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Cell-free RNA (cfRNA) profiling has emerged as a powerful tool for
non-invasive disease detection, but its application is limited by data sparsity
and complexity, especially in settings with constrained sample availability.
We introduce Exai-1, amultimodal, transformer-based generative foundation
model that integrates RNA sequence embeddings with cfRNA abundance
datato capture biologically meaningful representations of circulating RNAs.
By leveraging both sequence and expression modalities, Exai-1capturesa
biologically meaningful latent structure of cfRNA profiles. Pretrained on
over 306 billion tokens from 8,339 samples, Exai-1 enhances signal fidelity,
reduces technical noise and improves disease detection by generating
synthetic cfRNA profiles. We show that self-attention and variational
inference are particularly important for the preservation of biological signals
and contextual relationships. Additionally, Exai-1 facilitates cross-biofluid
translation and assay compatibility through disentangling biological

signals from confounders. By uniting sequence-informed embeddings

with cfRNA expression patterns, Exai-1 establishes a transfer learning
foundation for liquid biopsy, offering a scalable and adaptable framework for
next-generation cfRNA-based diagnostics.

Blood surveillance technologies have advanced substantially, par-
ticularly in cancer detection, shifting from traditional tissue-based
diagnostics to less invasive liquid biopsies. For example, in cancer,
liquid biopsies analyse tumour biomarkers in biofluids to detect dis-
ease, leveraging circulating tumour DNA, circulating tumour cells,
cell-free RNAs (cfRNAs) and other circulating biomolecules'®. These
approaches, in addition to applications for early detection, have also
become powerful tools for minimal residual disease detection and
treatment monitoring’.

We previously identified a class of small RNAs (smRNAs) that
are actively expressed in cancer cells but largely absent in healthy
cells®. A substantial fraction of these cancer-emergent RNAs, which
we named orphan non-coding RNAs (oncRNAs), are actively secreted

by tumours into circulation at levels higher than circulating tumour
DNA, which is mostly shed through cell death, making them strong
indicators of cancer cell states. We have shown that their detection in
blood opens new opportunities for early cancer diagnosis, minimal
residual disease monitoring and cancer subtype stratification from
smallblood volumes®™.

Amajor challenge is detecting individual oncRNAs in small blood
volumes dueto the sparsity of tumour-released molecules, particularly
inearly stage disease. However, circulating oncRNAs do not appearin
isolationbutratherin distinct patterns and profiles—akin to a constel-
lation of stars in a starry sky. This is precisely the type of problem in
which artificial intelligence excels. To harness the diagnostic poten-
tial of oncRNAs, we developed ORION, a deep generative model that
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effectively maps cfRNA fingerprints in blood to disease presence and
outcomes'. Training such models requires large datasets—often hun-
dreds or thousands of samples—typically feasible only for common
cancers. Detectingrare cancers, therefore, necessitates foundational
models capable of generalization and few-shot learning, effectively
recognizing disease patterns from a limited number of instances.

In recent years, large masked language models have emerged as
capable foundation models, serving as powerful tools for zero-shot
and few-shot learning. Models such as GPT-4 (ref. 11) leverage masked
language modelling on a large number of training tokens to learn
complex, context-dependent feature representations across diverse
domains. These developments are transforming genomics', where
transformer-based architectures now play a key role in uncovering
regulatory patterns in DNA and RNA sequences.

Several large genomic foundation models have emerged, each
tailored to specific aspects of molecular biology. DNABERT", Bor-
zoi'* and GET" focus on linking genetic sequences to regulatory
functions. GROVER', a DNA foundation model, uses byte-pair tokeni-
zation to better capture the genomic sequence structure. Evo-2, a
long-context transformer pretrained on all genomes, demonstrates
strong performance in tasks such as gene essentiality prediction
and synthetic sequence generation”. BigRNA'®, specifically trained
on RNA-sequencing datasets, excels at predicting tissue-specific
RNA expression.

