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Abstract

Nuclear Magnetic Resonance (NMR) spectroscopy is the gold standard for molecular structure elucidation, yet

interpreting complex spectra for unknown molecules remains a bottleneck reliant on human expertise. While

artificial intelligence has advanced this field, current methods face a critical trade-off: database retrieval cannot

identify novel scaffolds, while de novo molecular structure elucidation models operate as black boxes, lacking the

atom-level interpretability required for rigorous scientific validation. Here, we present NMRAgent, an evidential

reasoning agent powered by large language models (LLMs) that bridges this gap through a suite of specialized

tools for database retrieval, de novo structure generation, spectral simulation, and molecular editing. Mimick-

ing the deductive reasoning of human experts, NMRAgent takes experimental NMR spectra and a molecular

formula as input, plans the elucidation process, proposes candidate structures, verifies peak–atom consistency,

and selectively refines spectrally unsupported substructures under molecular formula constraints. Enabled by

its evidential reasoning, NMRAgent outperforms state-of-the-art methods, improving top-1 accuracy by 46.5%

and Tanimoto similarity by 0.502 on a scaffold-split benchmark with novel scaffolds in the test set. Besides,

we demonstrate the agent’s practical utility by elucidating the structures of two previously unknown natural

products isolated from Hydrangea davidii and Vitex trifolia, and by correcting structural misassignments in

established literature. By combining high-accuracy prediction with transparent and evidence-based reasoning,

NMRAgent establishes a new paradigm for interpretable AI in analytical chemistry.

Correspondence:

Jun Xia (junxia@hkust-gz.edu.cn)

junxia@hkust-gz.edu.cn


SpectraAI Brief Communication

1 Introduction

Nuclear Magnetic Resonance (NMR) spectroscopy is a cornerstone of molecule structure elucidation, providing
rich information about molecular connectivity, stereochemistry, and local chemical environments [6]. Among
NMR techniques, 1H and 13C NMR spectra are particularly widely used in routine organic and natural-product
analysis because of their accessibility and diagnostic value [14]. Traditional NMR structure elucidation com-
bines empirical spectral interpretation, quantum-chemical prediction, and database-assisted matching. While
chemists use chemical-shift trends, multiplicity patterns, and coupling information to infer structural fragments
[8, 21], Density Functional Theory (DFT)-based NMR calculations provide accurate candidate validation and
stereochemical ranking [5, 31], and databases such as nmrshiftdb enable spectrum–structure dereplication [27].
Nevertheless, these approaches remain constrained by expert labor, computational cost, and limited database
coverage, motivating scalable data-driven methods for automated NMR-based structure elucidation.

To address these limitations, recent studies have increasingly explored de novo molecular structure elucidation
models based on deep learning, reframing automated NMR-based structure elucidation as an inverse mapping
from NMR spectra to molecular structures. A common line of work formulates this inverse problem as sequence-
to-sequence generation, where NMR spectra are encoded into neural representations and molecular structures
are decoded as SMILES strings [30]. For instance, CLAMS [28] processes NMR spectra as 2D images using
CNNs, whereas NMRTransformer [2] employs a 1D-CNN architecture to automatically learn spectral tokenization.
Models such as NMR2Struct [12] and NMRMind [34] provide more explicit representations by encoding specific
chemical shift ranges and intensities for transformer attention. Recently, inspired by breakthroughs in generative
modeling [11, 18], diffusion-based paradigms have emerged. DiffNMR [36] progressively denoises and generates
molecular 2D graphs, while ChefNMR [32] generates 3D atomic conformations. Concurrently, retrieval-based
methods such as NMRSolver [13] improve chemical validity by searching large-scale simulated spectral databases
generated with fast machine-learning NMR predictors [15, 33], followed by fragment-based optimization.

Despite these rapid advancements, existing deep learning-based NMR structure elucidation methods still face
two critical challenges that hinder their practical deployment. First, retrieval-based methods often achieve higher
accuracy than de novo models by searching over chemically valid reference databases. However, their performance
is limited by the coverage and quality of these databases. When the target molecule contains a rare scaffold or
represents a newly isolated natural product outside the retrieval space, these methods cannot easily propose
genuinely novel structures. Second, most de novo molecular structure elucidation models operate largely as
black-box systems. They directly output molecular structures while bypassing the peak-to-atom assignment
step that is central to conventional NMR structure verification, limiting the interpretability of how the observed
spectral signals support the predicted structure.

