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Abstract

Molecular structure generation from mass spectrometry is
fundamental for understanding cellular metabolism and dis-
covering novel compounds. Although tandem mass spec-
trometry (MS/MS) enables the high-throughput acquisition
of fragment fingerprints, these spectra often reflect higher-
order interactions involving the concerted cleavage of multi-
ple atoms and bonds-crucial for resolving complex isomers
and non-local fragmentation mechanisms. However, most
existing methods adopt atom-centric and pairwise interac-
tion modeling, overlooking higher-order edge interactions
and lacking the capacity to systematically capture essential
many-body characteristics for structure generation. To over-
come these limitations, we present MBGen, a Many-Body
enhanced diffusion framework for de novo molecular struc-
ture Generation from mass spectra. By integrating a many-
body attention mechanism and higher-order edge modeling,
MBGen comprehensively leverages the rich structural infor-
mation encoded in MS/MS spectra, enabling accurate de novo
generation and isomer differentiation for novel molecules.
Experimental results on the NPLIB1 and MassSpecGym
benchmarks demonstrate that MBGen achieves superior per-
formance, with improvements of up to 230% over state-of-
the-art methods, highlighting the scientific value and practical
utility of many-body modeling for mass spectrometry-based
molecular generation. Further analysis and ablation studies
show that our approach effectively captures higher-order in-
teractions and exhibits enhanced sensitivity to complex iso-
meric and non-local fragmentation information.

Code — https://github.com/biomed-AI/MBGen

Introduction
The comprehensive understanding of cellular metabolism
is essential for advancing basic biological research and
applied biomedical sciences (Wishart 2019; DeBerardinis
and Thompson 2012; Rao et al. 2025a; Xie et al. 2024).
Metabolomics, which focuses on the systematic profiling
of small molecules in biological samples, plays a pivotal
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Figure 1: The mass spectrum comprises fragments from
complex bond cleavages, where isomers within the same
peak each contribute distinct yet essential insights for ac-
curate molecular generation.

role in revealing metabolic pathways and disease mecha-
nisms (Vander Heiden, Cantley, and Thompson 2009; Qiu
et al. 2023; Newgard 2017; Rao et al. 2024). At the heart of
metabolomics lies tandem mass spectrometry (MS/MS), a
powerful analytical technique that enables high-throughput
detection and structural elucidation of diverse metabolites
through detailed fragmentation spectra (Kind et al. 2018).
These spectra provide molecular fingerprints that enable the
annotation of known compounds and the discovery of novel
ones. The widespread adoption of MS/MS has markedly im-
proved the resolution and depth of metabolomic analyses,
propelling innovations in the field.

Despite its transformative impact, accurate and automated
molecular structure generation from MS/MS data remains a
fundamental challenge. The fragmentation spectra produced
by tandem mass spectrometry are inherently complex, of-
ten reflecting not only the cleavage of individual chemical
bonds but also higher-order interactions involving the con-
certed breakage of multiple atoms and bonds. These many-
body effects encode rich structural information crucial for
distinguishing complex isomers and interpreting non-local
fragmentation mechanisms (Tanaka and Arita 2018).
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Existing computational approaches for molecular struc-
ture generation from MS/MS data primarily adopt an
atom-centric perspective. For example, language models
that map tokenized m/z values and intensities to SMILES
strings (Litsa et al. 2023; Stravs et al. 2022; Winter
et al. 2019), as well as graph-based methods like MAD-
GEN (Wang et al. 2025) and DiffMS (Bohde et al. 2025),
represent and generate molecular structures by focusing on
atoms as fundamental units. While these atom-centric strate-
gies have improved prediction accuracy and enabled ba-
sic molecular assembly, they inherently overlook the rich
chemical information encoded in bonds and the interac-
tions between them. However, bond formation and cleavage
events are central to the fragmentation processes observed
in MS/MS spectra. Accurately modeling these processes re-
quires a representation that directly captures the connectiv-
ity and dynamics of chemical bonds, rather than merely the
arrangement of atoms.