Single-cell foundation models have also made prominent stridesin
transcriptomics. Models such as scBERT", Exceiver”, GeneCompass?,
scFoundation®, Geneformer?, scGPT** and UCE* have demonstrated
efficacy in tasks such as cell-type classification and gene expression
imputation. Although these models have shown promise, their full
potential in genomics is still being realized* ™,

Despite these recent advances in transformer architectures, their
applicationto liquid biopsy dataremains largely unexplored, primarily
due to the limited availability of large-scale datasets. One major chal-
lenge in cfRNA analysisis theimbalance between the high dimensional-
ity of circulating RNA features and the small number of available clinical
samples. cfRNA encompasses the entirety of circulating RNA species,
the majority of which are <200 nt and are released in extracellular
vesicles and lipoprotein complexes®. Traditional predictive models
typically focus on specific supervised tasks with a restricted feature
space, often failing to capture the complexinteractions between RNA
species originating from different cell types. This limitation stems from
the scarcity of labelled data, making it difficult to develop models that
generalize across diverse biological contexts.

Although cfRNA analysis presents unique challenges, there are
inherent biological structures that canbe leveraged to overcome them.
Importantly, cfRNAs are not independent entities, but rather share
information between their sequence and expression”’, for example,
those that are generated from the same regulatory pathways. Their
biotypes and secretion patterns are dictated by their sequence and
structure, whereas their expression levels are shaped by cell-type speci-
ficity and regulatory mechanisms. Because of thisinterplay, circulating
RNAs do not appear in isolation but rather in distinct patterns. As a
result, unlike conventional biomarkers, which are often interpreted
deterministically, cfRNA detection must be approached probabilisti-
cally, taking into account the broader context of other RNAs within the
same sample. When viewed through this multimodal lens, the issue of
data sparsity becomes more tractable.

More importantly, we have also developed an automated cfRNA
assay capable of processing hundreds of liquid biopsy samples per
batch, ensuring consistency and scalability. This expansive dataset
provides a unique opportunity to train transformer-based masked
language models, which excel at learning contextual dependencies
through self-supervised learning. Here we introduce Exai-1, a multi-
modal transformer-based generative model designed specifically for
cell-free smRNA data, trained and evaluated on the largest corpus of

cfRNA profiles—over 13,000 plasmaand serum samples. By integrating
sequence- and structure-informed embeddings from RNA founda-
tion model (RNA-FM) alongside cfRNA abundance data, Exai-1 unites
two complementary modalities into a unified latent space, enabling
it to extract biologically meaningful relationships between cfRNA
sequences and their expression patterns. This multimodal framework
allows Exai-1to generalize across diverse downstream tasks, improving
signal fidelity, mitigating noise and enhancing the ability to distinguish
disease-associated cfRNA profiles. By incorporating sequence-driven
knowledge with cfRNA abundance, Exai-1 provides a scalable and uni-
fied framework for understanding cfRNA biology and advancing liquid
biopsy applications.

Results

Exai-1: training a multimodal foundation model on large-scale
cfRNA data

Totrainafoundational model that is unbiased towards specific patient
cohorts, itis essential to select features representing broad blood biol-
ogy rather than any particular pathology. We, therefore, curated a
comprehensive feature set from our in-house annotated collection of
cfRNAs, comprising 9,491,734 features. Our selection focused specifi-
cally ontRNA, snoRNA, miRNA, yRNA, IncRNA and oncRNA biotypes.
First, we retained only those cfRNAs expressed in at least 1% of the
samples and subsequently applied a coefficient-of-variation cut-offto
preserve highly variable features (Extended Data Fig. 1a-e). Given the
largeinitial number of oncRNAs (394,175) after this selection, we used
embeddings from a recently published RNA-FM* to both cluster these
oncRNAs and provide sequence-informed initialization for Exai-1. Spe-
cifically, we extracted the top 32 principal components (PCs) from the
RNA-FM embedding space—collectively explaining over 91% of the vari-
ation, and used these PCs to initialize Exai-1's feature embeddings for
cfRNA features. We then selected 4,558 representative oncRNA features
evenly distributed across this low-dimensional space (Methods and
Extended Data Fig. 1e,f). The final feature set consisted of 704 tRNAs,
610 snoRNAs, 761 yRNAs, 716 miRNAs and 4,558 oncRNAs, each form-
ing distinct clusters in the RNA-FM-based embedding space (Fig. 1a).

