The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

MSAnchor: De Novo Molecular Generation from Mass Spectrometry Data with
Anchor-Extended Molecular Scaffolds

Xiaohan Qin'?, Chao Wang®, Zhengyang Zhou'~, Linjiang Chen'?, Wenjie Du!**, Yang Wang'->*
'University of Science and Technology of China (USTC), Hefei, China
2Suzhou Institute for Advanced Research, USTC, Suzhou, China
3ByteDance, Inc.
gxh@mail.ustc.edu.cn, wangchao.hhhhh @bytedance.com, {linjiangchen, zzy0929, duwenjie, angyan } @ustc.edu.cn

Abstract

Tandem mass spectrometry (MS/MS) is a critical tool for
identifying molecular structures. By efficiently separating
molecular fragments based on their mass-to-charge (m/z)
ratios, it facilitates molecular generation and subsequent
scientific discoveries. However, de novo molecular genera-
tion from MS/MS spectra remains fundamentally constrained
by two paramount challenges: the vast chemical space re-
quires effective structural constraints, and the absence of
fine-grained substructural generation weakens the correspon-
dences between spectral features and molecular structures.
In this work, we propose MSAnchor, a novel two-stage
framework for MS/MS-based molecular structure generation.
We mitigate the search space challenge through the intro-
duction of Anchor-Extended Molecular Scaffold (AEMS)
representation that explicitly encodes side-chain anchoring
points, thereby dramatically reducing combinatorial com-
plexity. Leveraging the explicit attachment sites provided by
AEMS, we develop anchor-specific priors that establish ef-
fective alignments between spectral features and molecular
substructures. This fine-grained substructural correspondence
is further enhanced by a modified Conditional Information
Bottleneck (CIB) module that extracts the most informative
spectral components in a structure-aware manner. These in-
novations enable MSAnchor to generate molecular structures
that closely reflect spectral characteristics while constrain-
ing combinatorial complexity. Extensive experiments on the
CANOPUS and MassSpecGym datasets demonstrate that
MSAnchor achieves state-of-the-art performance in molec-
ular structure prediction from MS/MS spectra, with perfor-
mance improvements that are particularly more pronounced
for molecules with higher complexity.

Introduction

Tandem mass spectrometry (MS/MS) is a widely used ana-
Iytical method for identifying unknown molecules by gen-
erating informative fragmentation spectra through precursor
ion dissociation (Sleno and Volmer 2004; McLafferty 1981;
de Hoffmann 1996). By analyzing the mass-to-charge (m/z)
ratios and relative intensities of fragment ions (Winger et al.
1993; McLuckey and Stephenson 1998), MS/MS provides
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Figure 1: Two paradigms for structure generation from
mass spectra: (1) direct mapping to substructures, and (2)
scaffold-based generation with reduced complexity.

insight into molecular composition and substructures (Ak-
senov et al. 2017; De Vijlder et al. 2018), thereby sup-
porting compound identification across domains such as
metabolomics, drug discovery, and environmental analy-
sis (Beniddir et al. 2021; Wishart 2016). In particular,the
precursor ion enables accurate estimation of the molecular
formula, providing a strong constraint for molecular gener-
ation. (Bristow 2006; Vestal 2001; Luo et al. 2024).

To reconstruct molecular structures from MS/MS spec-
tra, traditional approaches such as untargeted analysis and
database searching have been widely used (Kind et al.
2018; Scheubert, Hufsky, and Bocker 2013; BlaZenovié
et al. 2018), but these methods are often computation-
ally intensive and time-consuming (Nguyen, Nguyen, and
Mamitsuka 2019; Vaniya and Fiehn 2015). Recently, Al ap-
proaches have enabled the direct mapping from spectral data
to molecular structures (Houhou and Bocklitz 2021; Xue
et al. 2023). As illustrated in Figure 1, these approaches
can generally be categorized into two main groups (Hong,
Ye, and Tang 2025; Xue et al. 2023). Group I is an end-to-
end paradigm such as neural language models that translate
MS/MS directly into SMILES strings. In contrast, Group II
comprises two-stage pipelines that first generates interme-
diate representations, such as scaffolds or molecular finger-
prints, and then performs molecular completion (Wang, Li,
and Barati Farimani 2023; Zhang et al. 2018; Hu et al. 2023).



