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Abstract

A central challenge in building multimodal foun-
dation models for the life sciences is the imbal-
ance between abundant unimodal data and scarce
paired observations, which limits the scalability
of joint multimodal pretraining. We investigate an
alternative approach based on aligning pretrained
unimodal models. Focusing on metabolite iden-
tification, we introduce MSAlign, which maps a
molecular transformer (ChemBERTa) and a mass
spectra transformer (DreaMS) into a shared em-
bedding space. Despite its simplicity, MSAlign
substantially outperforms prior methods across
benchmarks, setting a new state-of-the-art in re-
trieval performance. These results suggest that
aligning unimodal foundation models offers an ef-
fective route to multimodal learning in biological
settings where paired data remain limited.

1. Introduction

Multimodal learning has become a common strategy for
combining heterogeneous data sources (Cui et al., 2025).
Most existing approaches rely on joint training with paired
observations across modalities. However, in many scientific
settings, such paired datasets remain limited, while large
collections of unimodal data are readily available. This
raises a simple question: can we build strong multimodal
models by aligning pretrained unimodal models rather than
learning everything jointly from paired data? While a few
works have recently studied this question in the context of
image-text alignment (Roschmann et al., 2026), we pro-
pose to study this question by focusing on a well-known
task in Metabolomics: Metabolite identification (Brown
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et al., 2009). Given a mass spectrum, the goal is to iden-
tify the molecule that produced it. In practice, this can
be formulated as a retrieval problem: a model receives a
spectrum and must rank candidate molecules according to
how well they match the observed fragmentation pattern.
The classical approach relies on spectral library matching,
where experimental spectra are compared against reference
databases. Although effective, this technique is fundamen-
tally limited by coverage. Despite extensive curation efforts,
existing spectral libraries represent only a small fraction of
the known chemical space, covering less than 1% of the com-
pounds cataloged in PubChem (Bittremieux et al., 2022). As
a result, many spectra cannot be matched to a reference, mo-
tivating learning-based approaches that generalize beyond
observed examples. Recent progress has been supported
by standardized benchmarks and increasingly strong neural
architectures (Bushuiev et al., 2024; 2025). Most exist-
ing methods learn a similarity function directly from paired
spectrum—molecule data, effectively training the multimodal
representation from scratch. However, this setup may be
inefficient in metabolomics, where large pretrained models
already exist independently for molecules and spectra.

In this work, we introduce MSAlign', a lightweight frame-
work that aligns pretrained molecular and spectral en-
coders in a shared embedding space. The unimodal mod-
els remain frozen, and only small projection heads are
learned. This makes training efficient while allowing the
use of a candidate-based contrastive objective tailored to
retrieval. Across several metabolite identification bench-
marks, MSAlign substantially outperforms prior approaches
and establishes a new state of the art. More broadly, our re-
sults suggest that aligning pretrained unimodal models may
offer a simple and scalable alternative to joint multimodal
pretraining in domains where paired data are scarce.

2. Problem Statement

Let S denote the space of mass spectra and M the space
of molecules. Given a dataset of paired observations
(si,mi)Y, € S x M, the goal is to learn a model

"The code is available at https://github.com/
KrzakalaPaul/MSAlign.
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Figure 1. MSAlign framework.

fo : & — M that predicts the molecular structure asso-
ciated with a given spectrum. Direct regression in M is
challenging due to the discrete and combinatorial nature of
molecular structures (Brouard et al., 2016; Krzakala et al.,
2024). An alternative is to formulate the task as conditional
generation, but such de novo approaches remain difficult and
currently achieve limited performance (Litsa et al., 2021;
Stravs et al., 2022; Wang et al., 2025; Bohde et al., 2025).

A more common approach is to cast Molecule Identifica-
tion as a retrieval problem. Formally the output space is
restricted via a candidate set C(s) C M and fy is defined as
fo(s) =arg max pg(s,m’) e
m’eC(s)
Then the goal is to learn a similarity function pg : S X M —
R that ranks the candidate molecules for a given spectrum.
In practice such candidate sets are typically defined via a
mass filter, i.e. C(s) = {m' € M :abs(|m/| —|s|) < €}
where | - | is the mass of the molecule/spectrum and € is a
small threshold and the mass of the molecule is assumed to
be known. This is realistic in practice as the determination
of the type of fragmented ion species (and thus the mass of
the neutral molecule) is a task well handled both manually
and automatically (Vaniya & Fiehn, 2022). To learn py a
natural choice is to minimize a contrastive loss i.e. a loss
that encourages the similarity of the true pair (s, m) to be
higher than the similarity of negative pairs (s,m’). The
most popular choice being the InfoNCE loss:

cand Z IOg

where Ck(s;) C C(s;) is a subset of K negative can-
didates for spectrum s; (including the true molecule
m;). In practice, however the computation of the loss

exp(po(si,m;)) )
m/ECK(si,) exp(pg(si,m’))

in Equation (2) is expensive as it requires computing the
similarity K x B times which prevent the use of large batch
size B. A common solution is to use in-batch negatives, i.e.
to use the other molecules in the batch as negatives