Moreover, the fragmentation patterns observed in the
MS/MS data often result from the concerted breaking of
multiple bonds and complex, interdependent interactions
that cannot be captured by simple pairwise modeling. Even
advanced GNN-based models, such as those employing the
Graph Transformer in DiffMS (Bohde et al. 2025), are lim-
ited in their ability to encode such higher-order relation-
ships. Explicitly incorporating many-body interactions is
therefore essential, as it enables the model to represent and
predict multi-bond cleavage dynamics and non-local frag-
mentation mechanisms that are critical for faithful interpre-
tation of MS/MS spectra. By capturing these complex in-
teractions, the model can more effectively resolve structural
isomers and generate chemically plausible de novo struc-
tures, ultimately leading to more accurate molecular gener-
ation from spectral data.

In this work, we present MBGen, a Many-Body enhanced
diffusion framework for de novo molecular Generation
from mass spectra. Specifically, MBGen differs from tradi-
tional atom-centric frameworks by adopting an edge-centric
molecular generation strategy, modeling molecules at the
level of chemical connectivity. This approach provides a
more direct and chemically meaningful connection between
spectral features and molecular structure, since bond for-
mation and cleavage are fundamental to MS/MS fragmen-
tation. Furthermore, MBGen incorporates a many-body at-
tention mechanism to explicitly capture higher-order inter-
actions and concerted bond-breaking events. This allows
the model to learn complex fragmentation pathways beyond
simple pairwise or conventional GNN-based modeling, en-
abling more accurate interpretation of MS/MS spectra and
effective differentiation of structural isomers. By integrat-
ing these chemical insights into a diffusion-based generative
process, MBGen flexibly and reliably generates chemically
plausible molecular structures from spectral data, advancing
de novo molecular generation and isomer identification.

Experimental results on the NPLIB1 (Dührkop et al.
2021) and MassSpecGym (Bushuiev et al. 2024) bench-
marks demonstrate that MBGen achieves superior perfor-
mance, with improvements of up to 230% over state-of-
the-art methods. MBGen consistently outperforms baseline

models in distinguishing structural isomers, particularly in
cases where isomeric species produce highly similar frag-
mentation patterns. Further analysis and ablation studies
confirm that our approach effectively captures higher-order
interactions and exhibits enhanced sensitivity to complex
isomeric and non-local fragmentation information. These
strengths position MBGen as a valuable tool for applica-
tions such as metabolite identification, drug discovery, and
the structural elucidation of novel compounds in complex
biological samples. Our main contributions are as follows:
• We adopt an edge-centric molecular modeling strategy

that directly represents chemical bonds and their connec-
tivity, providing a more accurate foundation for interpret-
ing MS/MS fragmentation.

• We incorporate a many-body attention mechanism
throughout the molecular generation process, explicitly
capturing higher-order interactions and concerted bond-
breaking events, which enables the model to better re-
solve complex fragmentation and structural isomers.

• Extensive experiments demonstrate that MBGen signif-
icantly outperforms existing methods in both molecular
structure generation accuracy and isomer differentiation,
validating the value and practical utility of our approach.

Related Work
Molecular Generation based on Mass Spectra
Identifying molecular structures from mass spectrometry
(MS) data remains challenging. Traditional approaches,
such as those by Heinonen et al. (2012) and tools like
CSI:FingerID (Dührkop et al. 2015), predict molecular prop-
erties or fingerprints from tandem MS spectra and match
them against molecular databases. However, these database-
dependent workflows are computationally intensive and fun-
damentally limited by the coverage of reference databases,
making the identification of novel compounds impossible.