Although Group II improves the interpretability of the
generation process, it still faces two fundamental challenges.
First, due to the vastness of chemical space (Coley 2021;
Ross et al. 2024), constraints that are limited to molecular
scaffolds or fingerprints are often insufficient to effectively
narrow the generative space. As a result, models frequently
generate molecules that are either chemically invalid or in-
consistent with MS/MS spectra (Ma, Vitek, and Nesvizh-
skii 2012; De Vijlder et al. 2018). Second, while existing
models can capture the global coherence of molecular struc-
tures (Dean and Scholes 2017; Oprea and Gottfries 2001),
they often overlook the fine-grained generation of molec-
ular substructures, thereby weakening the structured cor-
respondences between spectral features and specific molec-
ular fragments during generation (Xia et al. 2023; Liyagqat,
Ahmad, and Saxena 2024). Moreover, the ambiguity from
complex ionization and fragmentation (Niessen et al. 2017)
complicates feature extraction and alignment with molecular
substructures (Walters and Barzilay 2020).

Here, we propose MSAnchor, a novel two-stage frame-
work for de novo molecular generation conditioned on
MS/MS spectra, built upon an extended scaffold representa-
tion that we term the Anchor-Extended Molecular Scaffold
(AEMS). MSAnchor first leverages a Transformer-based
model to predict AEMS, then employs a diffusion model
for comprehensive molecular structure generation. To re-
duce the combinatorial search space, AEMS extends stan-
dard SMILES scaffolds by introducing virtual atoms (de-
noted as %) at potential attachment sites. This design fa-
cilitates the identification of side-chain linkage and guides
structure reconstruction, thereby substantially reducing the
complexity of molecular generation.

Moreover, to enable fine-grained generation of molecular
substructures, we approach this challenge from two perspec-
tives. On one hand, the explicit attachment sites provided by
AEMS allow MSAnchor to construct anchor-specific priors,
thereby facilitating effective alignment between spectral fea-
tures and molecular substructures. On the other hand, to ex-
tract the informative spectral components for this alignment,
we employ a modified Conditional Information Bottleneck
(CIB) module to compress spectral data in a structure-aware
manner(Zhang et al. 2025). This alignment enhances both
the interpretability and reliability of molecular generation.

Our contributions can be summarized as follows:

* We present MS Anchor, a novel two-stage framework for
de novo molecular generation built upon AEMS. We
demonstrate that AEMS can effectively constrain the
combinatorial search space and efficiently guide diffu-
sion models for molecular structure completion.

e Our method leverages AEMS’s explicit attachment sites
to construct anchor-specific priors, strengthening the
alignment between spectral characteristics and molecular
substructures. Furthermore, we demonstrate that the CIB
module can effectively extract informative features from
mass spectra, thereby improving alignment accuracy.

* On established benchmarks for de novo structure gen-
eration, MSAnchor achieves superior performance com-
pared to all baseline methods, demonstrating improved
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Figure 2: An example of AEMS. The left side shows the
target molecule and its SMILES, and the right side shows
the corresponding AEMS.

accuracy and structural similarity. This validates the
practical effectiveness of our approach in computational
mass spectrometry and drug discovery applications.

Methodology

In this section, we introduce our method, MSAnchor. We
first formally define the AEMS, and then present the model
architecture following its two-stage generation strategy.

Anchor-Extended Molecular Scaffold (AEMS)

Standard molecular scaffolds are usually derived by remov-
ing all side chains from a molecule, retaining only the
core ring systems and linkers. However, this representa-
tion loses information on potential branching sites, limit-
ing its effectiveness in structure generation. This limita-
tion becomes particularly problematic when reconstructing
molecules with complex or asymmetric side chains, where
the exact attachment locations are crucial for accurate pre-
diction. Here, we propose the Anchor-Extended Molecular
Scaffold (AEMS), a scaffold representation that preserves
explicit attachment points by linking virtual atoms (denoted
as “x”) to scaffold atoms where side chains are attached.
Importantly, this design preserves the molecular represen-
tation format like SMILES, ensuring that AEMS remains a
valid and parsable molecular string suitable for downstream
processing. Figure 2 presents a sample molecule along with
its SMILES representation and the corresponding AEMS,
clearly illustrating how side-chain anchoring points are re-
tained in the scaffold.

