRi Rjkranddj = kxg; Xo; k2 are the predicted and true distances, respectively.
Thresholdst, 2 f 0:5;1:0; 2:0; 4:0Ag specify allowable deviations between predicted and true
distances when evaluating prediction accuracy. The smooth LDDT lbSgdgi ae= 1 LDDT,
encourages local geometric delity by penalizing pairwise deviations. The combined loss promotes
both global alignment and local chemical validity.

Random Coordinate Augmentation.For each molecule, we gener&tground-truth conformers.
During training, we randomly sample one conformXeg and apply a random rigid transformation
(translation and rotation) followind?[ 29, 40]. This augmentation encourages to learnSE(3)-
invariant representations and mitigate over tting, signi cantly improving performance.

Diffusion Transformer (DiT) Architecture. The networkD is a DiT [49] shown in Figure 2(b).
Input atom tokens are formed by concatenating noisy coordiXateand atom type# , followed

by an MLP projection. The noise levelis embedded using frequency encoding and an MLP. This
noise embedding is added to the spectral embeddin form the conditioning vector, which is
integrated into the DIT blocks via adaptive layer normalization (adaLN-Zero) [49].

Conditional Dropout and Classi er-Free Guidance. To improve robustness and exibility in
conditioning on different NMR spectra, we adopt classi er-free guidance (CE€]) [During
training, the'H NMR spectrum is dropped with probabilify; = 0:1, the **C NMR spectrum
is dropped withpc = 0:1, and both are dropped simultaneously witlyy, = 0:1. At inference,
conditional and unconditional predictions are combined via

D' (X ;; A;zs)=(1+ !)D (X ;;A;zs) !'D (X ;; A); (6)

where! 0 controls guidance scale. This enables generation conditioned on either or both spectra,
improving versatility and performance. See Appendix A and D.2 for full training and sampling
algorithms and hyperparameter settings.

4 Related Work

NMR Spectra Prediction. The forward task of predicting a given molecule's NMR spectra is
relatively established, facilitating data analysis and enabling the generation of simulatd datasets
for structure elucidation of simple compounds via database retrieval. These spectra prediction
methods range from precise, computationally intensive quantum-chemical simulations to more recent
exploratory ML approache$]28, 13, 35, 31, 16, 39, 44]. Following established dataset curation
practices 22, 4], we create ouSpectraNP dataset using the commercial software MestReNdh [

which combines closed-source ML and chemoinformatics algorithms.

NMR Structure Elucidation. Structure elucidation from NMR spectroscopy is a challenging inverse
problem, due to the complexity of spectra data and the vast chemical §ad&][ Traditional
computer-aided systems, while historically employed and useful, often suffer from computational
inef ciencies [8]. Recent ML methods have tackled this challenge, but most simplify the problem by
predicting molecular substructures instead of full molecw&s36, 5, 64, 76, 33], or by leveraging
richer inputs, such as multimodal spectra beyond N 12, 50, 55, 11, 9, 63, 53] and database
retrieval [78, 62, 33]. In contrast, our method directly tackles ttie novoelucidation of molecular
structures using only raw 1D NMR spectra and chemical formulae.



De NovoStructure Elucidation from 1D NMR Spectra. Recent work developing machine learning
methods forde novostructure elucidation from 1D NMR spectra focuses on structurally simple
molecules, leveraging either chemical language models or graph-based models. Chemical language
models BO, 22, 3, 4] generate SMILES stringg[l], a sequence-based molecular representation. For
example, Hu et al.Z2] use a multitask transformer pre-trained on 3.1M substructure-molecule pairs
and ne-tuned on 143k NMR spectra fro8pectraBase [26], achieving 69.6% top-15 accuracy

for molecules under 59 atoms. Alberts et 8l.4] employ transformers to predict SMILES from
text-based 1D NMR peak lists and chemical formulas, reporting 89.98% top-10 accuracy on the
USPT@ataset 41] for molecules under 101 atoms. Graph-based models iteratively construct
molecular graphs with GNNSs, using methods like Markov decision processes or Monte Carlo tree
search 27, 23, 61]. However, these methods do not handle molecules with more than 64 atoms
or large rings (>8 atoms), likely due to the limited availability of large-scale spectral datasets and
the high computational cost of search-based algorithms for complex molecules. To the best of our
knowledge CHEFNMR is the rst method based on 3D atomic diffusion models for NMR structure
elucidation that scales to complex natural products.

3D Molecular Diffusion Models. Diffusion models have emerged as powerful tools for 3D molecular
generation. E(3)-equivariant GNN#&4, 21, 75, 46] enforce geometric constraints, but non-equivariant
transformers are increasingly favored for their scalability and performance in small molecule genera-
tion [69, 40, 29] and protein structure predictiog,[15] involving hundreds of thousands of atoms.
Inspired by these recent trends, we apply a scalable DiT [49] to generate 3D atomic structures from
NMR spectra, exploiting their scalability and expressivity by creating a large synthetic NMR spectra
dataset of natural products.

5 Experiments

5.1 Dataset Curation
Table 1: Summary of dataset statistics.

Synthetic Datasets. We evaluate models on

two public benchmarksSpectraBase [22] and SYnthetic # Molecules # Atoms
USPT@Y, and our self-curateBpectraNPdataset. SpectraBase [22] 141k [3, 59]
SpectraBase contains simple moleculeg?, 26|, USPT(] 745k [8,101]
while USPT@atures a broader range of moleculespectraNP 111k [4, 274]
in chemical reactions4fl]. SpectraNP com- -

bines data from NPAtlasP], a database of small EXperimental # Molecules # Solvents
molecules from bacteria and fungi, with a subset a§pecTeach[65] 238 2
NP-MRD [72] including various natural products. NMRShiftDBZ34] 23k >7

Experimental Datasets.To evaluate the ability of

models trained on synthetic data to generalize to experimental data, we curate two experimental
datasets. Followingd], we include theSpecTeachdataset§5], which contains 238 simple molecules

for spectroscopy education. We also inclNRShiftDBZ 34, a larger-scale dataset b5fC NMR

spectra in various solvents, following], 28]. These experimental datasets include impurities,
solvents, and baseline noise (See Figure 5), enabling robustness testing for experimental variations.

Data Structure and Preprocessing Each data entry is a tup(SMILES,'H NMR spectrum!3C
NMR spectrum, atom feature§MILES strings are canonicalized with stereochemistry removed,
and synthetic spectra are simulated using MestreNé#ja Atom features include atom typés and
3D conformations( , generated using RDKitETKDGvalgorithm [1] given the SMILES string.

To preprocess datasets, any duplicate SMILES are rst remc\é@nd'3C spectra are interpolated

to 10,000-dimensional vectors following@3, 4], and normalized by their highest peak intensity,
except forSpectraBase [22] and experimental datasets, whé?€ spectra are binned into 80 binary
vectors. To validate 3D conformers, SMILES strings are reconstructed from atom types and 3D
coordinates using RDKit'®etermineBonds function [1], and molecules failing reconstruction are
discarded. See Appendix C for dataset curation details.