To overcome these limitations, de novo molecular gener-
ation methods have been developed. These approaches pre-
dict molecular structures directly from MS data. For ex-
ample, MSNovelist (Stravs et al. 2022) combines predicted
molecular fingerprints and formulas with an autoregressive
model for molecule reconstruction. Spec2Mol (Litsa et al.
2023) employs an encoder-decoder framework, mapping
spectra into a learned molecular embedding space for struc-
ture generation. MADGEN (Wang et al. 2025) uses a two-
stage process: scaffold retrieval from spectra, followed by
conditional structure generation. DiffMS (Bohde et al. 2025)
further advances the field with an end-to-end framework,
pretraining spectra and structure modules separately before
joint finetuning. However, these methods typically adopt
atom-centric and pairwise interaction modeling, overlook-
ing higher-order edge interactions and lacking the capacity
to capture essential many-body characteristics.

Many-body Interaction Modeling
Recent advances in molecular modeling have highlighted the
importance of many-body interactions for capturing com-
plex dependencies between atoms in a molecule. While tra-
ditional geometric GNNs (Ying et al. 2021; Hussain, Zaki,
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Figure 2: An overview of MBGen framework.

and Subramanian 2022; Rao et al. 2025b) mainly focus on
pairwise interactions, limiting their expressiveness, recent
architectures such as ViSNet (Wang et al. 2024), GEM-
2 (Liu et al. 2022), TGT (Hussain, Zaki, and Subrama-
nian 2024), and MABNet (Rao et al. 2025c) have incor-
porated higher-order mechanisms-modeling three-body and
even four-body interactions-to enhance molecular represen-
tation learning. However, these approaches have largely
been restricted to property prediction tasks, with limited ex-
ploration in molecular generation.

In this work, we bridge this gap by introducing many-
body interaction modeling directly into the generative pro-
cess, enabling the decoder to capture richer geometric rela-
tionships and thereby improving the fidelity and accuracy of
generated molecular structures.

Methodology
Problem Formulation
We formulate molecular structure generation from mass
spectrometry (MS) data as a conditional graph generation
problem. A molecule is represented as a graph G = (H,E),
where H ∈ Rn×d, E ∈ {0, 1}n×n×k, with n heavy atoms,
d feature dimensions, and k bond types.

Given a chemical formula which is obtainable from
high-resolution MS data using tools like SIRIUS (Böcker
and Dührkop 2016), the node set H is fixed, and the task
reduces to predicting E so that the resulting graph matches
the observed spectrum. The input spectrum S is comprised
of m/z peaks and intensities I , which are encoded into a
vector y that provides global structural constraints. Under
this setting, our model learns to predict the adjacency matrix
E conditioned on the fixed node features H and the spectral
embedding y.

Model Architecture
Figure 2 illustrates our overall framework. The input is a tan-
dem mass spectrum, represented as a set of (m/z, intensity)
peaks. The model first employs a spectrum encoder to ex-
tract a structural fingerprint from the spectrum. This fin-
gerprint conditions a many-body graph diffusion decoder,
which iteratively denoises a molecular graph to generate the
final structure. The decoding process incorporates an edge-
centric message passing mechanism and a many-body atten-
tion module to capture rich relationships and higher-order
structural contexts. Our model adopts a three-stage train-
ing procedure, consisting of spectrum encoder pretraining,
graph decoder pretraining, and end-to-end finetuning.

Spectrum Encoder
Following previous work (DiffMS), we use the pretrained
MIST (Goldman et al. 2023) Formula Transformer as our
spectrum encoder to extract molecular fingerprints from
tandem mass spectra. Given an input spectrum S =
{(m/zi, intensityi)}Ni=1, the encoder maps S to a fixed-
dimensional fingerprint vector y:

y = Encoder(S), (1)

where y ∈ Rd serves as the structural representation condi-
tioning the subsequent molecular graph generation.

For the encoder, we first apply SIRIUS to annotate each
peak with its most probable molecular formula, which is
then concatenated with the corresponding peak intensity:

xi = [Fi; intensityi], (2)

where Fi embeds the molecular formula with a learned for-
mula embedding function.