To address these challenges, we propose NMRAgent, a large-language-model-powered agentic framework de-
signed for NMR structure elucidation. By leveraging the reasoning capability of large language model (LLM)
together with specialized NMR analysis tools, NMRAgent introduces an evidential reasoning paradigm that ex-
plicitly identifies peak-atom assignments for structure verification. Unlike existing black-box models, this design
grounds structural hypotheses in interpretable spectral evidence and supports more chemically reliable auto-
mated elucidation. More specifically, we design a three-level hierarchical architecture. At the Knowledge-Level,
a LLM planner utilizes Retrieval-Augmented Generation (RAG) over external chemical knowledge graph to for-
mulate logical step-by-step elucidation plans. Guided by these plans, the Molecular-Level constructs a broad yet
chemically plausible candidate space by combining de novo generation with retrieval tools. Retrieval provides
database-grounded candidates, while de novo generation enables exploration beyond direct database matches.
Using fast NMR prediction models, generated structures are annotated with atom chemical shifts and then re-
ranked with retrieved candidates using a learned spectral-structural representation that considers both NMR
consistency and molecular similarity. The resulting candidate pool is then examined by an LLM-powered Peak-
Atom Verifier, which produces explicit peak–atom assignments to support interpretable structural reasoning.
Finally, if structural discrepancies persist, the Fragment-Level performs evidence-guided structural optimiza-
tion. Leveraging the LLM’s chemical reasoning capability, NMRAgent interprets verifier-provided peak-atom
mismatches as refinement hypotheses and applies a formula-aware heuristic to select and recombine compatible
fragments from candidate pools. This work brings a new perspective to NMR-based molecular structure eluci-
dation by introducing the first agentic framework that coordinates chemical knowledge, specialized tools, and
spectral evidence for interpretable structural reasoning, offering a foundation for future advances in automated
spectroscopy-driven chemical analysis.
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Figure 1 | Overview of previous methods and our proposed NMRAgent. a. Limitations of previous NMR
structure elucidation methods. b. The overall workflow of NMRAgent. (1) Knowledge-Level: A Planner leverages
RAG over chemical knowledge graph to formulate step-by-step elucidation plans. (2) Molecular-Level: A diverse de

novo and retrieval toolbox generates candidates which are then rigorously validated by a peak-atom verifier through
experimental-to-simulated spectral matching. (3) Fragment-Level: For unresolved structures, the agent autonomously
invokes an optimization toolbox to perform fragment optimization, guided by missing peak evidence. c. NMRAgent
achieves state-of-the-art performance on real-world datasets. Comparison of Top-1 Accuracy (%) across five categories:
Specialized Tools, General LLMs, Reasoning LLMs, Science LLMs, and our proposed NMRAgent. While existing meth-
ods—including specialized computational tools and LLMs—struggle to exceed a 20% accuracy threshold, NMRAgent
significantly outperforms all baselines, achieving a breakthrough SOTA performance of over 60% in real-world scenarios.
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2 Results and Discussion

2.1 Overview of NMRAgent

As shown in Figure 1b, we developed NMRAgent as an agentic framework for NMR-based molecular struc-
ture elucidation, designed to bridge candidate generation and evidence-based structural verification. Rather
than treating elucidation as a single-step prediction problem, NMRAgent decomposes the task into a hierarchi-
cal workflow that mirrors expert chemical reasoning: retrieving relevant prior knowledge, proposing candidate
structures, verifying atom-level spectral consistency, and refining unresolved regions.

At the Knowledge-Level, NMRAgent uses a retrieval-augmented planner to introduce external chemical knowledge
into the elucidation process. The planner queries a chemical knowledge graph to retrieve relevant chemical
context, including compound-level annotations, scaffold-related records, functional-group clues. This retrieval
step supplements the LLM with domain-specific chemical context that are complementary to and coupled with
NMR spectral evidence. The LLM then organizes the retrieved information into a reasoning plan, specifying
which tools should be invoked and what structural evidence should be examined. This level provides high-level
chemical context and constrains subsequent molecular search beyond unconstrained enumeration.