5.2 Experimental Setup

BaselinesWe compareCHEFNMR against two existing chemical language models and introduce a
graph-based model to assess the impact of molecular representations on the structure elucidation task.



The chemical language models are: ill) et al. [22] propose a two-stage multitask transformer for
predicting SMILES from 1D NMR spectra. Their method pre-de nes 957 substructures and pre-trains
a substructure-to-SMILES model on 3.1M molecules, and then ne-tunes a multitask transformer
on 143k NMR spectra frorBpectraBase. We retrain their substructure-to-SMILES model on the
same 3.1M dataset and ne-tune it on each synthetic benchmarll{@jts et al. [4] develop a
transformer to predict stereochemical SMILES from text-based 1D NMR peak lists and chemical
formulae. Due to unavailable inference code and differences in input (peak lists vs. raw spectra) and
output (stereo vs. non-stereo SMILES), we report their published resuli&&T @ndSpecTeach

To test an alternative graph-based representation, we also pfdpiReDiGress, a model integrating

the discrete graph diffusion model DiGre&§] with our NMR-ConvFormer. Molecular graphs are
represented as atom type&sand bond matriceE 2 f 0;1gN N 9ot whereN is the number of

atoms andlyong is the number of bond types. DiGress adds noise to each atom or bond independently
via discrete Markov chains, and trains a graph transformer to reverse this process to generate molecular
graphs. We adapt DiGress to condition on spectral features from NMR-ConvFormer and atom types
A, generating only bond matrices. See Appendix B and D.1 for full algorithms and detailed settings.

CHEFNMR . We evaluate two variant€CHEFNMR-S (134M parameters) a@HEFNMR-L (462M
parameters) with the same NMR-ConvFormer and different sizes of DiT. See Appendix D.2 for
additional experimental details.

Metrics. We evaluate models using: (Ipp-k matching accuracy, which checks whether the
ground truth SMILES string is exactly matched by any of the kqgredicted molecules. For non-
language models, we reconstruct canonical, non-stereo SMILES from the predicted molecular graph
(atom types and generated bond matrix) or 3D structure (atom types and generated 3D coordinates)
using RDKit [1]. (2) Top-k maximum Tanimoto similarity , which evaluates structural similarity
between the ground truth and the most similar molecule in thétogedictions, using the Tanimoto
similarity of Morgan ngerprints (length 2048, radius 2) [1].

6 Results

This section presents the quantitative and qualitative results across benchmarks. Section 6.1 shows
CHEFNMR's state-of-the-art performance on synthetic datasets, and Section 6.2 demonstrates robust
zero-shot generalization on experimental datasets. Section 6.3 presents ablation studies on the
contributions of the diffusion training process and the NMR-ConvFormer spectra embedder.

6.1 Performance on Synthetic Spectra

Table 2 summarizes the performance on syntigfiand**C NMR spectraCHEFNMR signi cantly
surpasses all baselines in matching accuracy and maximum Tanimoto similarity across datasets. The

Table 2: Performance on synthetiel and**C NMR spectra, reported as the mearstandard
deviation over three independent sampling runs. Acc%: accuracy; Sim: Tanimoto similarity.
reported results. N/A: not applicable.

Top-1 Top-5 Top-10
Dataset Model Acc% Sim" Acc%" Sim" Acc%" Sim"

Hu et al. 45.24 18 0.686 .001 62.37 .08 0.815 .001 67.38 .05 0.847 .001
NMR-DiGress 43.56.30 0.625 .002 62.47 .20 0.779 .002 68.39 .35 0.817 .001
CHEFNMR-S 69.15 .08 0.807 .002 82.09 .24 0.904 .002 85.30 .04 0.922 .000
CHEFNMR-L 72.04 .02 0.833 .000 85.24 .10 0.923 .001 88.20 .07 0.940 .000

Hu et al. 38.02.02 0.674 .001 55.85 .04 0.810 .000 61.76 .03 0.845 .000
Alberts etal. 73.38 .08 N/A 87.94 .14 N/A 89.98 .16 N/A
USPTO NMR-DiGress 22.51.13 0.504 .000 41.26 .12 0.708 .0o1 48.87 .11 0.761 .000
CHEFNMR-S 81.16 .08 0.902 .000 91.03 .05 0.964 .000 92.90 .05 0.973 .000
CHEFNMR-L 81.57 .09 0.912 .000 91.09 .11 0.965 .000 93.01 .05 0.973 .000

Hu et al. 19.26 .10 0.585 .001 34.00 .19 0.736 .001 39.87 .02 0.774 .001
NMR-DiGress 2.12.14 0.260 .0o1 6.31 .08 0.432 .0o1 9.17 .11 0.485 .000
CHEFNMR-S 40.37 .33 0.583 .004 59.08 .28 0.791 .000 64.37 .08 0.834 .001
CHEFNMR-L 40.15 .29 0.631 .004 59.83 .30 0.822 .002 65.74 .09 0.860 .000

SpectraBase

SpectraNP




Figure 3: Examples cEHEFNMR's predictions on the syntheti8pectraNP dataset(a) Correctly
predicted diverse and complex natural products in top-1 predict{bh$ncorrect top-2 predictions
ranked by Tanimoto similarity remain chemically valid and structurally similar to the ground truth.

advantage is most pronounced on the challen§ipgctraNP dataset, wher€EHEFNMR achieves
40% top-1 accuracy compared to 19% for Hu et al. and only 2% for NMR-DiGress.

Performance scales up with both model and dataset 8zeFNMR-S outperforms baselines by
large margins across all datasets, @wEFNMR-L further improves accuracy. Larger datasets
also yield better results, with the highest performance observ&tS&T 745k data), followed by
SpectraBase (141k data) an®pectraNP (111k data). This suggests expandBgectraNP could
further enhance performance in elucidating complex natural products.

Figure 3 provides qualitative examples@iEFNMR's performance orspectraNP. CHEFNMR
accurately predicts diverse and complex natural product structures in its top-1 predictions (Figure 3(a)).
We additionally show incorrect predictions (Figure 3(b)), and nd that many of the generated
structures remain chemically valid and similar to the ground truth. Additional qualitative examples
are provided in Appendix F.4.

Figure 4: Zero-shot performance on experimental NMR spectra, shown as the nsandard
deviation over three independent sampling runs. Models are traine$B CEvaluation is ortH
and!3C spectra foSpecTeach and on'°*C spectra foNMRShiftDB2 : reported results.



Figure 5. Examples of correct structuresGREFNMR's top-1 predictions on experimentéd)
SpecTeachand(b) NMRShiftDBXlatasets respectively, with solvent peaks marked in red.

6.2 Zero-shot Performance on Experimental Spectra

Figure 4 reports the zero-shot performance on experiméHtahd**C NMR spectraCHEFNMR
achieves 56% top-1 accuracy 8pecTeachand 21% orNMRShiftDB2signi cantly outperforming

Hu et al. R2] and NMR-DiGress, which generalize poorly to both experimental benchmarks. Figure 5
shows thaCHEFNMR can generate the correct structures in its top-1 predictions despite substantial
experimental variations, such as solvent effect and impurities.