The set of peaks X = {xi}Ni=1 is then encoded by a
Set Transformer comprising pairwise attention layers. Each
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layer updates peak embeddings by modeling their interac-
tions as:

Attn(xi, xj) =
(Qi + b1)Kj + (Qi + b2)|Fi − Fj |√

d
, (3)

where Qi, Kj are the query and key vectors from learned
projections of xi, xj , and b1, b2 are trainable bias terms. The
value |Fi−Fj | denotes the element-wise absolute difference
between the embedded formulas of peaks i and j.

Finally, the molecular fingerprint y is obtained via mean
pooling over the encoded representations:

y =
1

N

N∑
i=1

xi. (4)

Many-body Enhanced Graph Decoder
Edge-centric Molecular Modeling. For decoder, we
adopt an edge-centric strategy, where information propa-
gation and representation are centered on chemical bonds
(edges) rather than solely on atoms (nodes). Instead of fo-
cusing exclusively on node-level embeddings, we explicitly
construct edge features based on the associated node fea-
tures and their relational context.

We first initialize node features for each atom i as:

h
(0)
i = NodeEmb(ai), (5)

where ai encodes the atomic type and intrinsic properties.
Then, the pairwise (edge) embedding between nodes i and j
is constructed as:

e
(0)
ij = EdgeEmb

(
h
(0)
i , h

(0)
j , rij

)
, (6)

where rij represents the relationship between i and j.
In the edge-centric message passing, edge embeddings are

updated in two sequential stages. First, node-edge interac-
tion layers aggregate information from associated node fea-
tures and the global feature y to refine edge embeddings:

e
(l+1)
ij = fEdge

(
e
(l)
ij , h

(l)
i , h

(l)
j , y

)
. (7)

Formally, at each layer l, the attention-weighted aggrega-
tion of node and edge features is computed as follows:

α
(l)
ij =

(WQ · h(l)
i )(WK · h(l)

j )⊤
√
d

+WE · e(l)ij , (8)

o
(l)
ij = Wα · α(l)

ij , (9)
where WQ, WK , WE and Wα are learnable projection ma-
trices. Here, o(l)ij represents the intermediate attention result
integrating node and edge information.

Then, we apply a FiLM (Perez et al. 2018) mechanism
to incorporate the global feature y into edge representations.
The modulation is applied as:

FiLM(o
(l)
ij , y) = yW2 + o

(l)
ij · (yW1) + o

(l)
ij , (10)

where W1,W2 are linear transformations.
Finally, the edge embedding is updated through a feed-

forward network FFNe:

e
(l+1)
ij = FFNe

(
e
(l)
ij + FiLM(o

(l)
ij , y)

)
. (11)

After updating edge features via node-edge interaction,
to further capture higher-order chemical interactions, we
incorporate a many-body attention mechanism, denoted as
fManyBody. Specifically, for each pair (i, j), the many-body
attention updates the pairwise embedding eij by aggregating
information not only from nodes i and j, but also consider-
ing all neighbor pairs (j, k) and their relationship with (i, k),
thus capturing interaction patterns among triplets (i, j, k):

e
(l+1)
ij = fManyBody

(
e
(l)
ij ,

{
e
(l)
ik , e

(l)
jk | k ∈ N (j)

}
, y
)
,

(12)
where N (j) denotes the neighborhood of node j. This en-
ables the model to encode richer structural context by ex-
plicitly modeling interactions among triplets (i, j, k), which
is crucial for capturing complex fragmentation and higher-
order chemical relationships during molecular generation.

Many-body Attention Module. As shown in Figure 2(b),
after the node-edge interaction, the pairwise embedding eij
is updated by a many-body attention module, which is fur-
ther illustrated in detail in Figure 2(c). Specifically, at layer
l, the many-body attention computes an intermediate output
z
(l)
ij for each pair (i, j) by performing a weighted sum over

the value vectors of neighboring pairs:

z
(l)
ij =

N∑
k=1

αijk vjk (13)

where the attention weight αijk reflects the contribution
of the neighbor pair (j, k) when updating the target pair
(i, j), and vjk denotes the value vector of pair embedding
e
(l)
jk . Specifically, αijk is computed as follows:

sijk =
1√
d
qij · kjk + bik, (14)

