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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 proton (*H) or carbon (*3C) atom (middle). The resulting chemical
shifts (x-axis locations), peak intensities, and J-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 genome [30, [2]].
Small molecules, by contrast, are neither directly genetically encoded nor repeating polymers.
Structure elucidation therefore relies on de novo experimental methods for every new molecule,
making the discovery of cellular metabolites, essential molecules, antibiotics, and other therapeutics
a slow and tedious process [8, 48l [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 proton (*H) and carbon (*3C) 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 significant time and expertise, even with computational assistance [8]. Consequently,
automating molecular structure elucidation directly from raw 1D NMR spectra would significantly
accelerate progress in chemistry, biomedicine, and natural product drug discovery [56} 147, [77] 142, [17].

With the rise of deep learning approaches applied to molecules, diffusion generative models [20, 159,
32]] have emerged as powerful tools for tasks such as small molecule generation [211 146l |69, |40],
ligand-protein docking [[10, [57], and protein structure prediction [2, [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 introduce CHEFNMR (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 Transformer [49]] for 3D atomic structure generation. To scale to the complex chemical
groups found in natural products, we curate SpectraNP, a large-scale dataset of synthetic ID NMR
spectra for 111,181 complex natural products (up to 274 atoms), significantly expanding the chemical
complexity of prior datasets (<101 atoms) [22, 4]. We compare CHEFNMR 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 hydrogen (*H) or isotopic carbon (13C),
to radiofrequency pulses in a strong magnetic field. The resulting spectrum consists of peaks from
chemically distinct nuclei, where peak positions (i.e., chemical shifts), intensities, and fine splitting
patterns (i.e., J-coupling) reflect local chemical environments and connectivities of the nuclei.

Formally, let the observed spectrum be a real-valued signal S(4) : 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:

N
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where A; is the intensity (amplitude) of the i-th peak, J; is the chemical shift (peak center), and ~; is
the linewidth (related to relaxation) of the peak. L(d; d;,;) is the normalized Lorentzian line shape:
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and €(d) models additive noise (e.g., Gaussian white noise or baseline drift). J-coupling refers to the
splitting of the signal for a given nucleus into a sum of multiple peaks when nearby atoms interact:
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where M; is the number of split components for the i-th nucleus, and §;; 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 into M; = m+ 1 components assuming m interacting nuclei. See Figure/[I]
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 spectrometry [7]] combined 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 present CHEFNMR, 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 as (A, X,S), where A € {0, 1}V *duon
denotes the one-hot encoding of atom types for a molecule with N atoms and dyn, possible atom
types, X € RY*3 represents the 3D atomic coordinates, and S = (sy, sc) contains the NMR
spectra, specifically the 'H spectrum sy € R% and the '3C spectrum sc € R%. Our objective is to
generate the 3D coordinates X conditioned on the atom types A (i.e., chemical formula) and the
spectra S by sampling from the conditional probability distribution p(X|A, S).
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Figure 2: Overview of the CHEFNMR 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 coordinates X from atom
tokens formed by concatenating noisy coordinates X, and atom types A, conditioned on the spectral
embedding and noise level o via 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 spectra S, we 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 a). Unlike prior methods that rely solely on 1D
convolutions [22,45]] or transformers with simple patching [67} 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 (*H and '3C) 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 dimension Dencoders
yielding token sequences of shape (7', Dencoder)-

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 peaks in a 'H spectrum or matching signals
from the same chemical group in both 'H and '3C spectra.

Multihead Attention Pooling (MAP). We use MAP [37,(79] to obtain a fixed-size spectral embed-
ding. A learnable [CLS] token prepended to the encoder output sequence aggregates information
via a final self-attention layer. The resulting [CLS] token state, after layer normalization and linear
projection, serves as the conditioning vector zs € R for the diffusion model. Dropout is applied
at multiple stages to mitigate overfitting. 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 [32]. The model Dy is trained to predict clean 3D coordinates X from noisy inputs
X, = Xo + n, where n ~ N (0,02I) and the noise level o is sampled from a pre-defined



distribution p(o). Given X, o, atom types A, and spectral embedding zs, the model minimizes:

Littusion = E (X0, A,25)~paas [/\(U)ﬁMSE(XO, X0) + Lsmootn 1ddt (X0, Xo)} , 4
o~p(o),n~N(0,621)

where X, = Dy(X,;0,A, zs) are the predicted coordinates.

The MSE loss, Lyse = || Xo — Xo||3. 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) loss [43]], adapted from AlphaFold3 [2]].
The LDDT score is computed over all distinct atom pairs (4, 5):
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Here, cfu = ||&; — &;||2 and d;; = ||zo,; — X0 ;||2 are the predicted and true distances, respectively.

Thresholds ¢, € {0.5,1.0,2.0,4.0 A} specify allowable deviations between predicted and true
distances when evaluating prediction accuracy. The smooth LDDT loss is Lsmeoth_1dat = 1 — LDDT,
encourages local geometric fidelity by penalizing pairwise deviations. The combined loss promotes
both global alignment and local chemical validity.

Random Coordinate Augmentation. For each molecule, we generate % ground-truth conformers.
During training, we randomly sample one conformer X and apply a random rigid transformation
(translation and rotation) following [22} [29] 40]. This augmentation encourages Dy to learn SE(3)-
invariant representations and mitigate overfitting, significantly improving performance.

Diffusion Transformer (DiT) Architecture. The network Dy is a DiT [49] shown in Figure b).
Input atom tokens are formed by concatenating noisy coordinates X, and atom types A, followed
by an MLP projection. The noise level o is embedded using frequency encoding and an MLP. This
noise embedding is added to the spectral embedding zs to form the conditioning vector, which is
integrated into the DiT blocks via adaptive layer normalization (adalLN-Zero) [49].