6.3 Ablation Studies

. H - 0 H
We perform extensive ablation studies to assess I@g le 3: Ablation results (Top-1 Acc%/ Sim).

contributions of key components in diffusion trainCon guration Acc@1%' Sim@1"
ing and the NMR-ConvFormer on ti8pectraBase Base (GHEFNMR-S) 69.15 0.807
dataset. Each row in Table 3 correspondsto av usion Training Ablation

ant with one component removed or modi ed from” ~ /~ . Augmentation 49.75 0.651
the base setting. Coordinate augmentation improves,ooth L DDT Loss 68.31 0.798
accuracy by 20%, indicating learning symmetries -
is crucial. Within the NMR-ConvFormer, convoNMR-ConvFormer Ablation

lutional tokenizer, MAP pooling, and dropout are” Conv Tokenizer 61.78 0.756
relatively important. Detailed settings and additionar 10Kén count Reduction  66.28  0.789
. . - D — Transformer Block 68.12 0.797
ablations, including separate contributions Bfand MAP Poolin 62.97 0.758
13C spectra, are provided in Appendix E g ' '
p ,arep pp - — Dropout 65.48  0.777

7 Conclusion

In this work, we address the challenge of determining structures for complex natural products
directly from raw 1D NMR spectra and chemical formulas. We introddeeFNMR, an end-to-end
diffusion model that combines a hybrid convolutional transformer for spectral encoding with a
Diffusion Transformer for 3D molecular structure generation. To encompass the chemical diversity
present in natural products, we cur&pectraNP, a large-scale dataset of synthetic 1D NMR spectra

for natural products. Our approach achieves state-of-the-art accuracy on synthetic and experimental
benchmarks, with ablation studies validating the importance of key design components.

Several limitations highlight promising directions for future work. Expanding the training set to
include experimental spectra and more natural products could further improve model performance.
Additional information, such as 2D NMR spectra, could be incorporated to resolve stereochemistry.
Furthermore, adding a con dence module could help chemists better assess the reliability of predicted
structures. Overall, automating NMR-based structure elucidation has the potential to signi cantly
accelerate molecular discovery. Careful validation and responsible deployment will be essential to
ensure safe and impactful use in real-world applications.
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A Details of Conditional 3D Atomic Diffusion Model

In this section, we provide full training and sampling algorithms for the conditional 3D atomic
diffusion model described in Section 3.2 of the main paper.

Training Procedure. The complete training procedure is outlined in Algorithm 1. The smooth LDDT
loss is detailed in Algorithm 2, adapted from AlphaFol@R Unlike the original, which computes
the smooth LDDT loss within a certain radius for protei yve compute it of all atom pairs for
small molecules, as small molecules are more compact in 3D space than proteins.

Algorithm 1 Diffusion Training.

1: procedure TRAINDIFFUSION(D , atom typesA, ground-truth conformersX of°, NMR spectra
S = ('SH; Sc), nhoise schedulPmean Psig) = ( 1:2; 1:3), standard deviation of atom coordinateg)

2: S (su;0),(0;sc), or(0;0) with probability0:1 each . Randomly drop spectra
3: Zzs  NMR-CoONVFORMER(S) . Encode spectra
4: samplek  Uniform(f1;:::;K g); Xo X . Select a target conformer
5: Xo Xo Xo . Center coordinates
6: sampleR  SQO3),t N (0;1);Xo RXoo+t . Random rigid transformation
7 sampldn N (Pmean P3y); data . Sample noise scale
8: samplen N (0; 21);X Xo+n . Add Gaussian noise
9: Xo D (X ;;A;zs) . Predict clean coordinates

10: minimizeL dgiftusion = ( )kX\O X Ok% + Lsmooth-ldd(x\o; X o)
11: end procedure

Algorithm 2 Smooth LDDT Loss.

1: procedure SMoOTHLDDTL osgpredicted coordinateX o, ground-truth coordinateX o, thresholds
t = f0:5; 1:0; 2:0; 4:09)

2. & kR Rk

3 dj Kk Xoi Xojkz2 . Compute pairwise distances
4 di ] Faij dj j . Distance differences
5: i % Ll sigmoidtk di ) . Preserved scores
6: LDDT  means; (i ) . Mean score, excluding self-pairs
7: Lsmooth iait 1 LDDT . Smooth LDDT loss

8 return L smooth_Iddt

9: end procedure

Preconditioning. To stabilize training across different noise levels, we precondition the denoising
networkD following EDM [32]:

D (X ;5 A;zs)= Csip( )X+ Cou( )F Gn( )X ;Croisd );A;Zs ; (7)

whereF is the core neural network performing the actual computation. The scaling functions
Cskip; Cout; Cin; Cnoise @nd the loss weight( ) are de ned as EDM [32]:

2
Cskip( ) = Zfiataz; Cout( )= 9%; (8)
data dataT
6 )= Pt Guosd )= SIn( )i ()= ©)
” T AT (@

Here, qaarepresents the standard deviation of atom coordinates in the dataset (see Appendix Table 7).

Conditional Dropout and Classi er-Free Guidance. To improve robustness and exibility in
conditioning on NMR spectra, we adopt classi er-free guidance (CAG]) During training, thetH
NMR spectrum is replaced with zeros with probability = 0:1, the'*C NMR spectrum is dropped
with pc = 0:1, and both are dropped simultaneously vath = 0:1 (see Algorithm 1). Atinference,
conditional and unconditional predictions are combined via

D' (X ;i Ajzs)=(1+ 1)D (X ;; Aizs) !D (X ;;A); (10)

where! 0 controls guidance scale. This enables generation conditioned on either or both spectra,
improving versatility and performance. In this paper, we! s@tf 1; 1:5; 2g depending on datasets.
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Algorithm 3 Diffusion Sampling using Stochastic Heun¥'arder Method.

1: procedure SAMPLEDIFFUSION(D' (X ;; A;zs), atom typeA, NMR spectra embeddings, noise
level schedule i o.:n g, 0 =0:8, min=1:0,! guidance scale)

2 sampleXo, N 0; 21

3 fori 2f0;:::;N 1gdo

4: = oif > minelsed

5: N it . Temporarily increase noise leval
6: sample i N_ O; I

7 Xi Xi+ A2 27 . Add new noise to move from; to /|
8: di Xi D' i N A zs) =N . EvaluatedX =d at”;
9: Xiss  Xi+( i ™N)di . Take Euler step from to .1
10: if i+1 60 then

11: d°  Xia D'(Xia; is1) =in . Apply 2" order correction
12: Xi+1 X\i +( v o) %di + %d,o

13: end if

14: end for

15: return X N
16: end procedure

Sampling Procedure.The reverse diffusion process begins with N (0; 2,,1) and iteratively

denoises to obtaiK . This process is governed by the stochastic differential equation (SDE) [32]:

daX = rx logp X; A;zs)d () ?%rxlogp X; A;zs)d +p2() dw;
| {z b {z }
probability ow ODE Langevin diffusion SDE
(11)
wherer x logp X; jA;zs = D'(X ;; A;zs) X = 2is the conditional score func-

tion [24], is the noise level, andw is the Wiener process. The tern{ ) determines the
rate at which existing noise is replaced by new noise.