Stage 1: AEMS Prediction with Transformer

To retrieve AEMS, we propose a sequence-to-sequence
Transformer model that takes a molecular formula and
its corresponding mass spectrum as input and outputs the
AEMS in SMILES format. To construct training examples,
the molecular formula is tokenized into atomic and numeric
symbols, while the mass spectrum is converted into a se-
quential representation by selecting the top 100 peaks and
encoding each as a pair of m/z ratio and relative intensity.
These two modalities are strategically concatenated to form
the model input, enabling effective cross-modal learning. To
obtain the AEMS representation, we first compute the Mur-
cko scaffold of the given molecule. We then identify side-
chain attachment points by aligning the scaffold with the
molecular graph, and attach virtual atoms at these positions.
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Figure 3: Overview of the MSAnchor framework. Given an input mass spectrum and molecular formula, MSAnchor generates
a AEMS scaffold via a Transformer model. The AEMS is then converted into node features X, an adjacency matrix A, and a
scaffold mask M. A CIB module compresses the spectrum into a noise-injected representation S. A side-chain predictor outputs
atom compositions C for each branch. Finally, all features are combined in a diffusion model to reconstruct the molecular Ag.

To predict AEMS, we employ a Transformer-based
sequence-to-sequence model that generates candidate
AEMS sequences. We utilize beam search with a width of
5 to produce probability-ranked candidate sequences. After
AEMS prediction, a post-processing validation framework
is employed to enhance prediction reliability. We introduce
a hierarchical evaluation protocol that assesses candidates
in descending order: first validating chemical validity us-
ing cheminformatics rules, then verifying compliance with
atomic composition constraints derived from the molecu-
lar formula. Invalid candidates are systematically discarded
through our filtering mechanism. When no valid candidates
remain, we set the scaffold prediction to empty, provid-
ing greater flexibility for downstream molecular generation
while maintaining chemical plausibility. This validation ap-
proach ensures that our predictions are both chemically valid
and aligned with the input formula constraints.

Stage 2: Molecule Completion via Spectra-guided
AEMS-conditioned Diffusion

Problem Formulation Given a target mass spectrum S
and an AEMS G4 = (Va,&4), the objective is to generate
a complete molecular graph G = (V, ) such that its pre-
dicted spectrum closely approximates the target (Du et al.
2025). The AEMS encodes structural priors via two compo-
nents: a core scaffold representation, defined as a subgraph
of the target molecule (G4 C §), and a set of designated
anchor points that specify attachment sites for side chains.

To implement this conditional generation, a discrete diffu-
sion framework over molecular graphs is adopted. Initially,
a molecule is represented by three tensors:

X € {0,1}V*d,

Ac{0,... 4NN

ey

. M e {01}V,

Here, X denotes the node feature matrix, A is the adja-
cency matrix representing bond types, and M is the scaffold
mask indicating which edges must remain unchanged. The
detailed processing procedures are provided in Appendix.

Conditional Information Bottleneck on Spectra To en-
hance the informativeness of spectral representations during
molecular complementary generation, we modify a Condi-
tional Information Bottleneck (CIB) module to compress the
spectrum Z = {z; }jL:1 conditioned on the scaffold repre-
sentation Ageaffold 1N @ Structure-aware manner.

The optimization objective of CIB can be formulated as:

Lo = —1(S;Y | hscarord) + BI(Z; S | hscationd),  (2)

where Z represents the original spectrum, S denotes the
compressed spectral representation, Y is the target molec-
ular structure, and hgcagrolq 1S the scaffold representation. The
first term encourages S to retain more informative features
relevant to molecular structure, while the second term aims
to compress irrelevant information as much as possible. To
achieve effective compression, the key idea is to enable the
model to inject noise into insignificant spectral regions while
preserving informative frequency bands.