Conditional Dropout and Classifier-Free Guidance. To improve robustness and flexibility in
conditioning on different NMR spectra, we adopt classifier-free guidance (CFG) [[19]. During
training, the 'H NMR spectrum is dropped with probability py = 0.1, the 1*C NMR spectrum
is dropped with pc = 0.1, and both are dropped simultaneously with p,on = 0.1. At inference,
conditional and unconditional predictions are combined via

Dy (Xs;0,A,25) = (1 +w) Dy(Xy50,A,25) —wDy(Xy;50,A), 6)

where w >0 controls guidance scale. This enables generation conditioned on either or both spectra,
improving versatility and performance. See Appendix [A] and 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 approaches [6, 28} [13| 35, 1311 [16} 139, 44]]. Following established dataset curation
practices [22} 14]], we create our SpectralP dataset using the commercial software MestReNova [44],
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 space [60, [17]]. Traditional
computer-aided systems, while historically employed and useful, often suffer from computational
inefficiencies [8]. Recent ML methods have tackled this challenge, but most simplify the problem by
predicting molecular substructures instead of full molecules [38. 36,15 164! [76] 33], or by leveraging
richer inputs, such as multimodal spectra beyond NMR [54} 112} 50,155, 11} 9163} 153]] and database
retrieval [78} 162 133]]. In contrast, our method directly tackles the de novo elucidation of molecular
structures using only raw 1D NMR spectra and chemical formulae.



De Novo Structure Elucidation from 1D NMR Spectra. Recent work developing machine learning
methods for de novo structure elucidation from 1D NMR spectra focuses on structurally simple
molecules, leveraging either chemical language models or graph-based models. Chemical language
models [80} 22,13, 4] generate SMILES strings [[71]], a sequence-based molecular representation. For
example, Hu et al. [22] use a multitask transformer pre-trained on 3.1M substructure-molecule pairs
and fine-tuned on 143k NMR spectra from SpectraBase [26], achieving 69.6% top-15 accuracy
for molecules under 59 atoms. Alberts et al. 3} 4] employ transformers to predict SMILES from
text-based 1D NMR peak lists and chemical formulas, reporting 89.98% top-10 accuracy on the
USPTO dataset [41] for molecules under 101 atoms. Graph-based models iteratively construct
molecular graphs with GNNs, using methods like Markov decision processes or Monte Carlo tree
search [27, 23} 161]]. 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 first 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 GNNs [74} 21175/ 146]] 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 prediction [2} [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.

S Experiments

5.1 Dataset Curation
Table 1: Summary of dataset statistics.

Synthetic Datasets. We evaluate models on

two public benchmarks, SpectraBase [22] and Synthetic # Molecules # Atoms
USPTO [4], and our self-curated SpectraNP dataset. SpectraBase [22] 141k [3, 59]
SpectraBase contains simple molecules [22, 126, USPTO [4]] 745k [8, 101]
while USPTO features a broader range of molecules  SpectraNP 111k [4, 274]
in chemical reactions [41]. SpectraNP com- -

bines data from NPAtlas [52]], a dla)ltabase of small Experimental # Molecules # Solvents
molecules from bacteria and fungi, with a subset of ~ SpecTeach [63]] 238 2
NP-MRD [72] including various natural products.  NMRShiftDB2 [34] 23k >7

Experimental Datasets. To evaluate the ability of

models trained on synthetic data to generalize to experimental data, we curate two experimental
datasets. Following [4]], we include the SpecTeach dataset [65]], which contains 238 simple molecules
for spectroscopy education. We also include NMRShiftDB2 [34], a larger-scale dataset of 13C NMR
spectra in various solvents, following 61, 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 tuple (SMILES, 'H NMR spectrum, 3C
NMR spectrum, atom features). SMILES strings are canonicalized with stereochemistry removed,
and synthetic spectra are simulated using MestreNova [44]. Atom features include atom types A and
3D conformations X, generated using RDKit’s ETKDGv3 algorithm [[1] given the SMILES string.

To preprocess datasets, any duplicate SMILES are first removed. 'H and '3C spectra are interpolated
to 10,000-dimensional vectors following [22} 4], and normalized by their highest peak intensity,
except for SpectraBase [22] and experimental datasets, where *>C spectra are binned into 80 binary
vectors. To validate 3D conformers, SMILES strings are reconstructed from atom types and 3D
coordinates using RDKit’s DetermineBonds function [1]], and molecules failing reconstruction are
discarded. See Appendix [C]for dataset curation details.

5.2 Experimental Setup

Baselines. We compare CHEFNMR 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: (1) Hu et al. [22] propose a two-stage multitask transformer for
predicting SMILES from 1D NMR spectra. Their method pre-defines 957 substructures and pre-trains
a substructure-to-SMILES model on 3.1M molecules, and then fine-tunes a multitask transformer
on 143k NMR spectra from SpectraBase. We retrain their substructure-to-SMILES model on the
same 3.1M dataset and fine-tune it on each synthetic benchmark. (2) Alberts 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 results on USPTO and SpecTeach.

To test an alternative graph-based representation, we also propose NMR-DiGress, a model integrating
the discrete graph diffusion model DiGress [66] with our NMR-ConvFormer. Molecular graphs are
represented as atom types A and bond matrices E € {0, 1}V>*~NXdua_where N is the number of
atoms and dpong 1S 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 [BJand [D.1]for full algorithms and detailed settings.

CHEFNMR. We evaluate two variants: CHEFNMR-S (134M parameters) and CHEFNMR-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: (1) Top-k matching accuracy, which checks whether the
ground truth SMILES string is exactly matched by any of the top-k predicted 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 the top-k predictions, using the Tanimoto
similarity of Morgan fingerprints (length 2048, radius 2) [[1].