During inference, the noise level schedulg ¢.....n ¢ IS de ned as EDM [32]:

.....

=

i 1 1
i<N = max t ﬁ( min1 maxl) ; N =0; (12)

where max=80, min=0:0004 =7,andN =50 isthe number of diffusion steps. The sampling

process is performed by solving the SDE using the stochastic H2fveethod B2], as outlined in
Algorithm 3.

B Details of NMR-DiGress

As introduced in Section 5.2 of the main paper, NMR-DiGress is a graph-based baseline model
integrating the discrete graph diffusion model DiGreg§} fvith our NMR-ConvFormer for molecular
structure elucidation from 1D NMR spectra and the chemical formula. In this section, we provide a
detailed description of the training and sampling procedures of NMR-DiGress.

In NMR-DiGress, molecule-spectrum pairs are representdes), whereG = (A E) is the
molecular graph. The atom typAs2 f 0; 1gN %aom and bond type& 2 f 0;1gN N deond represent

the graph, witiN being the number of heavy atoms (excluding hydrogens)dagg anddyong being

the total number of atom and bond types, respectively. Bond types include no bond, single bond,
double bond, triple bond, and aromatic bond.

The objective of NMR-DiGress is to generate the bond typeonditioned on the atom typds

(i.e., chemical formula) and the spec8dy sampling from the conditional probability distribution
p(EjA;S). Key differences from the original DiGress are: (1) Atom types are already known
in NMR-DiGress, so only bond matrices are predicted. (2) Spectra embeddingsm NMR-
ConvFormer are added as graph-level features during training and sampling.
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Algorithm 4 NMR-DiGress Training.
1: procedure TRAIN NMR-DIGREsgmolecular grapic = (A ; E), NMR spectra embeddirms )

2: samplet U [1;T] . Sample a diffusion time from the uniform distribution
3:  sampleE' E Q! . Add noise to the bond matrix
4 G (AEYH

5: ze (Gt . Structural features computed from the graph
6: pE (G 2G;2Zs) . Predict the bond matrix
7 minimize “ce (pF;E) . Cross-entropy loss
8: end procedure

Algorithm 5 NMR-DiGress Sampling.

1: procedure SAMPLE NMR-DIGRESYNMR spectra embeddings, atom typedA , marginal distribution of
bond typean , number of diffusion step§)

2: sampleET m . Independently sample each initial bond from the marginal distribution
33 G (AET)

4: fort=T;:::;1do

5: ze T(G5t) . Structural features computed from the graph
6: pE (G'; zG;lgs) . Predict the bond matrix

7: p(e *] G‘)Q cO(e) tie = ed)pf(e) . Posterior distribution of each bond
8: Gt A ;P (e tiG) . Reverse process
9: end for

10:  return G

11: end procedure

Training Procedure. The training procedure of NMR-DiGress is adapted from DiGrésk Noise
is added to each bond independently via discrete Markov chains, and a neural network is trained to
reverse this process to generate bond matrices.

Speci cally, to add noise to a graph, we de ne a discrete Markov protEsg/_, starting from the
bond matrixE® = E:

q EtjEt 1 - Et th; (13)
whereQ! is the transition matrix from stefp 1 tot. From the properties of the Markov chain, the
distribution ofE! givenE is:

q E'YJE = EQ; (14)
whereQ! = Q1Q?:::Q!. Following DiGress, we use the noise schedule:
Q'= 1+ "1m~; (15)
where ' =cos(0:5 (t=T +s)=(1+s))? t'=1 ' T =500is the number of diffusion steps,

ands is a small hyperparameter. Here, is the marginal distribution of bond types in the training
dataset andh” is the transpose ah . This choice of noise schedule ensures that each bold iis
converged to the prior noisy distribution (i.e., the marginal distribution of bond types

To predict the original bond matri& from the noisy grapl& = (A ; Ey), we train a neural network

(G';zg;2s), wherezg is extra features derived fro@ in DiGress and s is the NMR spectra
embedding from NMR-ConvFormer. We use the same graph transformer architecture as in DiGress
for  [66]. The complete training algorithm is shown in Algorithm 4.

Sampling Procedure. We extend DiGress6j] by conditioning on atom typeé and spectra
embeddinggs. Each bond irE T is independently sampled from the marginal distributiorto
form the noisy grapi&’ = (A;ET). For each timestep we compute extra featureg = f (G';t),
predict bond probabilitieg® =  (G'; zg; zs), and derive the posterior for each bogd:

X
p(ef "iG)= (e ‘ie = ed )P (o) (16)

wheree can be chosed from,ng bond types. Then each bond@ ! is independently sampled
according to this posterior. AfteF steps, the denoised molecular graphis generated. The
complete algorithm is given in Algorithm 5.
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C Details of Dataset Curation

In this section, we provide details on the dataset curation process, including the data structure,
preprocessing pipeline, and a summary of the statistics for each dataset.

C.1 Dataset Structure and Preprocessing

Each data entry is represented as a t(SMILES,'H NMR spectrum!3C NMR spectrum, atom
features) The SMILES string is a sequence of characters representing a molétulEdch SMILES

string is canonicalized, with stereochemistry such as chiral centers and double bond con gurations
removed. Only molecules containing the elements C, H, O, N, S, P, F, CI, Br, and | are retained.
Duplicate entries are removed to ensure one unique SMILES per molecule.

The NMR spectra are stored as vectors, and details of the preprocessing steps are provided in
Appendix C.2. Atom features include atom tygesand 3 ground-truth conformeks, which are
generated using RDKitETKDGvalgorithm [1] from the SMILES string. To validate the generated

3D conformations, SMILES strings are reconstructed from the atom types and 3D coordinates using
RDKit's DetermineBonds function [1]. Molecules that fail reconstruction are discarded. Explicit
hydrogens are included to ensure accurate SMILES reconstruction, as requidetHosnineBonds.

C.2 NMR Spectrum Preprocessing

Synthetic Spectra Simulation.Synthetic spectra are generated from SMILES using MestreN@lja [
with deuterated chloroform (CDg)l as the solvent. Default simulation settings are applied:
spectra ( 2 ppm to 12 ppm, 32k points, 500.12 Hz frequency, 0.75 Hz line width)!&6dspectra

( 20ppm to 230 ppm, 128k points, 125.03 MHz frequency, 1.5 Hz line width, proton decoupled).

Experimental Spectra Collection. SpecTeach[65] experimental raw spectra are .imnova le

format, with default NMR processing steps preserved, including group delay correction, apodiza-
tion in the time domain, and phase and baseline corrections in the frequency domain if exist.
NMRShiftDBZ34] has'*C NMR spectra chemical shift lists.