Next, we assembled a large cohort consisting of 13,014 blood
samples (6,792 serum and 6,222 plasma) for training and evaluat-
ing Exai-1 (Fig. 1b). During Exai-1’s pretraining, we selected 7,349
cfRNA features and applied masked language modelling, by ran-
domly masking 25% of the features among all the samples of the
mini-batch to encourage contextual learning (Fig. 1c). Toincorporate
sequence-derived information, we initialized the embedding layer
parameters using PCs of cfRNA sequences from RNA-FM*? (Methods).
Each 32-dimensional-sequence-based embedding was then scaled by
the corresponding cfRNA abundance in each sample, ensuring that
both sequence context and expression levels were captured in a sin-
gle, unified representation. These embeddings were fed into Exai-1's
transformer encoder, which projects them onto a lower-dimensional
latent space, where self-attention mechanisms model dependencies
across cfRNA species. A variational layer then learns alatent Gaussian
distribution, from which the transformer decoder samples to recon-
struct the original cfRNA abundances.

Another critical design aspect that enables Exai-1 to learn
sample-specific representations is the integration of special tokens
for multitask learning. These include tokens for ‘cancer detection’
<CD>, ‘tissue of origin’<TOO>, ‘assay version’ <AV>and sample ‘biofluid
type’ <BT> (Fig.1c). These special tokens are essential for enhancing the
model’s ability toincorporate additional contextual information along-
side cfRNA abundances, enabling the model to generate biologically
and clinically relevant embeddings. Token permutation or retraining
without tokens consistently reduced the performance of downstream
tasks, further indicating that these tokens encode meaningful biologi-
caland contextual information (Extended DataFig.2). Consequently,
theinclusion of special tokens substantially broadens the applicability
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Fig.1|Feature selection, data composition and Exai-1architecture. a, UMAP
projection of the 7,349 selected cfRNA features, colour coded by biotype
(miRNA, tRNA, snoRNA, oncRNA and yRNA), showing distinct clustering
patterns. b, Sankey diagram illustrating the dataset composition, with 13,014
total blood samples stratified by the biofluid type (serum, N = 6,792; plasma,
N=6,222) and diagnostic categories (control, benign and cancer subtypes).

¢, Schematic of Exai-1's transformer-based architecture. cfRNA features, along

with special tokens for contextual learning (CD, cancer detection; TOO, tissue
of origin; AV, assay version; BT, biofluid type), are embedded into a high-
dimensional space. A variational encoder applies self-attention to generate a
latent representation, which is then used by the decoder through generative
sampling to reconstruct masked cfRNA features. Task-specific multilayer
perceptrons further refine embeddings for downstream applications.

and utility of Exai-1. Moreover, by applying self-attention to a com-
pressed hidden space rather than the original high-dimensionalinput
features, Exai-1 maintains acompactarchitecture with only 3.6 million
trainable parameters, thereby minimizing the risk of overfitting.

Exai-1enables high-fidelity cfRNA reconstruction and noise
removal

As a masked language model, Exai-1 is trained primarily using a
self-supervised objective to learn cfRNA abundances and their relation-
ships. Toevaluateits reconstruction performance, we conducted a test
by randomly masking 25% of cfRNA features in held-out samples and
comparing Exai-1's reconstructed values to the original measurements.
Ingenomic datasets, the dataset average often serves as a challenging
baseline that many models struggle to surpass®**. Although this base-
lineyielded an R*value of 0.57 (95% confidence interval (CI), 0.55-0.59),
Exai-1significantly outperformedit, achieving an R?value of 0.89 (95%
Cl, 0.88-0.89; Fig. 2a,b). Even after subtracting each expected and
observed feature value by its mean, or after zscoring, this observation
remained valid (Extended DataFig.3). We also assessed whether recon-
structed profiles preserve the biologically meaningful co-expression
structure by computing the adjusted Rand index between feature
clusters derived from the original and reconstructed matrices. Using
different numbers of clusters from 2 to 64, we observed adjusted Rand

index valuesabove 0.78, indicating a strong concordance in clustering
assignments, demonstrating that Exai-1reconstructions retain the
grouping of biologically related cfRNAs. This result underscores Exai-1's
ability toaccurately capture sample-specific cfRNA abundance profiles
inblood and its capability to effectively fill in the gaps.