6 Results

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

6.1 Performance on Synthetic Spectra

Table summarizes the performance on synthetic 'H and '3C NMR spectra. CHEFNMR significantly
surpasses all baselines in matching accuracy and maximum Tanimoto similarity across datasets. The

Table 2: Performance on synthetic 'H and ®C NMR spectra, reported as the mean =+ standard
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% 1 Sim 1 Acc% 1 Sim 1 Acc% 1 Sim 1
Hu et al. 45.244.18 0.686+.001 62.37+.08 0.815+.001 67.38+.05 0.847+.001

NMR-DiGress 43.56+.30 0.625+.002 62.474+.20 0.779+.002 68.39+.35 0.817+.001
CHEFNMR-S 69.15+.08 0.807+.002 82.09+.24 0.9044.002 85.30+.04 0.9224.000
CHEFNMR-L 72.04+.02 0.833+.000 85.24+.10 0.923+.001 88.20+.07 0.940+.000

SpectraBase

Hu et al. 38.024+.02 0.674+.001 55.85+.04 0.810+.000 61.76+.03 0.845+.000
Alberts et al.*  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+.001 48.87+.11 0.761+.000

CHEFNMR-S 81.16+.08 0.9024+.000 91.03+.05 0.9644.000 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 2.124+.14 0.2604+.001 6.314+.08 0.432+.001 9.17+.11  0.485+.000
CHEFNMR-S 40.37+.33 0.5834+.004 59.08+.28 0.791+.000 64.374+.08 0.8344.001
CHEFNMR-L 40.15+29 0.631+.004 59.83+.30 0.822+.002 65.74+.09 0.860+.000

SpectralP




(b) Target Structure

0.794 0.657 0.718 0.642

Figure 3: Examples of CHEFNMR’s predictions on the synthetic SpectraNP dataset. (a) Correctly
predicted diverse and complex natural products in top-1 predictions. (b) Incorrect top-2 predictions
ranked by Tanimoto similarity remain chemically valid and structurally similar to the ground truth.

advantage is most pronounced on the challenging SpectraNP dataset, where CHEFNMR 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 size. CHEFNMR-S outperforms baselines by
large margins across all datasets, and CHEFNMR-L further improves accuracy. Larger datasets
also yield better results, with the highest performance observed on USPTO (745k data), followed by
SpectraBase (141k data) and SpectraNP (111k data). This suggests expanding SpectralP could
further enhance performance in elucidating complex natural products.

Figure 3] provides qualitative examples of CHEFNMR’s performance on SpectraNP. 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 find that many of the generated
structures remain chemically valid and similar to the ground truth. Additional qualitative examples
are provided in Appendix [F4]
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Figure 5: Examples of correct structures in CHEFNMR’s top-1 predictions on experimental (a)
SpecTeach and (b) NMRShiftDB2 datasets respectively, with solvent peaks marked in red.

6.2 Zero-shot Performance on Experimental Spectra

Figurereports the zero-shot performance on experimental 'H and '3C NMR spectra. CHEFNMR
achieves 56% top-1 accuracy on SpecTeach and 21% on NMRShiftDB2, significantly outperforming
Hu et al. [22]] and NMR-DiGress, which generalize poorly to both experimental benchmarks. Figure 3]
shows that CHEFNMR can generate the correct structures in its top-1 predictions despite substantial
experimental variations, such as solvent effect and impurities.

6.3 Ablation Studies

We perform extensive ablation studies to assess the Table 3: APlatlon results (Top-1 ACC% /Sim).
contributions of key components in diffusion train- Configuration Acc@1% T Sim@1 1
ing and the NMR-ConvFormer on the SpectraBase Base (CHEENMR-S) 69.15 0.807
dataset. Each row in Table 3| corresponds to a vari- —_— — :

. . Diffusion Training Ablation
ant with one component removed or modified from .
he b . Coordi .. — Coord Augmentation 49.75 0.651
the base setting. Coordinate augmentation improves  _ g h | DDT Loss 68.31 0.798
accuracy by 20%, indicating learning symmetries -
is crucial. Within the NMR-ConvFormer, convo- NMR-ConvF ormer Ablation
lutional tokenizer, MAP pooling, and dropout are ~ ¢onv Tokenizer 61.78 0.756

relatively important. Detailed settings and additional —~— Token Count Reduction 6628 0.789
. . . Lo 1 — Transformer Block 68.12 0.797

ablations, including separate contributions of “H and MAP Pooli 62.97 0758

13C spectra, are provided in Appendix _ Jonne ' )
spectra, p 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 introduce CHEFNMR, 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 curate SpectralP, 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 confidence module could help chemists better assess the reliability of predicted
structures. Overall, automating NMR-based structure elucidation has the potential to significantly
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[T} The smooth LDDT
loss is detailed in Algorithm 2] adapted from AlphaFold3 [2]]. Unlike the original, which computes
the smooth LDDT loss within a certain radius for proteins [2l], we 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(Dy, atom types A, ground-truth conformers {X *}f::f, NMR spectra
S = (sH, sc), noise schedule (Prean, Pua) = (—1.2,1.3), standard deviation of atom coordinates g )

2: S « (su,0), (0, s¢), or (0,0) with probability 0.1 each > Randomly drop spectra
3: zs < NMR-CONVFORMER(S) > Encode spectra
4: sample k ~ Uniform({1, ..., K}); Xo < Xj > Select a target conformer
5: Xo +— X0 — Xo > Center coordinates
6: sample R ~ SO(3),t ~ N(0,I); Xo + RXo +1 > Random rigid transformation
7: sample In o ~ N(Pean, Ps%d); O < 0 Odaa > Sample noise scale
8: sample n ~ N (0,0%I); X, + Xo+n > Add Gaussian noise
9: X0+ Do(X,;0,A, zs) > Predict clean coordinates

10: minimize Laiffusion = )\(U)HXO — XolI3 + Esmomh-lddt(Xm Xo)
11: end procedure

Algorithm 2 Smooth LDDT Loss.