At the Molecular-Level, NMRAgent constructs a broad candidate pool from the input spectra by integrating
retrieval and de novo generation. We use a 158M spectrum-structure database based on PubChem-NMRNet [13]
and a large-scale NMR spectral vector library [34, 35], and adopt deep-learning-based dense spectral representa-
tions [35] to enable scalable molecular search. To move beyond conventional spectrum-only retrieval, NMRAgent
first retrieves spectra-level neighbors using Gaussian-based global NMR vectors and then re-ranks the correspond-
ing structures with molecular dense embeddings, prioritizing candidates that are both spectrally consistent and
chemically similar. Meanwhile, the de novo generator proposes additional structures beyond database entries.
Fast machine-learning NMR predictors [33] are then used to produce atom-annotated spectra for retrieved and
generated candidates, which are further examined by the LLM-powered Peak-Atom Verifier to establish explicit
peak-atom correspondences.

At the Fragment-Level, NMRAgent uses the verifier output to perform targeted structural refinement when
full-molecule candidates are not sufficiently supported. The candidate molecules are cleaved into chemically
meaningful fragments, and the LLM interprets unresolved peak-atom mismatches to decide which fragments
should be preserved and which regions should be exposed to repair. The optimization process is constrained by
the target molecular formula and BRICS assembly rules, allowing bounded multi-fragment recombination while
retaining spectrally supported substructures. Newly assembled candidates are then returned to the Peak-Atom
Verifier, forming an iterative loop between atom-level spectral evidence and fragment-level optimization.

2.2 Generalization of NMRAgent Across Benchmarks

2.2.1 Evaluation on Scaffold-Split Benchmark

We fine-tuned NMRAgent on the training split of NMRGym and evaluated its structure elucidation performance
on the held-out scaffold-split test set. NMRGym is a benchmark for NMR-based molecular structure elucidation
designed to assess generalization to unseen molecular scaffolds [7]. Unlike random-split datasets, NMRGym
separates molecules by scaffold, requiring models to infer structures that are topologically distinct from those
seen during training or retrieval construction. This design better reflects real-world natural product elucidation,
where target molecules often contain rare or previously unseen scaffolds rather than close database analogues.
Additional details of NMRGym, including the fine-tuning setup, scaffold-split protocol, and molecular complexity
statistics, are provided in the Supplementary Information.

We first assessed whether existing large language models can directly solve this task. As shown in Figure 1c,
general-purpose, reasoning-oriented, and science-oriented LLMs exhibit near-zero Top-1 accuracy in this setting.
Although these models can occasionally succeed on simple cases and often produce fluent chemical explanations,
they generally lack the spectral grounding required to recover exact molecular structures from NMR peaks.
This result highlights a clear gap between language-level chemical reasoning and executable NMR structure
elucidation: successful elucidation requires not only chemical knowledge, but also specialized molecular search,
spectral simulation, and quantitative evidence verification.

We then compared NMRAgent with representative task-specific baselines on NMRGym, including retrieval-based
methods and DL-based de novo methods. As shown in Figure 2a, De novo methods show limited accuracy under
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Figure 2 | Benchmark and real-world evaluation of NMRAgent. a. Top-k accuracy on NMRGym, showing that
NMRAgent outperforms previous methods. b. Tanimoto similarity between predicted and ground-truth molecules on
NMRGym, indicating improved structural proximity of NMRAgent predictions. c. Accuracy stratified by molecular size.
Existing methods exhibit degraded performance as heavy atom count increases, whereas NMRAgent maintains stable
accuracy on larger and more complex molecules. d. Ablation study of retrieval, De novo generation, and fragment-
level optimization, demonstrating the complementary contribution of each module. e. Evaluation across NMRGym,
nmrshiftdb, and Exp450 benchmarks, highlighting the robustness of NMRAgent across diverse test sets. f. Embedding-
space analysis showing that dense embedding retrieves structures closer to the ground truth. g. Representative example
where NMRAgent corrects a literature-reported human peak-assignment error. h. Real-world natural product elucidation
examples. i. An evidential reasoning trajectory of a real-world case. j. A real-world optimization case.
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this scaffold-split setting, suggesting that direct spectrum-to-structure generation remains challenging for complex
molecules with unseen scaffolds. Retrieval-based methods perform better because they search over chemically
valid structures, but their performance remains constrained by database coverage and retrieval-induced structural
divergence. In contrast, NMRAgent achieves a Top-10 accuracy of 67.13%, substantially outperforming the
strongest baseline, NMRSolver+Formula, which reaches 36.48%. This corresponds to an absolute improvement
of 30.65 percentage points and a relative improvement of approximately 84.0%. The same trend is observed
in structural similarity evaluation: NMRAgent achieves the highest Tanimoto similarity to the ground-truth
molecules, indicating that its predictions are not only more often exact, but also closer to the correct structures
in chemical space when exact recovery is not achieved (Figure 2b).