Spectra Preprocessing.To standardize spectra from different datasets, which vary in chemical
shift ranges, resolutions, and intensity scales, we adopt the formaktsag] pnd the preprocessing
method in P2]. *H NMR spectra are linearly interpolated to 10,000 points in the rgn@e 10]

ppm, and*C NMR spectra are interpolated to 10,000 points in the rgn@®; 230]ppm. Spectra

outside these ranges are truncated, while shorter spectra are zero-padded. Intensities are normalized
by dividing by the maximum intensity. F@pectraBase dataset22] and experimental datasets,

13C NMR spectra are preprocessed into 80 binary vectors spa(@ii4@) 231:3) ppm.

To ensure compatibility with baseline models (i.e., Hu et 2] pnd NMR-DiGress), we also
preproces$H NMR spectra into 28,000 points within the range2; 12] ppm and'3*C NMR spectra
into 80 binary vectors spannir(:42; 231:3) ppm where applicable. Appendix Table 4 provides
detailed preprocessing formats for each model and dataset.

Table 4: Standardized formats for preprocessed NMR spectra, specifying spectrum dimensions,
chemical shift ranges, and intensity ranges.

NMR Spectrum Dimension  Chemical Shift (ppm) Intensity
CHEFNMR

1H (Default) 10,000 [ 2;10] 1
B¢ (USPTCBpectraNP) 10,000 [ 20; 230] 1
13C (SpectraBase, SpecTeach NMRShiftDB2 80 (3:42; 231:3) f0; 1g
Hu et al. [22]

1H (Default) 28,000 [ 2;12] 1
13 (Default) 80 (3:42; 231:3) f0; 1g
IH (USPTD 10,000 [ 2;10] 1
NMR-DiGress

1H (Default) 10,000 [ 2;10] 1
18 (Default) 80 (3:42;, 231:3) f0; 1g
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Table 5: Summary of dataset statistics with the number of data points, heavy atoms (excluding
hydrogens), atoms (including hydrogens), atom types, and solvent types reported.

Dataset #Data #Heavy Atoms # Atoms Atom Type Solvent
Synthetic Datasets

SpectraBase 141,489 [2,19] [3,59] 4(C,H,O,N) CDel
USPTO 744,602 [5, 35] [8,101]10(C,H,O,N, S, P, F, Cl,Br,I) CRCI
SpectraNP 111,181 [3, 130] [4,274]10(C,H,O,N,S,P, F,CI,Br, 1) CRCI
Experimental Datasets

SpecTeach 238 [2, 29] [5, 59] 7(C,H,O,N,S,Cl,Br) CDgl|DMSO
NMRShiftbB2 23,457 [3, 35] [3,91] 10(C,H,O,N, S, P, F, CI, Br,I) >7 solvents

C.3 Dataset Statistics

This section provides detailed preprocessing steps and dataset statistics (Appendix Table 5).

Synthetic Datasets.We evaluate our models on two public benchma8gectraBase [22] and
USPTQ4], and our self-curate8pectraNP dataset.

SpectraBase [22] contains molecules with elements C, H, O, and N. The original dataset comprises
142,894 tuples of (Canonical nonstereo SMILES, 28,000-dimenstéhBIMR spectrum, 80-bin

13C NMR spectrum) along with non-overlapping split indices in a ratio of 0.8:0.1:0.1 for training,
validation, and test sets. Each molecule in the dataset is unique. We remove 219 molecules with invalid
1H NMR spectra. After generating 3D conformations for all molecules, 141,489 valid conformations
remain. The original dataset is availabléhétps://zenodo.org/records/13892026 under the
CC-BY 4.0 license.

USPT@®] includes molecules derived from chemical reactiotj,[containing elements C, H, O,

N, S, P, F, Cl, Br, and I. The original dataset contains 794,403 tuples of (Canonical stereo SMILES,
10,000-dimensionalH NMR spectrum, 10,000-dimension&iC NMR spectrum). We generate

3D conformations for each molecule. The nal dataset contains 744,602 entries. The original split
indices are preserved, resulting in a post- Itering split ratio of 0.86:0.04:0.1 for training, validation,
and test sets. The original dataset is availablgtats://zenodo.org/records/11611178 under

the Community Data License Agreement-Sharing 1.0 (CDLA-Sharing-1.0).

SpectraNP contains 111,181 unique natural products with elements C, H, O, N, S, P, F, CI, Br, and I.
Around 31k molecules are sourced from the NPAtlas datal&eWhich includes small molecules

from bacteria and fungi. The remaining molecules are sourced from the NP-MRD dat@Base [
which includes natural products such as vitamins, minerals, probiotics, and small molecules from
various natural sources. The dataset is randomly split into training, validation, and test sets in a ratio
0f 0.8:0.1:0.1.

Experimental Datasets.To evaluate the ability of models trained on synthetic data to generalize to
experimental data, we curate two experimental datasets.

SpecTeachincludes the van Bramer dataséb]. The original dataset contains 247 tuples, but 5
compounds lack corresponding SMILES from the CAS ID, and 3 compounds have invalid experimen-
tal spectra. The nal dataset comprises 238 unique tuples. Most compounds are in €D@ht,

with a few in DMSO solvent. The original dataset is availablatgis://drive.google.com/
drive/folders/1R23KGk3bp6ukGCRb4U-CRuxnL6PYYBYmder CC-BY 4.0.

NMRShiftDBZ34] is a larger-scale dataset BfC NMR spectra in various solvents. We use a subset
of 23,457 molecules excluding SMILES in the training setd&PTOr he original dataset is under the
nmrshiftdb2 Database Licendettps://nmrshiftdb.nmr.uni-koeln.de/nmrshiftdbhtml/
nmrshiftdb2datalicense.txt ).

D Experimental Details

In this section, we provide experimental details for baseline model<CammFNMR, including
hyperparameters, training, and evaluation settings.
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D.1 Baseline Settings

We compareéCHEFNMR with two existing chemical language models and introduce a graph-based
model to evaluate different molecular representations for the structure elucidation task.

Hu et al. [22] use 28,000-dimensiondH NMR spectra and 80-bit? C NMR spectra for all datasets,
except for the USPTO dataset, where 10,000-dimensidh&lMR spectra are used (see Appendix
Table 4). This chemical language model employs a two-stage multitask transformer to predict
SMILES strings from raw 1D NMR spectra. The method pre-de nes 957 substructures and pre-trains
a substructure-to-SMILES transformer model on 3.1M molecules. This pre-trained model is then
used to initialize a multitask transformer, which is ne-tuned on 143k data BpectraBase.

For our experiments, we retrain the substructure-to-SMILES model on the same 3.1M dataset for 500
epochs. Then, we ne-tune the model on each synthetic benchmark dataset for 1500 epochs until
convergence. During ne-tuning, the multitask model is initialized with the substructure-to-SMILES
transformer checkpoint that achieved the lowest validation loss during the pre-training phase. Model
performance is evaluated on each dataset over three independent runs, using the checkpoint with the
lowest validation loss during training. Evaluation is conducted on 1 A100 GPU, with runtime varying
between 30 minutes and 2 hours depending on the dataset. Other hyperparameters are set as default
in the original model [22].