1: procedure SMOOTHLDDTLOSS(predicted coordinates Xo, ground-truth coordinates Xy, thresholds
t ={0.5,1.0,2.0,4.0})

2 diy < ||@ — 2

3 dij < ||o,i — To,j|2 > Compute pairwise distances
4: Adij + |dij — dij] > Distance differences
5: €ij < 3 Sh_, sigmoid(ty — Ady;) > Preserved scores
6: LDDT < mean;;(€i;) > Mean score, excluding self-pairs
7 Lismooth_1ddt <— 1 — LDDT > Smooth LDDT loss
8:  return Lsmootn_ldat

9: end procedure

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

Do(X 550, A, 25) = csip(0) X + Cout(0) Fy (cin(0) X i Croise (0), A, 2s), ()

where Fy is the core neural network performing the actual computation. The scaling functions
Cskips Cout, Cin, Cnoise> and the loss weight A(o) are defined as EDM [32]:

2

O data 0 * Odata
Cskip(0) = 55—, Cou(0) = —/——, 8
skip () 0%+ 02, out(7) Wﬁa T ®)
1 1 2 2
In(o), Mo)= O+ Cda 9)

(U : Udata)2 ’

cin(g) = T Cnoise(g) = =
VO? + 0y, 4

Here, 04, represents the standard deviation of atom coordinates in the dataset (see Appendix Table .

Conditional Dropout and Classifier-Free Guidance. To improve robustness and flexibility in
conditioning on NMR spectra, we adopt classifier-free guidance (CFG) [19]. During training, the 'H
NMR spectrum is replaced with zeros with probability py = 0.1, the 13C NMR spectrum is dropped
with pc = 0.1, and both are dropped simultaneously with pyon = 0.1 (see Algorithmm). At inference,
conditional and unconditional predictions are combined via

Dy (Xy;0,A,25) = (1+w)Do(Xy50,A,25) — wDy(Xy;0,A), (10)

where w > 0 controls guidance scale. This enables generation conditioned on either or both spectra,
improving versatility and performance. In this paper, we set w € {1,1.5,2} depending on datasets.
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Algorithm 3 Diffusion Sampling using Stochastic Heun’s 2™ order Method.

1: procedure SAMPLEDIFFUSION(Dg (X,; 0, A, zs), atom type A, NMR spectra embedding zs, noise
level schedule oico,...,n}, Y0 = 0.8, Ymin = 1.0, w guidance scale)

,,,,,

2 sample X, ~ N (0, o5 I)

3 fori € {0,...,N —1} do

4 ¥ = o if 03 > Ymin else 0

5: Gi < 0i +y0i > Temporarily increase noise level &;
6: sample €; ~ N (0, I)

7 X X +/62 -0 ¢ > Add new noise to move from o; to &;
8 d; « (Xl —DZ;“(Xi;&i,A,Zs))/fn > Evaluate d X /do at 6,
9: Xit1 X, + (i1 — 63)d; > Take Euler step from &; to o741
10: if 0,41 # 0 then

11: d, (X¢+1 — Dg (Xit1; Ui+1))/0'i+1 > Apply 2™ order correction
12: X¢+1 — X¢+(U¢+1 —&Z)(%dl-i- %di)

13: end if

14: end for

15: return X y

16: end procedure

Sampling Procedure. The reverse diffusion process begins with X ~ N (0,02, I) and iteratively

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

dX = —-0Vx logp(X;0|A,z5) do — B(0)o*Vx logp(X;o|A,z5) do + v/28(0)o dw,

probability flow ODE Langevin diffusion SDE

(11
where Vx logp(X;0|A, zs) = (Dg(X,;0,A,2zs) — X)/o? is the conditional score func-
tion [24], o is the noise level, and dw is the Wiener process. The term ((c) determines the
rate at which existing noise is replaced by new noise.

During inference, the noise level schedule 0;¢(o,.... v} is defined as EDM [32]:

{ 1

| P
N — 1(Umin; - Umaxp)> 5 ON = 07 (12)

1
Oi<N = <0maxp +

where o = 80, omin = 0.0004, p = 7, and N = 50 is the number of diffusion steps. The sampling

process is performed by solving the SDE using the stochastic Heun’s 2" method [32]], as outlined in
Algorithm 3]

B Details of NMR-DiGress

As introduced in Section of the main paper, NMR-DiGress is a graph-based baseline model
integrating the discrete graph diffusion model DiGress [66] with 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 represented as (G, S), where G = (A, E) is the
molecular graph. The atom types A € {0, 1}V *won and bond types E € {0, 1}V >~ Xdwn represent
the graph, with N being the number of heavy atoms (excluding hydrogens), and d,iom and dpeng 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 types E conditioned on the atom types A
(i.e., chemical formula) and the spectra S by sampling from the conditional probability distribution
p(E|A,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 embeddings zs from 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-DIGRESS(molecular graph G = (A, E), NMR spectra embedding zs)

2: sample ¢ ~ U[1,T] > Sample a diffusion time from the uniform distribution
3 sample E* ~ E Q* > Add noise to the bond matrix
4  G'+ (A EY

5: zg <+ f(Ght) > Structural features computed from the graph
6 P — p0(Gt, 2g, zs) > Predict the bond matrix
7 minimize (o (p7, E) > Cross-entropy loss
8: end procedure

Algorithm 5 NMR-DiGress Sampling.