We further analyzed model performance as molecular size increases. A major challenge in NMR elucidation
is that larger molecules usually contain more complex scaffolds, denser peak patterns, and more ambiguous
local chemical environments. As shown in Figure 2c, baseline methods exhibit a clear degradation in accuracy
as the heavy atom count increases. This trend indicates that existing methods struggle to maintain reliable
structure recovery when the molecular search space becomes larger and the spectra become more difficult to
disambiguate. In contrast, NMRAgent maintains stable performance across molecular-size groups, suggesting
that the integration of retrieval, de novo generation, atom-level verification, and fragment-level optimization
provides a more robust strategy for complex natural-product-like molecules.

To further understand the source of NMRAgent’s improvement, we conducted ablation studies over the major
components of the framework. As shown in Figure 2d, retrieval, de novo generation, and fragment-level opti-
mization contribute complementary gains. Retrieval provides database-grounded chemically valid candidates,
de novo generation expands the search beyond direct database matches, and fragment-level optimization repairs
unresolved regions using molecular formula constraints and verifier-provided mismatch evidence. The progressive
improvement across these settings indicates that NMRAgent benefits from an integrated elucidation workflow
rather than a single dominant module. The ablation also shows that the gain is not merely a consequence of
enlarging the retrieval database. When the NMRSolver-style retrieval baseline is evaluated with the expanded
database, its Top-1 accuracy already exceeds the Top-10 accuracy obtained using the original database, confirm-
ing the importance of database coverage. Nevertheless, NMRAgent further improves over this expanded-database
baseline, suggesting that the proposed representation, verification, and optimization mechanisms provide addi-
tional benefits beyond candidate pool expansion. We further provide a qualitative case study to analyze the
retrieval behavior. As shown in Figure 2f, dense embedding search retrieves a candidate that is structurally
closer to the ground-truth molecule. This observation suggests that the learned embedding space better pre-
serves molecular semantic similarity while maintaining spectral consistency, thereby reducing retrieval-induced
structural divergence. Figure 2j further illustrates this evidence-guided refinement process in a real-world case:
NMRAgent preserves the substructures already supported by the spectrum and selectively optimizes the un-
matched regions, yielding a final structure that is more consistent with the observed NMR evidence. Additional
case study visualizations and peak-atom correspondence results are provided in the Supplementary Information.

2.2.2 Evaluation on Additional Benchmarks

We further assessed NMRAgent on nmrshiftdb and Exp450 to evaluate its robustness across different data sources.
nmrshiftdb is a commonly used public NMR database [27], whereas Exp450 is a literature-derived experimental
benchmark [13]. Compared with NMRGym, these datasets present different challenges: nmrshiftdb contains
many entries with incomplete spectral information, often including only a single spectrum type, while Exp450
reflects curated experimental cases collected from published reports.

As shown in Figure 2e, NMRAgent achieves the strongest performance on both datasets. On nmrshiftdb, NM-
RAgent reaches a Top-10 accuracy of 81.0%, compared with 37.9% for NMRSolver and 5.4% for NMRMind. The
large improvement indicates that NMRAgent can effectively handle heterogeneous public-database spectra, even
when complete paired 1H and 13C information is not always available. This robustness is consistent with the
design of the dense NMR encoder, which learns continuous spectral representations rather than relying solely on
fixed sparse peak-vector matching. On Exp450, NMRAgent obtains a Top-10 accuracy of 70.0%, outperform-
ing NMRSolver and NMRMind. Notably, NMRSolver remains competitive on Exp450, reflecting the advantage
of retrieval-based methods in literature-derived benchmarks. However, NMRAgent further improves over this
strong retrieval baseline by integrating coarse-to-fine retrieval, de novo candidate generation, and optimization.
These results show that NMRAgent is not limited to a single benchmark distribution, but can maintain strong
performance across public database settings and experimentally curated literature cases.
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2.3 Real-world Application of NMRAgent