Alberts et al. [4] develop a transformer to predict stereo SMILES from text-based 1D NMR peak
lists and chemical formulas. Due to the unavailability of inference code and differences in input (peak
lists vs. raw spectra) and output (stereo vs. non-stereo SMILES), we report their published results on
the originalUSPT(@r94,403 data points) arpecTeachdatasets.

NMR-DiGress uses 10,000-dimensiondH NMR spectra and Table 6: Number of ltered data.

80-bin3C NMR spectra for all datasets (see Appendix Table 4).

This graph-based model, comprising 14.4M parameters, is trained Dataset # Data

on each dataset using 4 A100 GPUs for 48 hours. Evaluation is

performed using the checkpoint with the highest top-1 matching SpectraBase 132,710

accuracy on the validation set. USPTO 673,257
SpectraNP 106,020

Notably, molecules containing aromatic nitrogens are excluded
from training and evaluation (see Appendix Table 6). This is because NMR-DiGress only uses heavy
atoms (excluding hydrogens) as graph nodes, and ROKia]ls to reconstruct SMILES strings from
molecular graphs with aromatic nitrogens.

D.2 CHEFNMR Settings

CHEFNMR use the preprocessed datasets described in Appendix Tables 4 and 5. Appendix Figure 6
illustrates the full architecture of the NMR-ConvFormer described in Section 3.1. Appendix Table 8
lists the hyperparameters and optimizer settings feEENMR.

All models are trained in bf16-mixed precision. After training, we sample all molecules in the test
set using the trained checkpoint for three independent runs per dataset. We select the checkpoint
with the highest top-1 matching accuracy on the validation set. For experimental datasets, we use the
checkpoint trained on the synthetilSPT@ataset with 10,000-dimensionidl NMR spectra and
80-bin3C NMR spectra. Appendix Table 7 summarizeg training epochs, and sampling time

for CHEFNMR on each dataset. Hereya represents the standard deviation of the atom coordinates

in the dataset. The classi er-free guidance (CFG) staieset to 2 forSpectraBase, 1.5 forUSPTO
andSpectraNP, and 1 forSpecTeachandNMRShiftDB2

Table 7: 4ats training epochs, and sampling time per dataseCioEFNMR. yq1ais the standard
deviation of the atom coordinates in the dataset. Sampling time is the estimated average time on 1
A100 or H100 GPU for three independent runs.

Dataset ot CHEFNMR-S CHEFNMR-L

Train Epoch  Sample Time Train Epoch  Sample Time
SpectraBase 2.02 10k 1h 5k 3h
USPTO 2.67 10k 8h 3k 17h
SpectraNP 3.28 26k 3.5h 18k 9h
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Figure 6: Details of the NMR-ConvFormer architecture. For the 10,000-dimensidraiC NMR
spectrum, we use a convolutional tokenizer comprising two 1D convolutional layers with ReLU and
max-pooling, outperforming the ViT-style patch tokeniz&T][ For the 80-bin'3C spectrum, we use
learnable embeddings for each bin instead of the convolutional tokenizer. The standard transformer
encoder comprises multi-head self-attention and feed-forward networks with pre-layer norm and
residuals. Hyperparameters suctoas channel andkernel_size are listed in Appendix Table 8.

Table 8: GHEFNMR hyperparameters and optimizer settings.

Parameter BEFNMR-S  CHEFNMR-L
NMR-ConvFormer

General

Encoder Dimension encode) 256

Dropout Rate 0.1
Convolutional Tokenizer

Number of Blocks 2

Output Channelsout_channel ) [64, 128]

Kernel SizesKernel_size ) [5, 9]

Stride Sizesdtride ) [1,1]

Max Pooling Sizesfool_size ) [8,12]
Transformer Encoder

Positional Encoding Learnable
Type Encoding Learnable
Number of Blocks 4

Number of Attention Heads 8

Head Dimension 32

MLP Ratio 4

Pooling

Pooling Strategy Multihead Attention Pooling
DiT

Number of Blocks 12 24
Number of Attention Heads 8 16
Hidden Dimension 768 1024
MLP Ratio 4

Optimizer (Adam)

Learning Rate le-4

Adam 1 0.9

Adam 0.95

Adam le-8
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Table 9: Ablation study on NMR-ConvFormer components.

Con guration Tokenizer # Tokens Transformer Pooling Dropout Acc@1%&im@1"
Base (GIEFNMR-S) Conv 183 Y MAP 0.1 69.15 .08 0.807 .002
Tokenizer Ablation

— Conv Tokenizer Patch 183 Y MAP 0.1 61.788 0.756 .000
— Token Count Reduction ~ Conv 121 Y MAP 0.1 66.288 0.789 .001
Transformer Ablation

— Transformer Block Conv 183 N MAP 0.1 68.127 0.797 .o01
Pooling Ablation

— MAP Pooling Conv 183 Y Flatten 0.1 62.944 0.758 .002
Dropout Ablation

— Dropout Conv 183 Y MAP 0.0 65.4806 0.777 .001

E Additional Ablation Studies

In this section, we provide additional ablation studies to evaluate the impact of the NMR-ConvFormer
components and the impact of different NMR spectra elEENMR's performance.

E.1 Ablation Studies for NMR-ConvFormer

We perform extensive ablation studies to evaluate the contributions of key components in the NMR-
ConvFormer on th&pectraBase dataset usin@HEFNMR-S. The results are summarized in Table 3
of the main paper, with detailed con gurations provided here.

Some of the modi cations in Appendix Table 9 areConv Tokenizer. The convolutional tokenizer

is replaced with a patch tokenizer (see Appendix Figure 6) ysattch_size =192 andstride =

96 to maintain the same token countToken Count Reduction The number of tokens is reduced
from 183 to 121 by increasing max pooling sizpsd@l_size in Appendix Table 8) from [8, 12] to
[12, 20].— MAP Pooling: The MAP pooling layer is replaced with a attening layer, which reshapes
the transformer encoder's output frdiimatch_sizeT; Dencode) t0 (batch_sizeT  Dencode) -

We nd that within the NMR-ConvFormer, the convolutional tokenizer outperforms the patch
tokenizer, likely due to its ability to capture local features more effectively. Reducing the number of
tokens leads to a drop in performance. The MAP pooling layer is more effective than attening for
aggregating features. Dropout regularization is necessary to prevent over tting.