1: procedure SAMPLE NMR-DIGRESS(NMR spectra embedding zs, atom types A, marginal distribution of
bond types m, number of diffusion steps 7°)

2: sample ET ~ m > Independently sample each initial bond from the marginal distribution
3: GT « (A ET)

4: fort=T,...,1do

5: zg «+ f(G4 1) > Structural features computed from the graph
6: P 00(G', zg, zs) b Predict the bond matrix
7: Pe(eﬁj_l |G« >, q(eﬁj_1 | e = e, eb;) pij(e) > Posterior distribution of each bond
8: G~ A X [1,;po (67;;1 | GY) > Reverse process
9: end for ‘
10: return G°

11: end procedure

Training Procedure. The training procedure of NMR-DiGress is adapted from DiGress [66]. 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.

Specifically, to add noise to a graph, we define a discrete Markov process { E*}]_ starting from the
bond matrix E° = E:
q(E'|E™") = E"'Q, (13)

where Q? is the transition matrix from step ¢ — 1 to t. From the properties of the Markov chain, the
distribution of E! given E is:

q(E'|E) = EQ', (14)
where Q' = Q'Q?...Q*. Following DiGress, we use the noise schedule:
Q =a'T+p1m’, (15)

where @' = cos (0.5 (t/T + s) / (1 + s))*, B = 1 —a', T = 500 is the number of diffusion steps,
and s is a small hyperparameter. Here, m is the marginal distribution of bond types in the training
dataset and " is the transpose of 7. This choice of noise schedule ensures that each bond in Er is
converged to the prior noisy distribution (i.e., the marginal distribution of bond types m).

To predict the original bond matrix E from the noisy graph G = (A, E;), we train a neural network
o9 (G, zg, zs), where zg is extra features derived from G in DiGress and zs 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 DiGress [66] by conditioning on atom types A and spectra
embeddings zs. Each bond in E7 is independently sampled from the marginal distribution m to
form the noisy graph G7 = (A, ET'). For each timestep ¢, we compute extra features zg = f(G', 1),
predict bond probabilities p¥ = ¢ (G?, zg, zs), and derive the posterior for each bond e;;:

polel; M 1GY) = qlel" [ eij = e el;) pli(e), (16)

where e can be chosed from dpong bond types. Then each bond in G'~! is independently sampled
according to this posterior. After T steps, the denoised molecular graph G° is 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 tuple (SMILES, LH NMR spectrum, 3C NMR spectrum, atom
features). The SMILES string is a sequence of characters representing a molecule [[71]. Each SMILES
string is canonicalized, with stereochemistry such as chiral centers and double bond configurations
removed. Only molecules containing the elements C, H, O, N, S, P, F, Cl, Br, and I 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 Atom features include atom types A and 3 ground-truth conformers X, which are
generated using RDKit’s ETKDGv3 algorithm [1]] from the SMILES string. To validate the generated
3D conformations, SMILES strings are reconstructed from the atom types and 3D coordinates using
RDK:it’s DetermineBonds function [1l]. Molecules that fail reconstruction are discarded. Explicit
hydrogens are included to ensure accurate SMILES reconstruction, as required by DetermineBonds.

C.2 NMR Spectrum Preprocessing

Synthetic Spectra Simulation. Synthetic spectra are generated from SMILES using MestreNova [44]],
with deuterated chloroform (CDCI3) as the solvent. Default simulation settings are applied: 'H
spectra (—2 ppm to 12 ppm, 32k points, 500.12 Hz frequency, 0.75 Hz line width) and '3C spectra
(—20 ppm 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 in .mnova file
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.
NMRShiftDB2 [34] has '3C 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 formats in [4} 22]] and the preprocessing
method in [22]]. *H NMR spectra are linearly interpolated to 10,000 points in the range [—2, 10]
ppm, and *C NMR spectra are interpolated to 10,000 points in the range [—20, 230] ppm. Spectra
outside these ranges are truncated, while shorter spectra are zero-padded. Intensities are normalized
by dividing by the maximum intensity. For SpectraBase dataset [22]] and experimental datasets,
13C NMR spectra are preprocessed into 80 binary vectors spanning (3.42, 231.3) ppm.

To ensure compatibility with baseline models (i.e., Hu et al. [22] and NMR-DiGress), we also
preprocess 'H NMR spectra into 28,000 points within the range [—2, 12] ppm and *C NMR spectra
into 80 binary vectors spanning (3.42, 231.3) ppm where applicable. Appendix Table E]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

'H (Default) 10,000 [-2, 10] <1
13C (USPTO, SpectraNP) 10,000 [—20, 230] <1
13C (SpectraBase, SpecTeach, NMRShiftDB2) 80 (3.42, 231.3) {0, 1}
Hu et al. [22]

'H (Default) 28,000 [-2, 12] <1
13C (Default) 80 (3.42, 231.3) {0, 1}
'H (UsPTO) 10,000 [-2, 10] <1
NMR-DiGress

'H (Default) 10,000 [~2, 10] <1
13C (Default) 80 (3.42, 231.3) {0, 1}
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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) CDCls
USPTO 744,602 [S, 35] [8, 101110 (C,H,O,N, S,P,F,C, Br,I) CDCl3
SpectralP 111,181 [3, 130] [4,274]10 (C,H,O,N, S, P, F,C],Br,I) CDCls
Experimental Datasets

SpecTeach 238 [2,29] [5,59] 7(C,H,O,N,S,Cl,Br) CDCl3, DMSO
NMRShiftDB2 23,457 [3,35] [3,911 10(C,H,O,N, S, P, F, Cl, Br,I) >7 solvents

C.3 Dataset Statistics

This section provides detailed preprocessing steps and dataset statistics (Appendix Table [3)).