αijk = softmaxk(sijk) · σ(gik). (15)

Here, the query, key, and value vectors are computed
as linear projections of the corresponding pairwise embed-
dings:

qij = WQ · e(l)ij ,kjk = WK · e(l)jk ,vjk = WV · e(l)jk , (16)

and the bias term bik and gating vector gik are similarly
computed from the third pairwise embedding e

(l)
ik :

gik = WG · e(l)ik , bik = WB · e(l)ik , (17)

where all projection matrices WQ,WK ,WV ,WG and WB

are learned parameters.
The final attention weight is obtained by applying a soft-

max function and modulating it with a sigmoid gate σ(gik),
which adaptively filters irrelevant interactions.

Similar to the previous step, we incorporate the global fea-
ture y using the same FiLM method:

FiLM(z
(l)
ij , y) = yW2 + z

(l)
ij · (yW1) + z

(l)
ij . (18)

The final updated embedding is then computed as:

e
(l+1)
ij = e

(l)
ij + FiLM(z

(l)
ij , y). (19)
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This many-body update enables information flow along
triplets without necessarily involving the junction node j, ef-
fectively alleviating the bottleneck and elevating the model’s
expressivity. A detailed analysis of computational efficiency
is provided in Appendix E.

Discrete Diffusion
As shown in Figure 2(b), the discrete diffusion generation
involves two processes: i) A diffusion process gradually cor-
rupts the edge features of the molecular graph by introducing
discrete noise; ii) A denoising process learns to reconstruct
the molecular graph conditioned on spectral embeddings.

Diffusion Process. Given a structure-spectrum pair X =
(G, y), where G = (H,E) is a molecular graph and E ∈
Rn×n×k denotes the edge feature, we represent each edge
feature e as a k-dimensional one-hot vector, with class 0 be-
ing non-edge and classes 1 to k-1 corresponding to different
bond types. We model its diffusion process via a discrete for-
ward process over time steps t = 0, 1, . . . , T , progressively
adding noise to edge features using a categorical transition
matrix Qt:

q(Et|Et−1) = Et−1Qt and q(Et|E) = EQ̄t, (20)

where Qt = [q(et = j | et−1 = i)]
k−1
i,j=0 and Q̄t =

QtQt−1 · · ·Q1.
For undirected graphs, noise is applied to the upper-

triangular part of E, which is then symmetrized.

Denoising Process. The reverse process begins with the
fully corrupted edge matrix ET and iteratively generates
Et−1 from Et until E0, aiming to reconstruct the original
edge types. A neural network fθ is trained to directly esti-
mate E0 from Et, conditioned on the noisy graph and the
global feature. Consequently, the denoising transition from
Et to Et−1 can be expressed as:

q(Et−1 | Et, E0) ≈ pθ(Et−1 | Xt), (21)
where θ serves as a learnable parameter.

Modeling the Denoising Network fθ. To preserve the in-
formation of the molecular fragments interactions, we uti-
lize the many-body attention mechanism to model fθ. The
denoising neural network fθ is trained to reverse the corrup-
tion by predicting p̂ = fθ(Gt, t, y). fθ takes a noisy graph
Gt as input and aims to predict the clean graph G. To train
fθ, we optimize the cross-entropy loss L between the pre-
dicted probabilities p̂ and the true edge matrix E:

L = CE(p̂, E). (22)
After obtaining the trained network fθ, new graphs are

generated by estimating the reverse diffusion iterations
pθ(Et−1|Xt) , using marginalization over the network’s pre-
dicted distribution p̂ :

pθ(e
t−1
ij |Xt) =

∑
e∈E

pθ(e
t−1
ij |eij = e,Xt)p̂(e), (23)

where pθ(e
t−1
ij |eij = e,Xt) = max

(
q(et−1

ij |eij =

e, etij), 0
)

. We can sample a discrete Et−1 from the distribu-
tion and then use it as the input for the denoising network in

the next time step, iteratively performing the diffusion pro-
cess until E0.