We performed ablation analyses to better understand the contri-
bution of eachcomponent of Exai-1. Lack of self-attention, for example,
significantly dropped the performance of classification tokens. On
reconstructiontasks, we particularly observed a substantial drop when
more than 50% of the held-out dataset tokens were masked. Similarly, a
modelwithout the variational component (vanillatransformerinstead
ofavariational transformer), achieved the lowest performancein both
reconstruction and token-specific tasks (Extended Data Fig. 4).

To assess whether the variational component learns a useful
latent space (as opposed to collapsing), we monitored the Kullback-
Leibler (KL) divergence term throughout training and summarized
the learned latent variances across samples (Extended Data Fig. 5).
The KL divergence shows aninitial decrease followed by stabilization
after ~-500 epochs, with a modest upward drift later in training as the
jointobjective balances reconstruction, contrastive and token losses.
Consistently, the distribution of latent variances concentrates near
1.0 for the majority of samples (>80%), indicating well-regularized,
information-carrying latents. Additionally, we were able to train
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Fig. 2| Exai-1's performance in reconstructing and denoising cfRNA
abundance data. a, Density scatter plot showing Exai-1's reconstruction of
masked cfRNA featuresin the test set. The x axis indicates the per-sample
smRNA expression levels, whereas the y axis represents the reconstructed
expression levels. A red linear regression lineillustrates the correlation. MSE,
mean squared error. b, Density scatter plot comparing the original cfRNA
abundances to their mean values across samples (baseline). ¢, Box plots show R?
between the different pairs of datasets, such as original versus noisy (red), noisy
versus reconstructed (blue), original versus reconstructed (green) and original

versus MAGIC-denoised datasets. The horizontal axis indicates eight simulated
‘noisy’ datasets, each generated with increasing dispersion from a negative
binomial distribution. Box-plot data points: 2,076 samples within the validation
set. Horizontal line of the box plot, median. Box range, interquartile range (IQR).
Whisker, most extreme value within the quartile + 1.5IQR. Paired ¢-tests were
conducted to compare the model performance across experimental conditions.
Statistical significance is indicated using the following thresholds: P < 0.0001
(***),0.0001< P<0.001(**),0.001<P<0.01(**),0.01<P<0.05(*)and P> 0.05
(ns, notsignificant).

generalizable classifiers to predict the tissue of origin using this latent
space (Extended Data Fig. 6). Together, these results support that the
variational autoencoder component contributes meaningfully to
representation learning.

We hypothesized that the reconstruction capabilities of Exai-1
should also allow us toincrease the signal-to-noise ratio of liquid biopsy
datasets. To assess our hypothesis, weintroduced controlled noise into
the original cfRNA expression profiles. Specifically, we modelled the
observed cfRNA abundances using a negative binomial distribution
and systematically increased the dispersion parameter to generate
eight datasets representing varying levels of noise in data. For each

noise setting, we compared how closely both noisy inputs and Exai-1's
reconstructions matched the original, noise-free abundance profiles.
For comparison, we also used Markov-affinity-based graph imputation
of cells (MAGIC)**. Exai-1 consistently produced reconstructions that
were substantially closer to the original data than the noisy inputs
themselves (Fig. 2c). Although MAGIC performed better than Exai-1
for smaller levels of noise, Exai-1 performance remained consistent as
weincreased the level of noise, but as expected from an affinity graph
denoising method, MAGIC’s performance dropped. Furthermore,
although the R?value between noisy and original data declined mono-
tonically with increasing noise, Exai-1’s reconstructions exhibited only
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Fig. 3 | Improved cancer detection using Exai-1latent space and generative
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samplesin the original feature space (red), latent space (PCA, blue; Exai-1,
purple) and latent space with augmentation (PCA, green; Exai-1, orange). Box
plots summarize the performance across training sizes (50-400 samples) with
tenrandom seeds per size. Each point corresponds to one experiment witha
distinct random seed. b, Same data as a, but using 25 seeds instead of 10, where
XGBoost models were trained on a dataset of ovarian cancer samples (N = 48).