Synthetic Datasets. We evaluate our models on two public benchmarks, SpectraBase [22] and
USPTO [4]], and our self-curated SpectraNP 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-dimensional 'H NMR 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
'H NMR spectra. After generating 3D conformations for all molecules, 141,489 valid conformations
remain. The original dataset is available at https://zenodo.org/records/13892026 under the
CC-BY 4.0 license.

USPTO [4] includes molecules derived from chemical reactions [41], 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-dimensional 'H NMR spectrum, 10,000-dimensional 13C NMR spectrum). We generate
3D conformations for each molecule. The final dataset contains 744,602 entries. The original split
indices are preserved, resulting in a post-filtering split ratio of 0.86:0.04:0.1 for training, validation,
and test sets. The original dataset is available at https://zenodo.org/records/11611178 under
the Community Data License Agreement-Sharing 1.0 (CDLA-Sharing-1.0).

SpectralP contains 111,181 unique natural products with elements C, H, O, N, S, P, F, Cl, Br, and L.
Around 31k molecules are sourced from the NPAtlas database [52]], which includes small molecules
from bacteria and fungi. The remaining molecules are sourced from the NP-MRD database [72],
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
of 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.

SpecTeach includes the van Bramer dataset [65]. 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 final dataset comprises 238 unique tuples. Most compounds are in CDCl3 solvent,
with a few in DMSO solvent. The original dataset is available at https://drive.google.com/
drive/folders/1R23KGk3bp6ukGCRb4U-CRuxnL6PYYBYc under CC-BY 4.0.

NMRShiftDB2 [34] is a larger-scale dataset of **C NMR spectra in various solvents. We use a subset
of 23,457 molecules excluding SMILES in the training set of USPTO. The original dataset is under the
nmrshiftdb2 Database License (https://nmrshiftdb.nmr.uni-koeln.de/nmrshiftdbhtml/
nmrshiftdb2datalicense.txt).

D Experimental Details

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

We compare CHEFNMR 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-dimensional '"H NMR spectra and 80-bin 13C NMR spectra for all datasets,
except for the USPTO dataset, where 10,000-dimensional *H NMR spectra are used (see Appendix
Table ). This chemical language model employs a two-stage multitask transformer to predict
SMILES strings from raw 1D NMR spectra. The method pre-defines 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 fine-tuned on 143k data from SpectraBase.

For our experiments, we retrain the substructure-to-SMILES model on the same 3.1M dataset for 500
epochs. Then, we fine-tune the model on each synthetic benchmark dataset for 1500 epochs until
convergence. During fine-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 original USPTO (794,403 data points) and SpecTeach datasets.

NMR-DiGress uses 10,000-dimensional 'H NMR spectra and Table 6: Number of filtered data.
80-bin '*C 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 Sg;;graBase égg’;;g
accuracy on the validation set. SpectrallP 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 RDK:it [1] fails to reconstruct SMILES strings from
molecular graphs with aromatic nitrogens.

D.2 CHEFNMR Settings

CHEFNMR use the preprocessed datasets described in Appendix Tables @ 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 for CHEFNMR.

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 synthetic USPTO dataset with 10,000-dimensional *H NMR spectra and
80-bin 13C NMR spectra. Appendix Table summarizes o4y, training epochs, and sampling time
for CHEFNMR on each dataset. Here, o4, represents the standard deviation of the atom coordinates
in the dataset. The classifier-free guidance (CFG) scale w is set to 2 for SpectraBase, 1.5 for USPTO
and SpectraNP, and 1 for SpecTeach and NMRShiftDB2.

Table 7: 04ata, training epochs, and sampling time per dataset for CHEFNMR. 04y, is 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.

CHEFNMR-S CHEFNMR-L
Dataset Odata
Train Epoch  Sample Time Train Epoch  Sample Time
SpectraBase 2.02 10k 1h Sk 3h
USPTO 2.67 10k 8h 3k 17h
SpectraNP 3.28 26k 3.5h 18k %h
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Figure 6: Details of the NMR-ConvFormer architecture. For the 10,000-dimensional 'H or '*C NMR
spectrum, we use a convolutional tokenizer comprising two 1D convolutional layers with ReLU and
max-pooling, outperforming the ViT-style patch tokenizer [67]. For the 80-bin 13C 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 such as out_channel and kernel_size are listed in Appendix Table@
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Table 8: CHEFNMR hyperparameters and optimizer settings.

Parameter CHEFNMR-S CHEFNMR-L
NMR-ConvFormer

General

Encoder Dimension (Dencoder) 256

Dropout Rate 0.1

Convolutional Tokenizer
Number of Blocks 2

Output Channels (out_channel) [64, 128]
Kernel Sizes (kernel_size) [5,9]

Stride Sizes (stride) [1, 1]

Max Pooling Sizes (pool_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 (2 0.95

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

Configuration Tokenizer # Tokens Transformer Pooling Dropout Acc@1% 1 Sim@1 ¢
Base (CHEFNMR-S) Conv 183 Y MAP 0.1 69.15+.08 0.807+.002
Tokenizer Ablation

— Conv Tokenizer Patch 183 Y MAP 0.1 61.78+.18  0.7564.000
— Token Count Reduction ~ Conv 121 Y MAP 0.1 66.28+.18  0.789+.001
Transformer Ablation

— Transformer Block Conv 183 N MAP 0.1 68.12+.17  0.797+.001
Pooling Ablation

— MAP Pooling Conv 183 Y Flatten 0.1 62.97+.14  0.758+.002
Dropout Ablation

— Dropout Conv 183 Y MAP 0.0 65.48+.06 0.7774.001

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 on CHEFNMR’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 the SpectraBase dataset using CHEFNMR-S. The results are summarized in Table 3]
of the main paper, with detailed configurations provided here.