Specifically, a gating network computes token-level im-
portance scores p; € [0, 1] via a shared MLP. These scores
determine which spectral tokens are retained and which are
replaced by Gaussian noise which is computed as:

sj =Xz + (L= XN)ej, € ~N(uj,07), (3
where ); is obtained through Gumbel-Softmax (Maddison,

Mnih, and Teh 2016):
1 Di u
Ai = =1 1 4
= (Glos (25 ) +oe (1)) @
where u ~ Uniform(0, 1), and ¢ is the temperature hyperpa-
rameter that is set to 1.0 in this work.




To encourage the compressed spectrum S to be both infor-
mative for molecular structure prediction and compact with
respect to spectrum Z and scaffold hge,froid, We adopt the
CIB objective. Specifically, following its variational formu-
lation, two KL-based regularization terms are incorporated
into the loss function:

1 1 5
A+ B ] |

2N )

1
Lxin=Egzp {—2 log A +

1 1 1
=B, |—=logA' + —A' + —(B)?
LxL2 h|: 5log A"+ o +2N( )}7 (6)

N N
A=Y (1-x)2  B=Y -2
j=1 j=1 Is
(h) ) Sy s
h h j
A=3"1-A")2 B'=)") JT
j=1 j=1

Here, )\; and )\J(h) are importance weights computed from
the full input and scaffold-only features, respectively; s; and

séh) are token-level embeddings; pg and og are the mean
and standard deviation of the variational posterior ¢(.S). De-
tailed derivations are provided in Appendix.

Side-Chain Composition Prediction

The side-chain composition matrix C' serves as an interme-
diate representation that bridges the spectral input S with
AEMS. Instead of generating full substructures directly,
atomic compositions are first inferred to impose chemical
constraints on subsequent molecule generation process.

Given an AEMS G 4 with k anchor points and mass spec-
trum .S, the prediction of side-chain compositions is formu-
lated as a multi-label classification problem. For each anchor
i € {1,...,k}, a binary vector ¢; € {0,1}“ is predicted
to indicate the presence of each atom type. These vectors
are aggregated to form the matrix C' € {0, 1}**%, To in-
tegrate both local structural context and global spectral in-
formation, a graph-spectral fusion strategy is adopted. Node
embeddings H for the scaffold graph are computed using L
layers of graph neural networks as follows:

HHD — & (GNN“) (H®), 5A)) , %)
where H(® is the initial node feature matrix, and GNN)
denotes the ¢-th graph convolution layer, o denotes an acti-
vation function.

The prediction process follows a structured and modu-
lar pipeline. First, for each anchor node in the molecular
scaffold, the final node embedding obtained from the graph
neural network is concatenated with the global spectral fea-
ture vector to create a fused representation that captures both
local structural information and global spectral characteris-
tics. Then, this fused vector is passed through a prediction-
specific multi-layer perceptron, followed by a sigmoid acti-
vation function, to generate the predicted atom-type proba-
bilities for each anchor position, enabling multi-label classi-
fication of potential attachment atoms.
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The prediction head is optimized using a binary cross-
entropy loss, applied over all anchor indices A C

{1, ce ‘VA|}:
Z Z [yij log(cij) + (1 — yi;) log(1 — cij)]
i€Aj=1

®)

where y;; € {0,1} indicates whether atom type j is present
in the side chain attached to anchor .

1
Lo=——
“T A

Molecular Complementary Generation

Forward Process At each diffusion timestep ¢
1,...,T, noise is independently applied to each edge ac-
cording to transition matrices (1, ..., Qr, where the ele-
ment Q7" = q(a® = n | a'~' = m) denotes the probability
of transitioning from bond type m to n at step t. The forward
process is defined as

q(At IAt—l) —_ At_th.