Pvalues are from a one-sided ¢-test. Original versus Exai-1latent comparison
yieldedat=-7.72,95% Cl[-*,-0.079], P < 0.001. Exai-1 latent versus Exai-1latent
+augmentation comparisonyielded ¢t =-1.49,95% Cl [-+, 0.002], P= 0.072.
Original versus PCA latent comparison yielded a t = -1.84, 95% CI [->, -0.002],
P=0.036.PCA latent versus PCA latent + augmentation comparison yielded a
t=-1.04,95% CI[->,0.009], P= 0.152. Horizontal line of box plot, median; box
range, IQR; whisker, most extreme value within the quartile + 1.5IQR; individual
points, outliers beyond awhisker.

aminimal decrease in R%. These findings demonstrate Exai-1's ability not
only to accurately reconstruct the cfRNA profiles but also effectively
denoise them, preserving essential biological signals evenin the pres-
ence of substantial noise.

Building on Exai-1's denoising capability, we hypothesized that
thereconstructed features could be used to generate synthetic cfRNA
profiles, thereby augmenting training datasets and enhancing cancer
detection performance using standard classifiers. We had previously
shown that such synthetic profiles can improve model training and
generalization'. To evaluate this, we subsampled our training set to
smaller datasets ranging from 50 to 400 samples (doubling the sample
size at each step), each repeated ten times (Extended Data Fig. 7). For
each subset, we trained an XGBoost classifier to distinguish cancer from
the control samples, comparing two approaches: training exclusively
onsamples with original cfRNA profiles (original-only) versus training
on datasets augmented with synthetic cfRNA profiles generated by
Exai-1'sreconstruction (original+reconstructed), effectively doubling
the training sample size. For comparison, we also used principal com-
ponent analysis (PCA)-based dataaugmentation (Methods) as abase-
line for other types of data augmentation. We conducted analogous
experimentsinthe latent domain, using either the deterministic latent
representations from Exai-1 or PCA. For augmentation, we used gen-
erative sampling with 10% masked tokensin Exai-1and Gaussian noise
injection in PCA. We found that augmentation with synthetic cfRNA
profilesimproved the model performance, both when using denoised
profilesin the original feature space and, more markedly, when using
Exai-1'slatent space augmented through generative sampling (Fig. 3a).

Our results demonstrate that augmentationinboth feature space
and latent space consistently improved the cancer detection perfor-
mance. Although gainsin the original feature space were most evident
atsmaller training sizes (up to 400 samples), the substantial improve-
mentsachievedinthe Exai-1latent space persisted evenatlarger sample
sizes. We found that these improvements were substantially greater
with Exai-1than with PCA, both in the original feature space and in
thelatent representations (Fig. 3a and Extended Data Fig. 7). For com-
pleteness, we also evaluated ‘reconstructed-only’ training arms in
which classifiers were fit exclusively to Exai-1or PCAreconstructions.
Although these models achieved strong performance when evaluated
onreconstructed test data, they underperformed on the original test

data, reflecting distributional shiftsintroduced by generative sampling
in Exai-1 or Gaussian noise injectionin PCA.

Furthermore, a linear mixed-effects model estimated an aver-
age area under the curve (AUC) increase of 0.03 (95% Cl, 0.01-0.05,
(P=0.002)) when Exai-1synthetic cfRNA profiles were included com-
pared with using original samples alone. Within the latent space, this
gain was significantly higher (0.22, 95% Cl, 0.2-0.24, P<107%). Aug-
mentations through generative samplingin the latent space provided
further improvements (0.02,95% CI, 0.0-0.03, P= 0.015).