E.2 Ablation Studies for Different NMR Spectra

We investigate the impact of using different NMR spectid KMR, 23C NMR, or both) on model per-
formance on th&pectraBase dataset. The results are presented in Appendix Tabl€4@FNMR

Table 10: Performance ddpectraBase using different NMR spectra.
Top-1 Top-5 Top-10
Spectrum Model Acc% Sim" Acc%" Sim" Acc%" Sim"

Hu et al. 4.50 .15 0.296 .000 12.92 .11 0.460 .001 18.27 .14 0.523 .o01
NMR-DiGress 10.87.08 0.314 .001 19.35 .03 0.438 .001 23.00 .02 0.477 .001
CHEFNMR-S 26.69 .06 0.469 .001 39.90 .33 0.612 .001 44.59 .07 0.651 .000
CHEFNMR-L 30.28 .15 0.510 .002 47.33 .14 0.672 .000 53.53 .30 0.718 .o01

Hu et al. 31.12 .15 0.569 .001 48.64 .42 0.725 .001 54.92 26 0.771 .001
NMR-DiGress 31.13.13 0.521 .001 48.73 .24 0.682 .001 54.52 .18 0.723 .001
CHEFNMR-S 57.97 25 0.720 .002 72.64 .22 0.841 .002 76.58 .23 0.867 .002
CHEFNMR-L 59.37 20 0.739 .001 74.91 .11 0.857 .001 79.20 .09 0.884 .000

Hu et al. 45.24 18 0.686 .001 62.37 .08 0.815 .001 67.38 .05 0.847 .001
NMR-DiGress 43.56.30 0.625 .002 62.47 .20 0.779 .002 68.39 .35 0.817 .001
CHEFNMR-S 69.15 .08 0.807 .002 82.09 .24 0.904 .002 85.30 .04 0.922 .000
CHEFNMR-L 72.04 .02 0.833 .000 85.24 .10 0.923 .001 88.20 .07 0.940 .000

130

H

13C +1H
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consistently and signi cantly outperforms the baselines wihor/and'3C spectra. The combination
of 'H and*3C spectra provides complementary information that yields the best performance.

F Additional Results and Analysis

This section provides additional results and analysis across datasets, demonstrating the state-of-the-art
performance and generalization ability©@HEFNMR. Appendix F.1 reports the Average Minimum
RMSD metrics for generated 3D structures. Appendix F.2 analgegssNMR's generalization

ability to unseen molecular scaffolds and different solvents in NMR spectra. Appendix F.3 presents a
systematic failure mode analysisGHEFNMR by molecular structures and domain shift between
synthetic and real spectra. Appendix F.4 and F.5 provide additional qualitative examples on synthetic
and experimental datasets respectively.

F.1 RMSD Metric

Since GHHEFNMR generates atomic 3D coordinates, we additionally report thé taperage Mini-

mum RMSD (AMR) of heavy atoms in Appendix Table 11. The RMSD for each predicted structure

is computed against three ground-truth conformers and taken as the minimum value. We then select
the minimum RMSD among the tdppredictions for each molecule and average across all molecules

to obtain the togk AMR Although RMSD is not size-independent and thus less interpretable, the
obtained results are reasonable given the dataset complexity.

Table 11: Average Minimum RMSD in A.

Dataset Top& Top-5% Top-1G¢
SpectraBase 3.26 2.87 2.71
USPTO 4.59 4.14 3.96
SpectraNP 5.50 5.12 4.97
SpecTeach 2.10 1.71 1.56
NMRShiftbB2 3.23 2.83 2.68

F.2 Generalization Analysis

In this section, we analyzZBHEFNMR's generalization ability to unseen molecular scaffolds (Ap-
pendix F.2.1) and different solvents (Appendix F.2.2) in NMR spectra.

F.2.1 Generalization to Unseen Molecular Scaffolds

We evaluateCHEFNMR's generalization ability to unseen molecular scaffolds by creating test subsets
with scaffolds not present in the training sets. Appendix Table 12 shows the subsets are relatively
chemically dissimilar to the training sets, based on Scaffold similarity (Scaff), ngerprint-based Tani-
moto Similarity to a nearest neighbor (SNMNJ], and the absolute difference of standard deviation of

Table 12: Similarity analysis between training and test splits across datasets. Unseen: test subsets
with scaffolds unseen during training. Scaff: Scaffold similarity; SNN: Tanimoto similarity to nearest
neighbor,j ain tesi: absolute difference of std of atom coordinates between training and test sets.

Train Set Test (Sub)set #Test Set Data  ScafSNN' | yain test#
SpectraBase SpectraBase 14137 0.959 0.659 0.004
SpectraBase SpectraBase (Unseen)  3770(26.7%) 0.000 0.657 0.025
USPTO USPTO 73059 0.980 0.698 0.005
USPTO USP{Unseen) 14711 (20.1%) 0.000 0.656 0.174
SpectraNP SpectraNP 10952 0.894 0.722 0.012
SpectraNP SpectraNP(Unseen) 2897 (26.5%) 0.000 0.655 0.144
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Table 13: Performance on unseen scaffold test subsets across synthetic datasets.

Top-1 Top-5 Top-10
Dataset Model Acc% Sim" Acc%" Sim" Acc%" Sim"
Hu et al. 39.59 26 0.653 .002 55.43 64 0.776 .003 59.85 .59 0.807 .003

NMR-DiGress 43.10.29 0.607 .003 59.70 .22 0.759 .001 64.83 .24 0.793 .002
CHEFNMR-S 64.09 .32 0.758 .003 77.35 .20 0.871 .001 80.73 .22 0.892 .001
CHEFNMR-L 66.40 .31 0.785 .002 80.24 .33 0.891 .001 83.75 .24 0.912 .001

Hu et al. 25.80 .22 0.590 .001 41.58 27 0.738 .001 47.12 27 0.778 .002
NMR-DiGress 12.93.23 0.388 .003 25.27 .22 0.596 .002 31.42 .12 0.653 .001
CHEFNMR-S 66.68 .04 0.814 .002 81.31 .08 0.921 .000 84.81 .04 0.938 .000
CHEFNMR-L 67.78 .25 0.836 .003 81.79 .11 0.925 .000 85.26 .13 0.941 .o01

Hu et al. 7.68 36 0.478 .001 16.16 .27 0.623 .001 20.26 .27 0.659 .000
NMR-DiGress 1.59.10 0.222 .004 4.50 24 0.389 .002 6.18 .19 0.436 .001
CHEFNMR-S 21.40 .44 0.417 .00o1 35.30 .20 0.641 .001 40.14 .09 0.696 .000
CHEFNMR-L 21.82 .24 0.477 .002 37.04 .66 0.694 .001 42.69 .31 0.741 .002

SpectraBase

USPTO

SpectraNP

atom coordinates between training and test sets. Appendix Table 13 shows the performance on these
unseen scaffold subsets with different mod€seFNMR still signi cantly outperforms baselines
across these subsets, demonstrating its generalization ability.

F.2.2 Generalization Across Solvents in Experimental Spectra

We report top-10 zero-shot accuracy on 2k experimental 13C spectra paired with solvent information
from NMRShiftDBZ34] in Appendix Table 14CHEFNMR trained on synthetic 13C spectra with
CDCl; solvent shows generalization ability to various solvents except4Bs® and C;CN.

Table 14: Top-10 zero-shot accuracy@fEFNMR on NMRShiftDBZ 34] across different solvents.