Training Paradigm
Spectrum Encoder Pretraining. Following the strategy
of DiffMS (Bohde et al. 2025), we first pretrain the spectrum
encoder on NPLIB1 and MassSpecGym datasets. Given an
input spectrum S, the encoder is trained to predict the cor-
responding molecular fingerprint. This stage encourages the
encoder to extract structural signals from spectral data and
provides a strong starting point for subsequent finetuning.

Many-body Decoder Pretraining. To enhance the de-
coder’s ability to generate molecular structures under strong
structural constraints, we pretrain the decoder independently
on a large collection of molecular fingerprint–structure
pairs. Specifically, instead of using spectrum embeddings
as input, we directly use the molecular fingerprint as the
structural condition y. The decoder is then trained to recon-
struct the molecular graph, learning to generate true struc-
tures guided by the fingerprint feature.

End-to-End Finetuning. After separate pretraining of the
encoder and decoder, we jointly finetune the entire model
using the same datasets as encoder pretraining. The encoder
processes input spectra to produce the fingerprint embed-
dings y, which are then used to condition the many-body
decoder. In this stage, the model is trained to reconstruct the
full molecular graph from scratch, aligning the predicted ad-
jacency matrix with the ground-truth structure.

Experiments
Experiment Setup
In this section, we briefly describe the datasets, baseline
methods, and evaluation metrics used in our experiments.
Additional information can be found in Appendix A-C.

• Datasets. We pretrain the decoder on a large scale
of 2.8 million fingerprint–molecule pairs collected
from DSSTox (CCTE, EPA 2019), HMDB (Wishart
et al. 2022), COCONUT (Sorokina et al. 2021), and
MOSES (Polykovskiy et al. 2020), covering diverse
chemical structures. Evaluation is conducted on two pub-
lic benchmarks: NPLIB1 (Dührkop et al. 2021), and
MassSpecGym (Bushuiev et al. 2024).

• Baselines. We compare our method with several state-
of-the-art approaches, including Spec2Mol (Litsa et al.
2023), MIST (Goldman et al. 2023) combined with Neu-
raldecipher (Winter et al. 2019) or MSNovelist (Stravs
et al. 2022), DiffMS (Bohde et al. 2025), and MAD-
GEN (Wang et al. 2025). We also reproduce the results of
SMILES Transformer, SELFIES Transformer, and Ran-
dom Chemical Generation from MassSpecGym.

• Evaluation Metrics. Following MassSpecGym, we re-
port top-k accuracy, Tanimoto similarity, and Maximum
Common Edge Substructure (MCES) scores for k = 1
and k = 10. All models generate 100 molecular candi-
dates for each spectrum.

1046



Model Top-1 Top-10
Accuracy ↑ MCES ↓ Tanimoto ↑ Accuracy ↑ MCES ↓ Tanimoto ↑

NPLIB1
Spec2Mol 0.00% 27.82 0.12 0.00% 23.13 0.16
MIST + Neuraldecipher 2.32% 12.11 0.35 6.11% 9.91 0.43
MIST + MSNovelist 5.40% 14.52 0.34 11.04% 10.23 0.44
MADGEN 2.10% 20.56 0.22 2.39% 12.69 0.27
DiffMS 8.34% 11.95 0.35 15.44% 9.23 0.47
MBGen 12.20% 7.72 0.41 22.29% 6.71 0.50

MassSpecGym
SMILES Transformer 0.00% 79.39 0.03 0.00% 52.13 0.10
MIST + MSNovelist 0.00% 45.55 0.06 0.00% 30.13 0.15
SELFIES Transformer 0.00% 38.88 0.08 0.00% 26.87 0.13
Spec2Mol 0.00% 37.76 0.12 0.00% 29.40 0.16
MIST + Neuraldecipher 0.00% 33.19 0.14 0.00% 31.89 0.16
Random Chemical Generation 0.00% 21.11 0.08 0.00% 18.26 0.11
MADGEN 1.31% 27.47 0.20 1.54% 16.84 0.26
DiffMS 2.30% 18.45 0.28 4.25% 14.73 0.39
MBGen 7.58% 13.25 0.38 12.54% 10.16 0.47

Table 1: Evaluation of de novo molecular structure elucidation models on the NPLIB1 (Dührkop et al. 2021) and MassSpec-
Gym (Bushuiev et al. 2024) datasets. The table presents top-1 and top-10 accuracy, Maximum Common Edge Substruc-
ture(MCES) scores, and Tanimoto similarity. Bold indicates the best performance.