Such foundation-model-driven augmentationis particularly ben-
eficialin clinical contextsin which sample availability is often limited.
To assess the practical utility of synthetic cfRNA augmentation, we
pretrained Exai-1onacorpus thatexcluded ovarian cancer. For down-
streamevaluation, we trained XGBoost classifiers on 48 ovarian cancer
samples and matched controls, using either raw cfRNA features or the
Exai-1latent space, with and without synthetic reconstructions for
augmentation. Across 25 random seeds, using the Exai-1latent space
increased the AUC by 0.1 (95% CI, 0.08-0.12) relative to raw cfRNA;
augmenting the training set with synthetic profiles provided a further
0.01improvement (95% Cl, 0-0.02; Fig. 3b).

We note that occasional drops in AUC for the augmented arm
(Extended Data Fig. 7) occur mainly in two situations: (1) when recon-
structions are generated from very small or biased training sets, which
can exaggerate random patterns; (2) when the baseline sample size is
already large, the added variability from reconstruction reduces the
signal-to-noiseratio. Although such effects were sometimes seenin the
original feature space, models trained in the latent space consistently
outperformed those trained in the original space. Together, these find-
ings demonstrate the utility of Exai-1's data denoising and synthetic
cfRNA generation for enhancing cancer detection, especially in rare
diseases for which samples are limited.

Exai-1’s smRNA and sample embeddings capture key biological
and technical factors

Transcription, processing and secretion of smRNAs are controlled by
asuite of regulatory programs and pathways* . Therefore, similar
to their common long RNA counterparts, smRNAs show patterns of
co-expressionacross samples. As Exai-1learns an embedding for each
cfRNA species, we anticipate that various dimensions of thisembedding
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will capture such co-expression blocks. To explore this possibility, we
first clustered cfRNAs based on their abundance profile within our
dataset. For each cluster, we then generated a representative embed-
ding by averaging the embeddings of individual cfRNAs across each
dimension. We partitioned the features into ten abundance-based
clusters of smRNAs and then assessed whether each cfRNA embedding
dimension was significantly associated with any of these clusters by
randomly shuffling the cluster memberships and recalculating the
cluster embeddings. For each dimension, we compared these rand-
omized values against the real values to construct a null distribution.
This analysis revealed that smRNA co-expression clusters were signifi-
cantly associated with distinct cfRNA embedding dimensions (FDR < 1%;
Fig.4a).Eachembedding dimension was enrichedinanaverage of 2.4
(+1.3standard deviation) co-expression clusters, and conversely, each
cluster was associated with an average of 8 (+5.2 standard deviation)
embedding dimensions. Overall, these findings indicate that Exai-1
successfully learns sparse representations that are associated with
the underlying biological characteristics of co-expressed SmRNAs.

To further enhance the biological interpretability and address the
contribution of individual cfRNAs to prediction tasks, we computed
gradient-based Shapley additive values® for the cancer classifica-
tion token in the held-out test set (Extended Data Fig. 8). Across all
biotypes, 73% of oncRNAs exhibited positive contributions towards
cancer predictions, compared with 60.4%-69.7% for other smRNA
classes. Mapping the top-ranked cfRNAs to nearby genes revealed
multiple cancer-associated loci, including MYTIL*’, CTBPI (ref.40) and
miR-186 (ref. 41). Gene ontology enrichment analysis of these features
highlighted processes suchas cell-cycle regulation, apoptosis and cell
motility—pathways consistent with cancer aetiology. These results
indicate that Exai-1 not only delivers strong predictive performance
butalso prioritizes biologically meaningful cfRNAs, underscoring its
potential for early detection and minimal residual disease monitoring.

Next, tovisualize the 32-dimensional sample embeddings learned
by Exai-1, we used uniform manifold approximation and projection
(UMAP) to project the embedding representations onto the held-out
test set. Although UMAP is designed for summary visualization and
is not suitable for making inferences about the underlying data, our
UMAP plots (Fig. 4b~-d) still reflect the observed patternsinthe embed-
ding space and highlight distinct separations between cancer and
control samples, as well as differentiation based on technical vari-
ables such as assay version and biofluid type used to collect the blood
samples. These visualizations indicate that Exai-1 embeddings effec-
tively capture both biological differences and technical variations
among samples.