(©))

By the Markov property, the distribution of A* condi-
tioned on original adjacency matrix A° can be expressed as

q(A' | A%) = A°Qy, (10)

where Q; = Q1Q5 - - - Q; is the composed transition matrix.
Since molecular graphs are undirected, noise is added only
to the upper triangular part of A, after which the matrix is
symmetrized.
For categorical bond types, the transition matrix is param-
eterized as B B
Qi = @l + film", (1D
where m denotes the empirical distribution of bond types
estimated from the training data. The noise coefficients &;
and 3; = 1—a are scheduled following the cosine schedule:

@y = cos’ (W) , €= 0.008. (12)

Reverse Process The reverse denoising process is imple-
mented through a specialized graph neural network ¢y that
integrates structural and spectral information. The core of
the model is a graph transformer module with edge-aware
attention, where node representations are updated by

hl(f) — p=b

D MHARSTY D, ), (13)

where MHA denotes a multi-head attention mechanism
that incorporates edge features A to modulate the attention
weights. To effectively capture bond relationships, an edge
gating function g(A;;) biases the attention scores as

ai; o exp(Qi - KT + g(Ayj)),

enabling the model to prioritize structurally relevant connec-
tions while respecting molecular topology. Spectral informa-
tion S, side-chain composition C, and timestep embeddings
t are integrated into a condensed conditioning vector

Ct = WC[ZS; temb; C]a

(14)

15)

which is then projected and added to node representations.



Retriever Topl Acc.t Topl Sim.t Topl MCES| Topl0 Acc.f Topl0Sim.t Topl0 MCES|
CANOPUS
Spec2Mol 0.00% 0.12 27.82 0.00% 0.16 23.13
MADGEN 2.10% 0.22 20.56 2.39% 0.27 12.69
MIST+ND 2.32% 0.35 12.11 6.11% 0.43 9.91
MIST+MSN 5.40% 0.34 14.52 11.04% 0.44 10.23
DiffMS 8.34% 0.35 11.95 15.44% 0.47 9.23
MSAnchor 8.51 %(0_002) 0.38(0,006) 11.12(0,12) 16.90%(0,003) 0-49(0.008) 8.95(0,09)
MassSpecGym
Rand. Gen. 0.00% 0.08 21.11 0.00% 0.11 18.25
SMILES Trans. 0.00% 0.03 79.39 0.00% 0.10 52.13
SELFIES Trans. 0.00% 0.08 38.88 0.00% 0.13 26.87
Spec2Mol 0.00% 0.12 37.76 0.00% 0.16 29.40
MIST+ND 0.00% 0.14 33.19 0.00% 0.16 31.89
MIST+MSN 0.00% 0.06 45.55 0.00% 0.15 30.13
MADGEN 1.31% 0.20 27.47 1.54% 0.26 16.84
DiffMS 2.30% 0.28 18.45 4.25% 0.39 14.73
MSAnchor 2.68%(0_017) 0.32(0_01 i) 16.57(0'28) 4.67 % (0.023) 0.41(0_012) 14012(0.26)

Table 1: Performance comparison on CANOPUS and MassSpecGym datasets. Best results are in bold, second-best results are

underlined, and standard deviations are shown as subscripts.

At each diffusion step, an edge prediction module esti-
mates the denoised adjacency matrix while preserving scaf-
fold constraints. Given node embeddings h;, timestep em-
bedding c;, and scaffold mask A/, the bond type a?j between
atoms ¢ and j is predicted by

po(aj; = b| Ay, M) = Softmax (fegge (hi, by, ct)) (1 — M;j)

+ 5b,a?j M;;. (16)
where feqge i a bond classifier and 0 enforces scaffold edges
to remain fixed. Training employs a masked cross-entropy
loss focusing on edges unconstrained by the scaffold.

Finally, CIB regularization terms as well as side chain pre-
diction loss are incorporated into the training objective:

L= Lprea + MLxr1 + ALz + A3L.,
Lyred = Era,[Y_(1 = My;) - CE(af;, po),

,J

a7
(18)

where Lk1,1 and Lk, are KL-based regularization terms,
L. is the prediction loss of side chain composition, and A1,
A2, Az are hyperparameters. This formulation guarantees re-
constructed structures honor scaffold topology, align with
informative spectral evidence under the CIB framework. De-
tails of the hyperparameter sensitivity analysis are presented
in the Appendix.