Some of the modifications in Appendix Table Q] are: — Conv Tokenizer: The convolutional tokenizer
is replaced with a patch tokenizer (see Appendix Figure[6)) using patch_size = 192 and stride =
96 to maintain the same token count. — Token Count Reduction: The number of tokens is reduced
from 183 to 121 by increasing max pooling sizes (pool_size in Appendix Table 8] from [8, 12] to
[12, 20]. - MAP Pooling: The MAP pooling layer is replaced with a flattening layer, which reshapes
the transformer encoder’s output from (batch_size, T, Dencoder) t0 (batch_size, T' X Dencoder)-

We find 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 flattening for
aggregating features. Dropout regularization is necessary to prevent overfitting.

E.2 Ablation Studies for Different NMR Spectra

We investigate the impact of using different NMR spectra (‘\H NMR, '*C NMR, or both) on model per-
formance on the SpectraBase dataset. The results are presented in Appendix Table CHEFNMR

Table 10: Performance on SpectraBase using different NMR spectra.

Top-1 Top-5 Top-10
Spectrum Model Acc% T Sim 1 Acc% T Sim 1 Acc% T Sim 1
Huetal. 4.50 £.15 0.296+.000 12.92+.11 0.460+.001 18.27+.14 0.523+.001

NMR-DiGress 10.87+.08 0.314+.001 19.354+.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+.001

Hu et al. 31.124.15 0.569+.001 48.644+.42 0.725+.001 54.924+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 0.8414+.002 76.58+.23 0.8674.002
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 43.564+.30 0.625+.002 62.474+.20 0.779+.002 68.39+.35 0.817+.001
CHEFNMR-S 69.154+.08 0.807+.002 82.094+.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

13C

'H

Bc+'H
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consistently and significantly outperforms the baselines with *H or/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 of CHEFNMR. Appendix [F.I]reports the Average Minimum
RMSD metrics for generated 3D structures. Appendix [F2] analyzes CHEFNMR’s generalization
ability to unseen molecular scaffolds and different solvents in NMR spectra. Appendix [F3|presents a
systematic failure mode analysis of CHEFNMR by molecular structures and domain shift between
synthetic and real spectra. Appendix [F.4]and [E3|provide additional qualitative examples on synthetic
and experimental datasets respectively.

F.1 RMSD Metric

Since CHEFNMR generates atomic 3D coordinates, we additionally report the top-k Average Mini-
mum RMSD (AMR) of heavy atoms in Appendix Table 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 top-k predictions for each molecule and average across all molecules
to obtain the top-£ 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-1] Top-5] Top-104
SpectraBase 3.26 2.87 2.71
USPTO 4.59 4.14 3.96
SpectralNP 5.50 5.12 4.97
SpecTeach 2.10 1.71 1.56
NMRShiftDB2 3.23 2.83 2.68

F.2 Generalization Analysis

In this section, we analyze CHEFNMR’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 evaluate CHEFNMR’s generalization ability to unseen molecular scaffolds by creating test subsets
with scaffolds not present in the training sets. Appendix Table [I2]shows the subsets are relatively
chemically dissimilar to the training sets, based on Scaffold similarity (Scaff), fingerprint-based Tani-
moto Similarity to a nearest neighbor (SNN) [51]], 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. |oy,in — Oest|: absolute difference of std of atom coordinates between training and test sets.

Train Set Test (Sub)set #Test Set Data  Scafft  SNNT  |0yain — Orest|4
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 USPTO (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% T Sim 1 Acc% T Sim 1 Acc% T Sim 1
Hu et al. 39.594+.26 0.653+.002 55.43+.64 0.776+.003 59.85+.59 0.8074.003

NMR-DiGress 43.10+.29 0.607+.003 59.70+.22 0.7594.001 64.83+.24 0.793+.002
CHEFNMR-S 64.09+32 0.7584.003 77.35+.20 0.8714.001 80.73+.22 0.8924.001
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 12.934+.23 0.388+.003 25.274+.22 0.596+.002 31.42+.12 0.653+.001

SpectraBase

USPTO CHEFNMR-S 66.68+.04 0.814+002 8131408 0.921+-.000 84.814.04 0.938+.000
CHEFNMR-L 67.78+.25 0.836+.003 81.79+.11 0.925+.000 85.26+.13 0.941+.001
Hu et al. 7.68+36 0.478+.001 16.16+27 0.623+.001 20.26+.27 0.659+.000
NMR-DiGress 1.594+.10 0.2224+.004 4.50+.24 0.389+.002 6.18+.19 0.436+.001
SpectralP

CHEFNMR-S 21.40+.44 0.417+.001 35.304+.20 0.641+.001 40.144+.09 0.696+.000
CHEFNMR-L 21.82+.24 0.477+.002 37.04+.66 0.694+.001 42.69+.31 0.741+.002

atom coordinates between training and test sets. Appendix Table [I3|shows the performance on these
unseen scaffold subsets with different models. CHEFNMR still significantly 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 NMRShiftDB2 [34] in Appendix Table[T4, CHEFNMR trained on synthetic 13C spectra with
CDCl; solvent shows generalization ability to various solvents except for CsDsN and CD3CN.

Table 14: Top-10 zero-shot accuracy of CHEFNMR on NMRShiftDB2 [34] across different solvents.