Zlg

This is much more computationally efficient but might make
the training less informative as the negative candidates are
not necessarily hard to distinguish from the true molecule.

eXP (po(si,mi))

3
> j—1exp(pe(si, m;))

Acbatch

3. MSAlign

The core idea of MSAlign is to leverage pretrained
unimodal foundation models for spectra and molecules and
to learn a lightweight alignment of their embedding spaces.
Since pretrained models are frozen, the embeddings can
be precomputed, which considerably reduces the computa-
tional cost of training and allows using the more informative
candidate-based loss Equation (2). This is directly inspired
by a recent line of work in vision-language models where
the alignment of pretrained unimodal models has been
shown to be competitive with joint multi-modal pretraining
while being computationally and data efficient (Vouitsis
et al., 2024; Zhang et al., 2025; Roschmann et al., 2026).

Formally, we define the learnable similarity function as

pg(S, m) = <gg(8), h9(m)> )

and the embedding functions fy and gy are defined as

90(5) = (¢%,5 © Enms)(s) Q)
h@(m) = (¢mol o EmOl)(m) (6)
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Models that don’t require formula

If Formula is known

Dataset Metric FFN DeepSets JESTR Emb-Cos SAIL MSAlign| MIST FLARE ﬁiﬁfr;‘
R@l 89 111 112 225 186 318 |27.2 196 347
NPLIBI R@5 220 304 331 483 464 604 | 520 508 647
R@20 444 565 620 727 758 829 | 738 766 819
R@l 95 127 113 271 145 323 |202 123 394
Spectraverse R@5 189 244 329 518 343 591 | 409 337  69.0
R@20 347 443 601 722 574 796 | 638 625  87.1
R@1 254 524 118 123 095 162 | 146 272 323
MassSpecGym R@5 759 1258 253 262 239 356 | 349 538 618
R@20 20.00 2821 497 464 452 599 | 59.1 802 855

Table 1. Retrieval performances of MSAlign and the baselines.

where F,,s and F,,,; are the pretrained unimodal models
for spectra and molecules and ¢% . and ¢? , are lightweight
alignment layers. In this work unimodal models consid-
ered are DreaMS (Bushuiev et al., 2025) for spectra and
ChemBERTa (Ahmad et al., 2022) for molecules. Both
are transformer-based models that have been pretrained on
large datasets of spectra and molecules respectively (24
Millions spectra for GeMS-A10 for DreaMS and 110 Mil-
lions molecules from PUBCHEM for ChemBERTa). Note
that any pretrained unimodal model could be used in prin-
ciple and we expect the proposed framework to benefit
from future larger models, in line with observations in vi-
sion—language alignment that larger foundation models are
easier to align (Huh et al., 2024).

4. Related Works

Using deep learning for molecular retrieval from mass spec-
tra has been an active area of research in recent years and
is rapidly gaining traction notably due to the release of
large datasets and standardized benchmarks (Bushuiev et al.,
2024; Gupta et al., 2026; Bushuiev et al., 2025). In particu-
lar, the introduction of DreaMS (Bushuiev et al., 2025) is
fundamental to this work as it provided the first foundational
encoder for mass spectra that unlock the proposed approach.

Previous works typically learn the similarity pg from scratch.
MIST (Goldman et al., 2023) achieve this by pretraining
with fingerprint prediction, finetuning with contrastive
learning and augmenting the data with a forward model.
Similarly, JESTR (Kalia et al., 2025) pretrains via in-batch
InfoNCE (3) and fine-tunes for 3% of the training steps with
the more expensive candidates InfoNCE (2). FLARE builds
upon JESTR by considering a stronger spectra encoder
leveraging peak annotation and a more interpretable, richer
similarity (Chen et al., 2026). Finally, Emb-Cos is the
strongest of the four models proposed in (De Waele et al.,
2026), similarly to MSAlign it uses (2) to learn a shared
space for molecules and mass spectra but does not leverage

pretrained unimodal models. Interestingly, all of these
works can be described via our simple set of equations (4) to
(6) which enable to summarize the different design choices
of the models in a unified framework reported in Table 5.