Solvent #Molecules  Top-10 Zero-shot Accuracy
CDCls 1498 0.263
DMSO 232 0.323
CD;0D 197 0.102
CsDsN 57 0.035
CsDs 48 0.188
D20 36 0.500
CCly 33 0.788
CDsCN 11 0.000
(CD3),CO 2 0.500

F.3 Failure Mode Analysis

In this section, we systematically analyze the failure modeSHEFNMR by molecular structures
(Appendix F.3.1) and domain shift between synthetic and real spectra (Appendix F.3.2).

F.3.1 Failure Mode by Molecular Structures

Failure rate is de ned as the proportion of molecules where the model fails to generate the correct
structure within the top-10 predictions. We analyze the failure rate by molecular structures, including
the number of atoms, number of rings, largest ring size, and functional groups 6f@FNMR

on the synthetiSpectraNP (Appendix Table 15 and 16), and experimer@pkecTeach(Appendix

Table 17 and 18) andMRShiftDB2Appendix Table 19 and 20) datasets.

On all datasets, the model fails more often on molecules with the most atoms or the largest number of
rings due to less training data and increasing complexity of spectra and structures for larger molecules.
However, the model is not systematically signi cantly failing in a speci ¢ functional group category.

25



Table 15: Failure rate analysis on synth&mectraNP dataset by molecular properties.

By Total Atoms (including hydrogens)

Total Atoms 40 41-80 81-120 121-160 161-200>200

Total Molecules 2265 6168 1818 539 140 22

Failure Rate 0.296 0.315 0.411 0.492 0.707 1.000

By Heavy Atoms

Heavy Atoms 20 21-40 41-60 61-80 81-100 > 100

Total Molecules 2099 6563 1750 415 110 15

Failure Rate 0.298 0.311 0.431 0.542 0.773 1.000
By Number of Rings

Ring Count 0 1-2 3-4 5-6 7-8 >8

Total Molecules 559 3070 4437 2102 560 224

Failure Rate 0.250 0.317 0.332 0.381 0.407 0.571
By Largest Ring Size

Largest Ring No rings 3-5 6 7-8 >8

Total Molecules 559 483 8061 778 1071

Failure Rate 0.250 0.383 0.322 0.382 0.490

Table 16: Failure rate by functional groups on synth8pectraNP dataset.

Category Carbonyls Amides Esters Ethers Alcohols Halogen Sulfur Nitrogen
Total Molecules 8148 1479 4389 8048 6861 477 138 3046
Failure Rate 0.352 0.411 0.354 0.342 0.355 0.356 0.341 0.386

Table 17: Failure rate analysis on experime@pécTeachdataset by molecular properties.

By Total Atoms (including hydrogens)

Total Atoms 10 11-15 16-20 21-25 26-30>30

Total Molecules 10 60 76 48 26 18

Failure Rate 0.000 0.217 0.289 0.271 0.500 0.556

By Heavy Atoms

Heavy Atoms 5 6-10 11-15 16-20 >25

Total Molecules 38 154 37 8 1

Failure Rate 0.105 0.240 0.676 0.500 1.000
By Number of Rings

Ring Count 0 1 >1

Total Molecules 157 69 12

Failure Rate 0.210 0.449 0.583
By Largest Ring Size

Largest Ring No rings 3-5 6

Total Molecules 157 4 77

Failure Rate 0.210 0.250 0.481

Table 18: Failure rate by functional groups on experime8pmcTeachdataset.

Category Carbonyls Amides Esters Ethers Alcohols Halogen Nitrogen
Total Molecules 125 3 46 58 43 24 24
Failure Rate 0.304 0.667 0.435 0.448 0.256 0.208 0.542
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Table 19: Failure rate analysis on experimeMBRShiftDB2lataset by molecular properties.

By Total Atoms (including hydrogens)

Total Atoms 20 21-40 41-60 61-80 >80
Total Molecules 6484 13685 2806 417 65
Failure Rate 0.351 0.689 0.916 0.947 0.985
By Heavy Atoms
Heavy Atoms 10 11-20 21-30 >30
Total Molecules 5591 13855 3504 507
Failure Rate 0.326 0.664 0.917 0.982
By Number of Rings
Ring Count 0 1-2 3-4 5-6 7-8
Total Molecules 2955 14763 5192 514 33
Failure Rate 0.334 0.592 0.862 0.977 1.000
By Largest Ring Size
Largest Ring No rings 3-5 6 7-8 >8
Total Molecules 2955 3031 16552 682 237
Failure Rate 0.334 0.630 0.666 0.871 0.916

Table 20: Failure rate by functional groups on experimeNiRShiftDBXataset.

Category Carbonyls Amides Esters Ethers Alcohols Halogen Sulfur Nitrogen
Total Molecules 11096 2562 4320 9699 3756 6248 1207 12074
Failure Rate 0.681 0.713 0.726  0.723 0.759 0.528 0.725 0.674

F.3.2 Domain Shift between Synthetic and Real Spectra

To quantify the domain shift between synthetic and real spectra, we simulate synthetic spectra for
molecules in th&SpecTeachdataset using MestReNova, and compute the cosine similarity between
synthetic and real spectra following][ We also report the average cosine similarity of successful
and failed predictions on th®pecTeach Appendix Table 21 shows that 10,000-dimensidrl

NMR spectra have signi cantly lower cosine similarity than 80-bin 13C NMR spectra, indicating a
need for more robust representatiort BfNMR spectra. In addition, failed predictions have lower
similarity between synthetic and reldHl spectra. We note that it is non-trivial to develop systematic
metrics to quantify the spectra domain shift, and we leave it to future work.

Table 21: Cosine similarity between synthetic and experimental spectra of molec8lgsdmeach
and successful and failed predictions byeENMR.

Type Count Cos Sim (1H) Cos Sim (13C)

All 238 0.174 195 0.743 214
Success 167 0.197199 0.747 .206
Fail 71 0.119 177 0.735 234

F.4 Additional Qualitative Results on Synthetic Spectra

We present more examples GHEFNMR's predictions on the synthetiSpectraBase dataset
(Appendix Figure 7), the synthetidSPT@ataset (Appendix Figure 8), and the synth&pectraNP

dataset (Appendix Figure 9). The quantitative results demonstrateCHetNMR effectively

elucidates diverse chemical structures across various synthetic datasets.

F.5 Additional Qualitative Results on Experimental Spectra

We present additional examples GHEFNMR's zero-shot predictions on experimental datasets,
including theSpecTeachdataset (Appendix Figure 10) and tN&RShiftDB2Xlataset (Appendix
Figure 11). These results highligiHEFNMR's robustness to experimental variability, such as
differences in solvents, impurities, and baseline noise.
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Figure 7: Examples dEHEFNMR's predictions on the synthetf8pectraBase dataset(a) Correctly
predicted structures in top-1 predictiork) Incorrect top-1 predictions with corresponding Tanimoto
similarity scores.

Figure 8: Examples o€HEFNMR's predictions on the synthetidSPT@ataset.(a) Correctly
predicted structures in top-1 predictioril) Incorrect top-1 predictions with corresponding Tanimoto
similarity scores.
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