NMR Assignment Correction and Structural Revision. Incorrect NMR-based structural assignments re-
main a persistent challenge in natural product chemistry, especially when regioisomers, scaffold isomers, or
closely related analogues exhibit highly similar one-dimensional NMR spectra. To evaluate whether NMRAgent
can assist structural revision, we therefore re-analyzed four representative structural revision cases, including
Altechromone A [16, 17], Samoquasine A [4, 19, 29], a natural tetrahydroquinoxaline-6-carboxylic acid from
Caulis Sinomenii [20], and C5-hydroxy-cyclo(L-Pro-L-Leu) [1]. These cases cover common sources of NMR mis-
assignment, including positional ambiguity, regioisomeric uncertainty, and insufficient discrimination between
structurally close candidates. For each case, NMRAgent was provided only with the reported 1H and 13C NMR
chemical shifts, without access to the subsequent synthetic, crystallographic, or DFT evidence used in the human
revisions. Despite this restricted input, NMRAgent recovered the revised structures rather than the originally
proposed assignments. These results suggest that NMRAgent can serve as a practical tool for detecting poten-
tially incorrect NMR assignments and prioritizing chemically plausible structural revisions.

Novel Natural Product Structure Elucidation. Beyond correcting previously misassigned structures, we further
evaluated NMRAgent in novel natural product elucidation scenarios. We considered two representative novel-
structure cases: one coumarin dimer isolated from Hydrangea davidii [23], and one compound isolated from Vitex

trifolia [35]. These cases represent more realistic application settings, where the target molecules are not simple
benchmark compounds but structurally complex natural products requiring interpretation from experimental
NMR evidence. NMRAgent successfully recovered structures consistent with the literature-reported assignment
and the collaborating group’s experimentally validated solution, respectively. These results demonstrate that
NMRAgent can extend beyond retrospective benchmark evaluation and support practical structure elucidation
of newly isolated natural products. We show that NMRAgent demonstrates evidential reasoning capability,
explicitly tracing how observed NMR signals support the predicted structure, as illustrated in Figure 2i.

In addition to structure-level elucidation, we also explored whether the learned NMR representation could provide
tentative metadata annotations for newly isolated compounds. Specifically, we integrated the knowledge-graph
database described above with a fine-tuned NMR encoder, using approximately 1,000 labeled examples per class
to train lightweight classifiers for chemical superclass, natural product pathway, and genus-level metadata. Rather
than serving as definitive annotations, these predictions are intended to provide auxiliary hypotheses that may
help contextualize novel molecules in broader natural-product chemical space. The resulting embedding-space
visualizations, including t-SNE plots, are provided in the Supplementary Information.

3 Discussion and Limitations

Despite its strong performance, NMRAgent still has several limitations. First, the current framework focuses on
one-dimensional 1H and 13C NMR spectra, while expert elucidation often relies on richer spectroscopic evidence,
including 2D NMR, IR, UV, and stereochemical measurements. Future versions should therefore incorporate ad-
ditional tools and modalities to support more comprehensive spectral reasoning. Second, although the expanded
database substantially improves candidate coverage, NMRAgent remains partially constrained by database com-
pleteness and still does not fully reach the reliability of experienced human experts, especially for rare scaffolds,
noisy spectra, or highly ambiguous natural products. Third, the LLM component does not yet intrinsically
understand NMR spectral information; its current effectiveness mainly comes from tool grounding, retrieval, and
verifier-provided evidence. Future work should explore agentic learning and post-training strategies that allow
LLMs to learn from verifier feedback, failed reasoning trajectories, and expert corrections, thereby internalizing
spectroscopic knowledge more effectively. Despite these limitations, NMRAgent establishes an LLM-powered
agentic framework for evidence-grounded NMR structure elucidation. By moving beyond direct black-box pre-
diction toward interpretable candidate verification, our work provides a scalable foundation for incorporating
richer spectral modalities, broader chemical knowledge, and stronger spectroscopic reasoning in future systems.