Solvent #Molecules  Top-10 Zero-shot Accuracy
CDCl3 1498 0.263
DMSO 232 0.323
CD30D 197 0.102
CsDsN 57 0.035
CsDs 48 0.188
1D210) 36 0.500
CCly 33 0.788
CD3CN 11 0.000
(CD3)2CO 2 0.500

F.3 Failure Mode Analysis

In this section, we systematically analyze the failure modes of CHEFNMR 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 defined 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 of our CHEFNMR
on the synthetic SpectraNP (Appendix Table[T5]and[16)), and experimental SpecTeach (Appendix
Table[T7|and[I8) and NMRShiftDB2 (Appendix Table[I9]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 significantly failing in a specific functional group category.
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Table 15: Failure rate analysis on synthetic SpectraNP 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 2140 41-60 61-80 81-100  >100

Total Molecules 2099 6563 1750 415 110 15

Failure Rate 0.298 0.311 0431 0.542 0.773 1.000
By Number of Rings

Ring Count 0 1-2 34 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 synthetic SpectraNP 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 experimental SpecTeach dataset by molecular properties.

By Total Atoms (including hydrogens)

Total Atoms <10 11-15 1620 21-25 26-30 >30
Total Molecules 10 60 76 48 26 18
Failure Rate 0.000 0.217 0289 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 0240 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 experimental SpecTeach dataset.

Category Carbonyls Amides Esters Ethers Alcohols Halogen Nitrogen
Total Molecules 125 3 46 58 43 24 24
Failure Rate 0.304 0.667 0435  0.448 0.256 0.208 0.542
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Table 19: Failure rate analysis on experimental NMRShiftDB2 dataset 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 0916 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 0917 0.982
By Number of Rings
Ring Count 0 1-2 34 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 0916

Table 20: Failure rate by functional groups on experimental NMRShiftDB2 dataset.

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 the SpecTeach dataset using MestReNova, and compute the cosine similarity between
synthetic and real spectra following [4]]. We also report the average cosine similarity of successful
and failed predictions on the SpecTeach. Appendix Table 21| shows that 10,000-dimensional 'H
NMR spectra have significantly lower cosine similarity than 80-bin 13C NMR spectra, indicating a
need for more robust representation of 'H NMR spectra. In addition, failed predictions have lower
similarity between synthetic and real 'H 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 molecules in SpecTeach,
and successful and failed predictions by CHEFNMR.

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

All 238 0.174+.195 0.743+214
Success 167 0.1974+.199 0.7474+.206
Fail 71 0.1194177 0.7354.234

F.4 Additional Qualitative Results on Synthetic Spectra

We present more examples of CHEFNMR’s predictions on the synthetic SpectraBase dataset
(Appendix Figure[7), the synthetic USPTO dataset (Appendix Figure 8], and the synthetic SpectraNP
dataset (Appendix Figure [9). The quantitative results demonstrate that CHEFNMR effectively
elucidates diverse chemical structures across various synthetic datasets.

F.5 Additional Qualitative Results on Experimental Spectra

We present additional examples of CHEFNMR’s zero-shot predictions on experimental datasets,
including the SpecTeach dataset (Appendix Figure and the NMRShiftDB2 dataset (Appendix
Figure [TT). These results highlight CHEFNMR’s robustness to experimental variability, such as
differences in solvents, impurities, and baseline noise.
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Figure 7: Examples of CHEFNMR’s predictions on the synthetic SpectraBase dataset. (a) Correctly
predicted structures in top-1 predictions. (b) Incorrect top-1 predictions with corresponding Tanimoto
similarity scores.
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Figure 8: Examples of CHEFNMR’s predictions on the synthetic USPTO dataset. (a) Correctly
predicted structures in top-1 predictions. (b) Incorrect top-1 predictions with corresponding Tanimoto
similarity scores.
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Figure 9: Additional examples of CHEFNMR’s predictions on the synthetic SpectraNP dataset. (a)
Correctly predicted structures in top-1 predictions. (b) Incorrect top-1 predictions with corresponding
Tanimoto similarity scores.
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Figure 10: Examples of experimental spectra from the SpecTeach dataset and corresponding
CHEFNMR predictions. (a) Correct top-1 predictions. (b) Incorrect top-1 predictions with corre-
sponding Tanimoto similarity scores.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We propose a novel framework for structure elucidation of small molecules
from 1D NMR spectra and chemical formula in Section[3] We introduce a new dataset in
Section [5] We show the state-of-the-art performance of our method on multiple benchmarks
and main ablation studies in Section

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discuss limitations of our work in Section[Zl Our model assumes the 1D
synthetic (noiseless) NMR spectra and chemical formula are provided as input, as pointed
out in Secion 3] We point out how the experimental settings violate this assumption in
Section [2]and test the robustness of our model to experimental spectra in Section[6.2] We
demonstrate our model’s performance across multiple datasets in Section [6] and conduct
ablation studies to analyze the impact of different components in Section [6.3]

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: The paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe our model in Section |3} We describe the dataset curation process
in Section [5.1] and Appendix [C] We provide the experimental setup in Section[5.2] We
provide experimental details for reproducibility in Appendix [D}

Guidelines:

» The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will release our datasets (See details in Appendix [C). We plan to release
our model upon publication of the method.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The experimental setting is described in Section [5} and the full details are
provided in Appendix D]

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report the mean and standard deviation of the results across 3 independent
sampling runs for all main experiments in Table[?]and Figure {

Guidelines:
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8.

10.

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide the compute resources used in Appendix [D}
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We have reviewed the NeurIPS Code of Ethics and our research conforms to it.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss the broader impacts of our work in Section[I]and Section
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Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper does not release any data or models that have a high risk for misuse.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We properly cite the original paper for all datasets in Section[5.1} We provide
detailed license information in Appendix [C]

Guidelines:
» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We release our datasets and provide details in Appendix [C|
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.
* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This research does not involve crowdsourcing nor research with human
subjects.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This research does not involve human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: This research does not involve LLMs as any important, original, or non-
standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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