Main results
Table 1 summarizes the main results of our method and
representative baselines on the NPLIB1 and MassSpecGym
datasets. Our method achieves state-of-the-art performance
across all metrics. On NPLIB1, our approach reaches a
Top-1 accuracy of 12.20%, surpassing the previous best re-
sult (DiffMS, 8.34%) by a substantial margin. Similarly,
on MassSpecGym, our method attains a Top-1 accuracy of
7.58%, compared to 2.30% for DiffMS. Significant improve-
ments are also observed in Top-10 accuracy, MCES, and
Tanimoto similarity, indicating that our model not only pre-
dicts more accurate structures but also generates candidates
with higher substructural and overall molecular similarity.

Despite the use of chemical formula constraints, exist-
ing models such as DiffMS still exhibit relatively limited
accuracy. Our results demonstrate that explicitly model-
ing bond–bond (edge–edge) interactions, inspired by chemi-
cal fragmentation principles, can substantially improve both
the accuracy and chemical plausibility of structure genera-
tion from MS/MS spectra. This highlights the importance
of incorporating chemical knowledge into deep generative
frameworks for molecular elucidation.

Ablation Study
Many-body attention module. To evaluate the efficacy of
the many-body attention module, we conduct ablation ex-
periments by removing it from the model (denoted as w/o
MB). We use MAGMA to annotate fragment molecules for
each peak in the mass spectra and compare model perfor-
mance across varying numbers of isomers. As illustrated in
Figure 4(a-b), both MBGen and the ablated model perform

Pretrain Metrics
Enc. Dec. Accuracy ↑ MCES ↓ Tanimoto ↑

Top-1
✗ ✗ 0.00% 17.96 0.17
✓ ✗ 4.17% 15.73 0.26
✗ ✓ 8.33% 15.20 0.30
✓ ✓ 12.20% 7.72 0.41

Top-10
✗ ✗ 2.08% 14.26 0.25
✓ ✗ 8.33% 13.25 0.36
✗ ✓ 16.67% 11.65 0.44
✓ ✓ 22.29% 6.71 0.50

Table 2: Performance on the NPLIB1 dataset with and with-
out pretraining of encoder and decoder.

similarly when the average isomer count per peak is less than
1, but as the isomer complexity increases, MBGen maintains
stable performance while the ablated model degrades, high-
lighting the module’s effectiveness.

We also assess the reconstruction of complex molecules
(Fig 4(c-d)). For molecules with fewer than 23 atoms,
both models perform comparably, but as the atom count
increases, MBGen shows substantial gains. Notably, for
molecules with over 40 atoms, MBGen achieves a Tanimoto
similarity of about 0.525 versus 0.425 for the ablated model.
Incorporating higher-order interactions thus enables robust
modeling of complex molecules and offers deeper insights
into molecular generation.

1047



Case Study: index13

MBGen
DiffMS

MBGen
DiffMS

MBGen
DiffMS

MBGen
DiffMS

Case Study: index45

MBGen
DiffMS

MBGen
DiffMS

MBGen
DiffMS

Ground Truth MBGen - Top 1 DiffMS - Top 1
Tan.sim = 1, MCES=0 Tan.sim = 0.89, MCES=2 Tan.sim = 1, MCES=0 Tan.sim = 0.64, MCES=2

O

O

O

O

O O

HO
OH

OH

OHO

HOHO

O O O
OH

OH
OH

HO
O

O

O
OH

OH

OH

HO

HO
O

HO

HO O
OH

OH

OHO
HO

HO O
OH

OH

OH

HO OH

HO

O

O
OH

O
HO

HO

OH

O O

O

OH

HO

O O

O

(a) (b)
Ground Truth MBGen - Top 1 DiffMS - Top 1

HO

O O O
OH

OH
OH

HO
O

Figure 3: Case studies illustrating the superior performance of MBGen over DiffMS in de novo molecular structure generation,
particularly in spectra featuring intra-peak isomers.