4 Method

4.1 Preliminaries

In standard structure elucidation pipelines, the exact molecular formula F is typically determined prior to
NMR analysis, often utilizing mass spectrometry (MS) [21]. Given F as a global structural constraint, the
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subsequent task is to deduce the precise atomic connectivity. We formally define the input NMR information as
a collection of peak sets. Specifically, let SH = {sH

1 , sH
2 , . . . , sH

NH
} and SC = {sC

1 , sC
2 , . . . , sC

NC
} denote the 1H

and 13C NMR spectra, respectively, where each peak si ∈ R represents a chemical shift value (in ppm). Detailed
chemical definitions are provided in Supplementary Information. Since the physical measurement of NMR peaks
is invariant to permutation, we treat each spectrum strictly as a set rather than a sequence. For methodological
simplicity in the following sections, we denote the unified input as S = SH ∪ SC , assuming that both spectra
are concurrently provided to the model. The corresponding molecular structure is represented as a SMILES
[30] sequence Y = {y1, . . . , yL}, where each element yi ∈ V denotes a discrete token from a predefined chemical
vocabulary V (e.g., atom symbols, bonds, and structural indicators).

4.2 Overall Workflow

To elucidate a molecular structure from NMR spectra, human chemists typically follow a deductive workflow that
starts from global constraints such as the molecular formula, interprets local chemical environments from NMR
peaks, and iteratively verifies structural hypotheses against experimental evidence [8, 21, 25]. Inspired by this
process, NMRAgent adopts a three-level hierarchical workflow consisting of Knowledge-Level planning, Molecular-
Level candidate generation and verification, and Fragment-Level optimization. An LLM acts as the reasoning
controller throughout the workflow, coordinating knowledge retrieval, tool invocation, candidate evaluation, and
evidence-based refinement.

As illustrated in Figure 1, the Knowledge-Level uses a retrieval-augmented planner to formulate a target-specific
elucidation plan from external chemical knowledge. The Molecular-Level constructs full-molecule candidates
conditioned on the input spectra S and molecular formula F , using a de novo and retrieval toolbox together
with an LLM-powered Peak-Atom Verifier that establishes explicit peak-atom correspondences. If unresolved
spectral evidence remains, the Fragment-Level performs targeted fragment optimization guided by the missing
or inconsistent peak evidence identified by the verifier. Detailed descriptions of each module are provided below.

4.3 Knowledge-Level Planner

In chemical research, expert chemists rely on standardized analytical workflows for molecular structure eluci-
dation, grounded in established spectroscopic heuristics and empirical rules [8, 21, 25]. To emulate this human
expertise, we propose the Knowledge-Level Planner, a central reasoning module within NMRAgent that uses
Retrieval-Augmented Generation (RAG) to formalize complex structure elucidation processes. To establish a
comprehensive knowledge base, we integrate heterogeneous scientific resources, including natural product repos-
itories [22, 24, 26] and bioactivity-related databases [3, 10]. In addition to external chemical knowledge, the
planner maintains an NMR evidence memory that stores previously verified spectroscopic reasoning cases, such
as confirmed peak–atom assignments, solvent conditions, multiplicity patterns, confidence scores, and expert or
user feedback. This memory allows the planner to reuse reliable assignment evidence from prior elucidation cases,
thereby making the reasoning process closer to the way chemists draw on accumulated spectroscopic experience.

Formally, the planning process is triggered by the molecular formula F , input spectra S, and experimental
metadata M, where M may include available contextual information such as reaction precursors, reagents,
catalysts, biological source, or isolation conditions. We denote the external chemical knowledge graph as K and
the NMR evidence memory as H. Given (F , S, M), the planner retrieves relevant chemical context from K and
assignment-level evidence from H:

CK = RK(K; F , M), CH = RH(H; S, F , M), (1)

where CK denotes retrieved chemical knowledge and CH denotes retrieved memory evidence from previous NMR
assignment cases. The LLM then synthesizes these retrieved contexts into a procedural guideline G:

G = LLM(F , S, M, CK , CH). (2)

To translate the high-level guideline G into an executable workflow, the planner integrates it with a predefined
toolset T and corresponding operation descriptions A. It generates a molecule-specific elucidation plan P =
{P1, P2, . . . , Pn}, where each reasoning step is represented as:

Pi = ⟨ti, xi, ei, yi⟩, ti ∈ T , (3)
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where ti is the selected tool, xi is the input to the tool, ei is the supporting evidence retrieved from CK or CH , and
yi is the expected structural inference or intermediate result. In this framework, the inclusion of experimental
metadata and NMR evidence memory helps NMRAgent avoid blind structural enumeration. Instead, the planner
produces a chemically grounded and evidence-supported elucidation plan that reflects both external chemical
knowledge and reusable spectroscopic assignment experience.