We next assessed the impact of batch effects and the conserva-
tion of biological variance (presence of cancer) within Exai-1 embed-
dings, comparing them to embeddings obtained via PCA, PCA-based
batch correction method Harmony*, Scanorama®, scVI** and scANVI*
(Fig. 4e). In all of these scenarios, we used the held-out test set of the
dataset in which the Exai-1 model was not trained on. Methods other
than PCA used the same batch label (assay version) for correction in
this dataset.

Following a strategy similar to that in ref. 46, we used batch
removal based on the (average) silhouette and principal component
regression comparison*’ to evaluate batch effect removal based on
the assay version.

To assess the conservation of biological variance, we used label
conservationmetrics, including cell-type localinverse Simpsonindex*,
cancer-type silhouette width and ‘isolated label scores™.

During training, Exai-1leverages triplet margin loss to minimize
the distance of the samples from the Gaussian latent distribution, which
shareacommontissue of originand are distant (Methods). Due to this
label-agnostic batch correction, Exai-1's embeddings significantly
outperformed both PCA and Harmony across all metrics related to
batcheffect removal and the conservation of biological variance. This

result can be attributed to the biologically informed contrastive loss
inshaping the Exai-1's sample and feature embeddings, leading to the
learning of abiologically richembedding space. Collectively, this result
demonstrates that Exai-1effectively captures and reflects the biologi-
cal patterns in the learned embedding spaces, facilitating numerous
downstream applications, especially in disease detection and diagnos-
tics, evenin limited-sample scenarios leveraging few-shot learning.

Leveraging pretrained Exai-1to enhance generalizability
across sample source
Although serum is more widely available in many clinical settings,
plasmasamples typically provide higher-quality cfRNA data with lower
background noise and are, therefore, amore favourable biofluid for the
development of liquid biopsy assays. This disparity inboth availability
and quality poses a considerable challenge in developing robust liquid
biopsy classifiers, as classifiers trained solely on one biofluid type often
fail to generalize to another. We, therefore, investigated whether the
foundational capabilities of Exai-1 could allow the training of more
generalizable classifiers for tasks such as cancer detection.
Toevaluate this hypothesis, we used paired plasmaand serum sam-
ples from the same patients, which were not used during Exai-1training.
First, we used the original 7,349 smRNA loglp (loglp(x) =log(x +1)) of
the counts per million (CPM) values to trainacancer detection XGBoost
model using 391 plasma samples fromindividuals with cancer and 485
from individuals without cancer. The cross-validated performance
of this model on plasma samples achieved an area under the receiver
operating characteristic curve (AUROC) of 0.74 (95% Cl, 0.7-0.77),
whereas on serum samples, this model only had an AUROC of 0.56
(95% Cl, 0.51-0.61; Fig. 5a). In a similar setup, however, when we used
the latent space of Exai-1for training a plasma-specific XGBoost model,
the model had ahigher and comparable performance on both plasma
and serum (Fig. 5b). Other methods such as k-NN, ElasticNet, SVM
Classifier, latent representations from other models such as Orion",
or anablated Exai-1variant with zero-weight classification tokens did
not match the performance achieved with Exai-1 (Extended DataFig. 9).
These results highlight Exai-1’s potential to effectively address
data-type biases inherent in liquid biopsies, making biofluid-specific
classifiers broadly applicable to out-of-distribution datasets and, thus,
enhancingthe robustness and practical utility of future predictive tools
inliquid-biopsy-based cancer diagnostics.