Ablation Study

(a) (b)

(c) (d)

MBGen w/o Many body

Figure 4: Ablation study on the NPLIB1 dataset, evaluating
model performance across varying numbers of isomers and
atoms.

Pretrain-finetune strategy. To assess the impact of our
pretraining-finetuning strategy, we ablate the pretraining
of the encoder and decoder components on the NPLIB1
dataset. As shown in Table 2, models without any pretrain-
ing yield poor performance, with Top-1 accuracy at 0.00%
and Tanimoto similarity at 0.17. Pretraining only the en-
coder or decoder provides moderate gains (e.g., Top-1 ac-
curacy of 4.17% and 8.33%, respectively), while pretraining
both achieves the best results: Top-1 accuracy of 12.20%,
MCES of 7.72 (lower is better), and Tanimoto of 0.41. Sim-
ilar trends hold for Top-10 metrics, with the full strategy
reaching 22.29% accuracy, 6.71 MCES, and 0.50 Tanimoto.
These results demonstrate that joint pretraining of encoder
and decoder significantly enhances de novo generation by
leveraging spectral and molecular priors.

Case Study
To demonstrate the interpretability and efficacy of MBGen,
we present case studies highlighting its ability to capture iso-
mer information within mass spectral peaks, leading to ac-
curate de novo molecular structure generation where base-
lines like DiffMS falter. As shown in Figure 3(a), for the
mass spectrum of riken-0371, both MBGen and DiffMS cap-
ture the chromone structural motif among isomers at the
peak m/z 199.08. However, MBGen additionally identifies
critical isomer fragments related to the benzene ring and
chromone positional arrangements, which DiffMS misses.
For the more complex isomer fragments at peak m/z 255.07,
MBGen successfully captures them, whereas DiffMS fails,
resulting in the loss of key structural insights.

Similarly, Figure 3(b) illustrates the spectrum of CCM-
SLIB00003137419, where MBGen accurately reconstructs
the molecule by leveraging the many-body interaction to in-
tegrate complementary isomer details across peaks, whereas
DiffMS produces an incorrect structure. This underscores
how MBGen’s many-body algorithm enhances interpretabil-
ity by explicitly accounting for intra-peak isomer complex-
ity, yielding superior predictions on challenging cases.

Conclusion
In this work, we propose MBGen, a many-body enhanced
diffusion framework with edge-centric modeling for de
novo molecular generation from mass spectra. We develop
a pretraining-finetuning workflow incorporating an edge-
enhanced transformer and a many-body attention module
that leverages higher-order bond interactions and intra-peak
isomer information, ensuring the model captures chemically
nuanced representations from spectral data. We show that
MBGen achieves state-of-the-art results across de novo gen-
eration benchmarks, and provide ablation studies and case
analyses to demonstrate the effectiveness of our contribu-
tions and the potential to further enhance performance by
scaling pretraining or integrating additional spectral priors.
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Zhang, L.; Dührkop, K.; et al. 2024. MassSpecGym: A
benchmark for the discovery and identification of molecules.
Advances in Neural Information Processing Systems, 37:
110010–110027.
CCTE, EPA. 2019. Distributed Structure-Searchable Toxi-
city (DSSTox) Database. Dataset. The United States En-
vironmental Protection Agency’s Center for Computational
Toxicology and Exposure.
DeBerardinis, R. J.; and Thompson, C. B. 2012. Cellular
metabolism and disease: what do metabolic outliers teach
us? Cell, 148(6): 1132–1144.
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