4.4 Molecular-Level Candidate Construction and Verification

Recent de novo models directly generate molecular strings or graphs while bypassing the peak-to-atom assignment
process that is central to conventional NMR verification. Second, retrieval-based methods provide chemically
valid candidates, but their performance depends on the coverage of the reference spectrum–structure database and
on the quality of the retrieval representation. In particular, retrieval-based methods are inherently constrained by
database coverage and therefore cannot propose novel structures that are absent from the reference database. In
addition, conventional spectrum-only retrieval may identify candidates with similar global peak distributions but
distinct molecular scaffolds, especially for complex natural products with rare scaffolds or subtle local variations.

To address these issues, NMRAgent constructs a hybrid candidate pool by integrating database-grounded retrieval
with de novo generation. We expand Pubchem-NMRNet [13] to 158M spectrum–structure pairs by augmenting
the original database with additional compounds, including complex scaffold-containing and natural-product-
like molecules. For the expanded portion of the database, NMR spectra are simulated in silico using Gaussian
software [9], enriching the reference space beyond the original database coverage. This expanded database
provides a broader pool of chemically valid candidates for downstream retrieval and reasoning. In parallel,
the de novo and retrieval toolbox can invoke NMR-conditioned molecular generators, such as UltraNMR [35],
ChefNMR [32] and NMRMind [34], to propose additional structures beyond database entries. The retrieved and
generated candidates are then merged into a unified candidate pool for verification.

To support more informative retrieval, we use UltraNMR [35], a self-supervised representation model for NMR
spectra. Given heterogeneous 1H and 13C NMR inputs, UltraNMR maps spectra into a dense continuous embed-
ding space that captures both individual peak patterns and contextual dependencies across spectra. The model
is pre-trained with a masked spectral modeling objective, where a subset of chemical-shift tokens is masked and
predicted from the remaining spectral context. In addition, UltraNMR is trained to estimate structural similarity
between molecules from their spectral embeddings:

LSSL = Lmask + λFPLFP, (4)

where Lmask denotes the masked chemical-shift prediction loss and LFP denotes the fingerprint-similarity pre-
diction loss. This objective encourages the spectral representation to preserve structural information useful for
candidate ranking.

To further distinguish structurally similar candidates, especially formula-identical isomers, we further incorpo-
rates a cross-modal contrastive objective:

LNCE = − log
exp(cos(z,v+)/τ)

exp(cos(z,v+)/τ) +
∑K

k=1 exp(cos(z,v−
k )/τ)

, (5)

where z is the projected NMR embedding, v
+ is the fingerprint representation of the matched molecule, v

−
k

denotes the k-th hard-negative fingerprint representation, and τ is the temperature hyperparameter. The final
representation learning objective is:

LUltraNMR = LSSL + λNCELNCE. (6)

For database-grounded candidate search, NMRAgent performs coarse-to-fine retrieval. At the coarse stage, the
query spectrum is encoded into a global NMR vector and used for high-recall retrieval of spectra-level neighbors
following the global vector retrieval protocol [13]. This step rapidly narrows the 158M-scale database to a
manageable candidate set with similar overall NMR patterns. At the fine stage, the retrieved candidates are
re-ranked using UltraNMR dense embeddings, prioritizing structures whose learned spectral representations are
closer to the query. Thus, the coarse stage emphasizes efficient spectrum-level recall, whereas the fine stage
refines the ranking with a representation that better reflects structural similarity.
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In parallel with retrieval, UltraNMR is paired with an autoregressive molecular decoder for de novo candidate
generation. Given a target SMILES sequence Y = {y1, y2, . . . , yL} and the projected NMR embedding z, the
decoder models:

pθ(Y | z) =

L
∏

t=1

pθ(yt | y<t, z), (7)

with the training objective:

Lgen = −

L
∑

t=1

log pθ(yt | y<t, z). (8)

This generation branch complements retrieval by proposing additional structures that may not appear in the
reference database.