Experiment and Analyses
Datasets and Setups
Datasets We evaluate our model on CANOPUS, a cu-
rated dataset of small molecules with one-to-one spec-
trum-—structure pairs (Diihrkop et al. 2015), and MassSpec-
Gym, the largest unified MS/MS benchmark with struc-
tural annotations (Bushuiev et al. 2024). To capture univer-
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sal chemical features, the first-stage Transformer was pre-
trained on a chemically diverse dataset combining spectra
from the National Institute of Advanced Science and Tech-
nology, SDBS Web! and the large-scale dataset from Alberts
et al. (Alberts et al. 2024). To avoid data leakage, molecules
with an MCES distance <11 from any test molecule were
excluded. All experiments were conducted using the official
dataset splits. Each experiment is repeated 8 times with dif-
ferent random seeds, and we report the mean and standard
deviation of the results.

Baselines We compare MSAnchor with several baseline
models for de novo molecular generation from spectra.
These include Group I approaches such as SMILES Trans-
former, Spec2Mol (Litsa et al. 2021) and DiffMS (Bohde
et al. 2025), as well as Group II pipelines like MSNovel-
ist (Stravs et al. 2022), MIST combines with Neuraldeci-
pher (Goldman et al. 2023a; Le et al. 2020), and MAD-
GEN (Wang et al. 2025).

Metrics We evaluate generation performance using
three complementary metrics: Top-k accuracy, which
checks whether the ground-truth molecule appears among
the top-k predictions; Tanimoto similarity, which mea-
sures fingerprint-based structural similarity (Morgan
1965); and Maximum Common Edge Substructure
(MCES) (Kretschmer et al. 2023), a graph-based metric
computing edit distance on the largest common substructure.
Experimental Setup In the first stage, the transformer is
pretrained for 100,000 steps and finetuned for 20,000 steps.
In the second stage, MSAnchor is trained using the AdamW
optimizer with a batch size of 40 and a learning rate of le-4.
Models are trained for 100 epochs. Implementation is based
on the PyTorch Lightning framework and executed on two

"https://sdbs.db.aist.go.jp
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Figure 4: Generation examples by MSAnchor. The left column displays the target molecules, while the right five columns show

the model’s top-5 predictions.
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Figure 5: Performance comparison between MSAnchor and
MADGEN under varying free atom counts.

NVIDIA A100 GPUs (40GB each). Further experimental
settings and training cost are provided in Appendix.

Results

Table 1 presents the detailed experimental results on CANO-
PUS and MassSpecGym datasets using multiple evaluation
metrics. On both datasets, MSAnchor achieves superior ac-
curacy compared to all baseline models, demonstrating its
superior capability in molecular structure prediction from
mass spectral data. Specifically, on the CANOPUS dataset,
most baseline models achieved partially correct predictions,
while the MassSpecGym dataset to be proved significantly
more challenging, with only the top three models achieving
non-zero accuracy scores. This increased difficulty can be
attributed to MassSpecGym’s MCES-based dataset splitting
strategy, which places higher demands on model generaliza-
tion to novel molecular structures. MSAnchor’s outstand-
ing performance on MassSpecGym, with a top-1 accuracy
of 2.68%, highlights its enhanced robustness in real-world
scenarios. Furthermore, as shown in Figure 4, the consistent
improvements in MCES and Tanimoto coefficient scores in-
dicate that MSAnchor frequently generates structures with
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high structural similarity to ground truth molecules, even
when exact matches are not achieved. Such structurally
similar predictions remain highly valuable for downstream
molecular discovery tasks, as demonstrated by the represen-
tative examples.

Sensitivity Analysis on Molecular Complexity

To investigate how molecular complexity influences the ac-
curacy of structure completion, we evaluate the second-stage
performance of MSAnchor in comparison with MADGEN,
which also employs a two-step generation strategy. Specifi-
cally, we analyze the prediction accuracy on molecules with
varying numbers of free atoms, defined as atoms not part
of the scaffold. As illustrated in Figure 5, the top-1 accu-
racy of both models declines as the number of free atoms
increases, reflecting the growing structural complexity and
combinatorial challenge associated with higher numbers of
free atoms. Notably, MSAnchor consistently outperforms
MADGEN across all levels of complexity, with a partic-
ularly pronounced advantage in cases involving more free
atoms. These results highlight MSAnchor’s superior capac-
ity to handle complex topological structures and accurately
complete challenging molecular graphs.