5. Experiments

Experimental Setting We evaluate our approach on
three open-source datasets of increasing scale and diver-
sity. NPLIB1 (Diihrkop et al., 2021) is the smallest
benchmark (10,633 spectrum—molecule pairs). MassSpec-
Gym (Bushuiev et al., 2024) provides 231,104 curated
pairs and is emerging as a community standard. Spectra-
verse (Gupta et al., 2026) is the largest collection (488,797
pairs) and the most heterogeneous, with over 50% of spec-
tra corresponding to non-[M+H]™ adducts. For NPLIB1
and Spectraverse, we use an 90/5/5 train/validation/test split
while preventing data leakage by ensuring that molecules
sharing the same chemical formula do not appear across
splits. MassSpecGym, provides a predefined split specifi-
cally designed to be challenging, where test molecules are
sampled from clusters distinct from those used for training.
Following the MassSpecGym protocol (Bushuiev et al.,
2024), K = 256 candidate molecules are retrieved from
PubChem (Kim et al., 2023) (118M compounds) by se-
lecting structures whose molecular mass matches the query
spectrum within a 10 ppm tolerance, prioritizing compounds
relevant to mass spectrometry.

We compare MSAlign to a range of baselines (Table 5),
including recent state-of-the-art methods (MIST (Goldman
et al., 2023), JESTR (Kalia et al., 2025), FLARE (Chen
et al., 2026), and Emb-Cos (De Waele et al., 2026)) as
well as simpler architectures (FFN and DeepSets) from
MassSpecGym (Bushuiev et al., 2024). To improve repro-
ducibility, all other baselines are re-implemented within a
unified codebase, which will be released with the full paper.
The only exception to this is MIST for which we follow the
guidelines of (Heirman & Bittremieux, 2024). Additionally,
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Table 2. Comparison of different encoders E,,o; and E,,s for
MSAlign. Dimensions of the embeddings are indicated in paren-
theses. Results are reported on Spectraverse.

Encoders Spectraverse

R@1 R@5 R@20

Molecules (dim) Spectra (dim)

Fingerprint (4096)  Binned (10500) 27.1 51.8 722
ChemBERTa (768) Binned (10500) 284 534  73.1
Fingerprint (4096)  DreaMS (1024) 29.8  55.2 75.1
ChemBERTa (768) DreaMS (1024) 323 591  79.6

we adapt SAIL (Zhang et al., 2025) from vision—language
alignment to the mass spectra domain, using ChemBERTa
and DreaMS as unimodal encoders.

5.1. Retrieval Performances

Ground truth formula. Some methods assume access to
the molecular formula of the target compound. MIST and
FLARE use the formula to annotate spectra with subformula
information, substantially enriching the model input. How-
ever, in realistic retrieval settings, the formula is unknown
and must be predicted, which remains an active research
problem (Hong et al., 2025; Diihrkop et al., 2019; Xing et al.,
2023). To enable fair comparison in this setting, we also
evaluate MSAlign with a filtering step that removes candi-
dates with incorrect formulas (MSAlign+Filter). This filter-
ing step reduces the candidate set to ' ~ 100 on average.

Results analysis. In Table 1 we report retrieval perfor-
mance in terms of R@1, R@5, and R@20 over candidate
sets of size K = 256 across datasets and models.

MSALlign consistently outperforms all baselines across
datasets and metrics. Emb-Cos is the second-best method,
which we attribute to its direct optimisation of a candidate-
level InfoNCE objective (2). MSAlign further improves
upon this approach by leveraging pretrained foundation
models. Finally, MSAlign with formula-based filtering
(MSAlign+Filter) outperforms both MSAlign and FLARE.
This suggests that restricting the candidate space using the
correct formula can provide stronger gains than subformula-
based peak annotation alone, and may indicate that the latter
has been overestimated in prior work.

5.2. Ablation Studies

Molecule and spectra encoding. A key design choice
in MSAlign is the selection of encoders for spectra and
molecules. To the best of our knowledge, MSAlign is the
first approach to leverage pretrained foundation models for
both modalities. We evaluate this choice by comparing
MSAlign to variants using non-trainable encoders, namely
Morgan fingerprints (d = 4096) for molecules and binned
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Figure 2. Effect of scaling the effective batch size on Spectraverse
performances. For MSAlign the effective batchsize is B x K, we
fix B = 128 and scale the number of negatives K. For SAIL we
directly scale the batchsize B.

representations for spectra (width 0.1), which are commonly
used in prior work. Results in Table 2 show that both pre-
trained encoders contribute to performance, with DreaMS
providing the largest gain.