After candidate construction, NMRAgent applies an LLM-powered peak-atom verifier to convert candidate scor-
ing into explicit atom-level evidence. Given the unified candidate pool Cpool = {c1, . . . , cM } and the query
spectrum S, the verifier first invokes a fast machine-learning NMR predictor [33, 37] to generate atom-annotated

chemical shifts for each candidate. For a candidate molecule c, this process produces Ŝatom(c) = {(δ̂, a, α)},

where δ̂ is a predicted chemical shift, a is the associated atom index, and α ∈ {1H,13 C} denotes the nucleus type.

The verifier compares Ŝatom(c) with the observed spectrum S using a set-similarity metric [13]. It then iden-
tifies compatible peak–atom correspondences, producing an assignment set A(c), a consistency score s(c), and
unresolved mismatch regions U(c). Together, these outputs form an evidence object:

E(c) = {c, s(c), A(c), U(c)}. (9)

The peak-atom verifier aggregates the verifier evidence across Cpool to produce either a ranked elucidation list or
targeted mismatch descriptions for subsequent Fragment-Level optimization.

4.5 Fragment-Level Optimization

When the peak-atom verifier indicates insufficient spectral support for the current molecular candidates, NM-
RAgent activates the Fragment-Level Optimization module for targeted structural refinement. Rather than
treating refinement as unconstrained molecular generation, this module uses verifier-provided evidence to local-
ize uncertain structural regions and explores chemically valid fragment substitutions or recombinations under
molecular-formula constraints. This design complements molecular-level candidate construction by preserving
spectrally supported regions as structural anchors and focusing refinement on unresolved or mismatched regions.

Given the candidate pool evaluated by the peak-atom verifier, NMRAgent constructs a fragment pool Pfrag

by decomposing relevant candidates according to chemically defined fragmentation rules, such as BRICS-based
cleavage or other rule-based bond-disconnection strategies. Each fragment is associated with its sub-formula and
local spectral evidence inherited from the verifier. Specifically, atom-level shift annotations indicate which local
regions are supported by matched experimental peaks and which regions remain ambiguous or inconsistent. The
LLM acts as an evidence interpreter rather than a direct structure generator: it uses verifier outputs to identify
fragments that should be preserved, regions that require modification, and alternative fragment compositions
that should be explored.

Formally, let Ftarget denote the target molecular formula. Based on the peak–atom evidence, NMRAgent identifies
a set of supported fragments Pkeep and a candidate repair space Pedit associated with unresolved spectral evidence.
Fragment-Level Optimization searches for chemically assembleable fragment combinations that satisfy the formula
constraint and improve agreement with the experimental spectrum:

S∗ = arg min
S⊆Pfrag

dset

(

ŶNMR(Assemble(S)), Yexp

)

, (10)

subject to:
∑

f∈S

Formula(f) = Ftarget, Pkeep ⊆ S, S \ Pkeep ⊆ Pedit. (11)

Here, Assemble(·) denotes rule-guided chemical assembly, ŶNMR(·) denotes the predicted NMR shifts of the
assembled molecule, Yexp is the experimental spectrum, and dset(·, ·) measures spectral disagreement. The formula
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constraint acts as a hard filter, while the verifier-guided preservation and repair constraints focus the search on
regions with insufficient peak–atom evidence. The resulting formula-compatible and chemically assembleable
candidates are then passed back to the peak–atom verifier for iterative evidence-based assessment.

5 Code and Data Availability

The code is available at https://github.com/Meaw0415/NMRAgent. The checkpoints of UltraNMR [35] are
available at https://huggingface.co/milesyc/ultranmr. The released NMRMind [34] checkpoints used in
this work can be accessed through the official NMRMind repository at https://github.com/WJmodels/NMRMind.
The released ChefNMR [32] checkpoints are available at https://zenodo.org/records/17766755. The released
NMRNet [33] checkpoints for forward NMR prediction are available at https://zenodo.org/records/19142375.
The source data of the Pubchem-NMRNet database [13] can be accessed through https://huggingface.co/

datasets/yqj01/SimNMR-PubChem. The NMRGym [7] dataset can be accessed through https://huggingface.

co/datasets/meaw0415/NMRGym. The processed nmrshiftdb data [27] can be obtained at https://zenodo.org/

records/19142375. The Exp450 dataset can be obtained at https://doi.org/10.5281/zenodo.16952024.
Detailed information on the datasets is provided in the Supplementary Information.
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