Ablation study

Ablation on CIB To evaluate the impact of the CIB
compression module, we conducted a comparison between
MSAnchor and a variant without this component. As shown
in Table 2, removing the CIB module leads to a slight drop
in prediction performance, indicating that the module helps
distill task-relevant information from the raw spectra while
suppressing noise and redundant signals that could interfere
with molecular reconstruction. Furthermore, in Appendix,
we investigate the effects of different spectral encoding
strategies on model performance. The results further support
the design choice of employing both the current preprocess-
ing pipeline and the CIB module, which together contribute
to a more effective representation for structure generation.

Ablation on AEMS and Side Chain Priors To evalu-
ate the impact of AEMS and side-chain priors, we com-
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prediction accuracy across different atom types.

pare MSAnchor with a variant that uses the Murcko scaf-
fold and omits attachment points and side-chain priors. As
shown in Table 2, replacing AEMS with the Murcko scaf-
fold significantly reduces prediction performance, highlight-
ing AEMS’s effectiveness in narrowing the search space and
enabling fine-grained side-chain generation.To illustrate this
limitation, we conducted a candidate search on PubChem
using a given target molecule and analyzed the proportion
of retrieved molecules that matched different scaffold types.
As shown in Figure 6 (a), 21.4% of the retrieved candidates
shared the same Murcko scaffold with the target, whereas
only 3.5% matched the AEMS. This substantial reduction in
match rate demonstrates the higher structural specificity and
stricter constraint imposed by AEMS, which helps to signif-
icantly narrow down the search space for molecular genera-
tion and reduce ambiguity during reconstruction.

To further evaluate the effect of AEMS on fine-grained
side-chain prediction, we analyzed model performance
across branches with varying atom types and counts. Fig-
ure 6 (b) shows that MSAnchor consistently outperforms
the comparison model, especially for branches containing
nitrogen (N) and sulfur (S). The improved performance is
likely due to the fact that these branches are relatively un-
derrepresented in the dataset, which increases the difficulty
of accurate reconstruction. The anchor-specific priors pro-
vide strong structural cues and help the model better capture
and reconstruct such structures.

Ablation on Molecular Formula MSAnchor leverages
both mass spectra and molecular formulas for structure pre-
diction. While molecular formulas can be inferred from
spectra using specialized tools (Barone et al. 2021; Valenti
and Piskunov 1996), they are not always readily available
in practice. To assess the impact of missing formulas, we
adopt a two-stage strategy: first, candidate formulas are pre-
dicted using MIST-CF (Goldman et al. 2023b), then used
as auxiliary input to MSAnchor. As shown in Table 2, using
predicted formulas causes a moderate drop in accuracy com-
pared to ground-truth input, likely due to errors in formula
prediction. Nevertheless, MSAnchor is still able to generate
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Model Top-1 Top-10
Acc.t  Sim.T  Acc.t Sim.T
w/o CIB 244% 029 431% 040
w/o AEMS 228% 027 4.17% 038
w/o Prior 235% 028 4.29% 0.39
w/o Formula 1.72% 0.26 4.04% 0.37
MSAnchor 268% 032 4.67% 0.42

Table 2: Ablation study on the MassSpecGym dataset.

structurally similar molecules, as the inclusion of chemically
related formulas helps guide the model toward relevant can-
didates and enhances its robustness.

Conclusion

In this work, we present MSAnchor, a novel framework
for molecular structure prediction from mass spectra. At its
core, MSAnchor introduces the Anchor-Extended Molec-
ular Scaffold (AEMS) and employs a diffusion model to
complete molecules based on AEMS. By explicitly spec-
ifying anchoring points for side chains, AEMS simpli-
fies the molecular generation process and significantly re-
duces the combinatorial search space. Furthermore, MS An-
chor ensures precise alignment between generated sub-
structures and spectral features by leveraging spectrum-
derived anchor-level priors to guide substructure genera-
tion, and employing a CIB module to extract informative
and structure-relevant features from spectral data. Extensive
experiments on two benchmark datasets demonstrate that
MSAnchor achieves state-of-the-art performance, improv-
ing both prediction accuracy and interpretability. By explic-
itly modeling the attachment and composition of molecular
branches, MSAnchor enables the generation of chemically
valid molecules that align well with spectral characteristics,
offering a reliable and interpretable approach for control-
lable molecular design.
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