These results highlight the importance of pretrained founda-
tion models in achieving strong performance. Moreover, we
expect that further improvements may come from scaling
such models, which would be consistent with observations
in vision—language alignment, where larger unimodal foun-
dation models are easier to align (Huh et al., 2024).

InfoNCE variants. Contrastive approaches typically rely
on one of two variants of the InfoNCE objective, which
differ in how negative samples are constructed. In the
in-batch variant, negatives are the other molecules within
the same minibatch (Eq. 3). In the candidate-based variant,
each spectrum is paired with K candidate molecules (Eq. 2),
requiring encoding B x K molecules per batch. While
this formulation is more closely aligned with the retrieval
setting, it is also K times more computationally expensive.
Recent work has shown that in-batch InfoNCE can achieve
strong performance in vision—language alignment when the
batch size is scaled to large values (Zhang et al., 2025). To
fairly compare both formulations, we evaluate them as a
function of an effective batch size, defined as B for the in-
batch and B x K for the candidate-based variant (Figure 2).

Overall, both methods benefit from increasing effective
batch size, but the candidate-based formulation remains con-
sistently superior. It goes from 21.4% R@1 at Bx K = 128
t0 32.3% at B x K = 16k, while the in-batch variant satu-
rates at 14.5% even when scaling to B = 16k.

6. Conclusion

We presented MSAlign, a lightweight approach that aligns
molecular and mass spectra foundation models in a shared
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space. Despite its simplicity, it achieves state-of-the-art per-
formance on metabolite identification benchmarks. More
broadly, our findings suggest that aligning pretrained uni-
modal models is a promising direction for multimodal learn-
ing in life sciences.
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A. Implementation details

All SMILES strings are canonicalized and sanitized using RDKit (Landrum et al., 2013). Molecular formulas and weights
are computed by explicitly accounting for implicit hydrogen atoms. All baselines are trained using the hyperparameters
reported in their respective original works. MSAlign is trained on a single NVIDIA V100 GPU using the AdamW optimizer
with linear warmup followed by cosine decay. Additional hyperparameters are provided in Table 3.

Table 3. MSAlign Hyperparameters.

Parameter MassSpecGym Spectraverse NPLIB
MLP
# hidden layers 2 2 1
# hidden dim 2048 2048 2048
# shared space dim 1024 1024 1024
dropout 0.2 0.2 0.2
layer norm Yes Yes Yes
Optimization
learning rate le—4 le—4 le—4
# max steps 24000 24000 16000
# warmup steps 4000 4000 4000
Loss
# batch size 128 128 128
# candidates per MS 128 128 128

B. Additional information.

Table 4. Dataset statistics.

NPLIB MassSpecGym Spectraverse

# Mol/MS pairs 10,633 231,104 488,797
# Unique molecules 8,488 28,936 44,307
Non [M+H]+ 25% 15% 52%

Table 5. Comparison of baselines methods. The SAIL methodology was adapted from (Zhang et al., 2025) to the mass spectra domain.

Molecule encoder Spectra encoder Training objective Unsup. data Require
F 1

Method Fixed (E,,,;) Trained (¢,,,;) Fixed (F,,s) Trained (¢ms) Pretrain Finetune Spectra Mol. ormuia
FFN Fingerprint — Binarize Spectra Cosine Sim. — X X No
DeepSets  Fingerprint — Fourier Features DeepSets Cosine Sim. — X X No
MIST Fingerprint MLP Peaks Annotation  Transformer Cosine Sim. InfoNCE (cand) Forward Model Negatives Yes
Emb-Cos  Fingerprint MLP Binarize Spectra MLP InfoNCE (cand) — X Negatives No
JESTR Graph GNN Binarize Spectra MLP InfoNCE (batch) InfoNCE (cand) X Negatives No
FLARE Graph GNN Peaks Annotation Transformer InfoNCE (batch) InfoNCE (cand) X Negatives Yes
SAIL ChemBERTa MLP DreaMS MLP InfoNCE (batch) — ChemBERTa  DreaMS No
MSAlign ChemBERTa MLP DreaM$S MLP InfoNCE (cand) — ChemBERTa  DreaMS No