Discussion
In this study, we introduced Exai-1, a multimodal generative model
pretrained onalarge dataset of cell-free smRNA profiles derived from
over13,000 plasmaand serum samples. By integrating RNA-FM-based
sequence embeddings with cfRNA abundance data, Exai-1learns rich
representations that capture both structural properties of smRNAs and
patternsintheirabundance. This multimodal approach allows Exai-1to
bridge the gap between RNA sequence context and cell-type-specific
expression dynamics, enabling more biologically meaningful learning.
Exai-1demonstrates robust performance across clinically relevant
tasks, highlighting its potential as a transformative platform for liquid
biopsy applications. Its generative capabilities allow for the accurate
reconstruction of masked cfRNA profiles, capturing both biological
variation and technical artefacts presentin cfRNA data. A key enabler
for Exai-1's capabilities is the sheer scale of the cfRNA data on which
it was pretrained—over 306 billion tokens from 8,339 samples. This
massive dataset facilitates the robust pretraining of its more complex
architecture. Exai-1differs from our previous task-specific generative
artificialintelligence model, Orion, in several key aspects: it leverages
sequence representations, incorporates a self-attention mechanism
and uses a deterministic decoder capable of reconstructing cfRNA
profiles. These architectural choices, powered by large-scale pretrain-
ing, offer clear advantages for downstream tasks. Although Orion may
be more suitable for smaller datasets where extensive pretraining is
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a Enrichment of feature embeddings for different abundance clusters
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Fig. 4 |Representation of smRNA characteristics and cancer biology on
feature and sample embeddings learned by Exai-1. a, Heat map depicting the
standardized values of the learned feature embeddings across various abundance
clusters. The significantly enriched embedding dimensions are highlighted with
bold red boxes for positive values and bold blue boxes for negative values.

b, UMAP representation of Exai-1's sample embeddings from the test set, colour
coded by cancer and control diagnosis. ¢, Exai-1's sample embeddings from

the test set, colour coded by assay versions. d, Exai-1's sample embeddings

from the test set, colour coded by biofluid type. e, Batch effect removal and
biological variation conservation benchmark for Exai-1, Scanorama, scVI, scANVI,
Harmony and PCA. Scores range from O to 1, with higher values indicating

better performance. Exai-1and PCA were applied without access to any batch or
biological labels in this dataset. By contrast, the other methods were provided
withbatch labels (assay version), and scANVI additionally leveraged biological
labels (cancer status). cLISI, cell-type local inverse Simpson index; PCR, principal
component regression; BRAS, batch removal-adapted silhouette.

not feasible, the differences enabled by the large dataset make Exai-1a
stronger foundation model for cfRNA analysis when sufficient dataare
available (Extended DataFig. 4). Furthermore, the Exai-1latent space, a
product of this extensive pretraining, supports better generalizability
across biofluids, and its deterministic reconstruction outperforms Ori-
on’s probabilistic approach, whichmodels cfRNA using a zero-inflated
negative binomial distribution (Extended Data Fig. 9). This property

facilitates effective data denoising and enables the generation of syn-
thetic cfRNA profiles, offering a practical solution for augmenting
training datasets, particularly in settings where clinical sample avail-
ability is limited. Furthermore, Exai-1 embeddings inherently reflect
knownbiological co-expression patterns, preserving clinically relevant
structureinalow-dimensional latent space. By capturing biologically
meaningful variance and minimizing technical batch effects, Exai-1
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a Using plasma smRNAs for training XGBoost

b Using plasma latent space for training XGBoost
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a, Receiver operating characteristic plot shows the performance of an XGBoost
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the cross-validated performance of the model on plasma samples, whereas
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purple shows the performance of the model on serum samples. b, Similar data
asa, but with the key difference of using Exai-1's plasma sample latent space for
training and evaluating the XGBoost models.

emerges as a robust foundation model suitable for a range of clinical
diagnostic applications.

One of the major challenges addressed by Exai-1is the variation
introduced by different biofluid types, such as serum versus plasma
samples, which often limits the generalizability of conventional classi-
fiers. Serumand plasmaeach have their own advantages and disadvan-
tages withrespect to biobank availability and biomarker signal-to-noise
ratio. Exai-1 decouples the biological signal from technical variations
within thelatent space, makingit possible for a plasma-trained model
to generalize to out-of-distribution serum data, a task that was not
possible in the original feature space (Fig. 5a). This was largely due to
the approach we used for minimizing unknown technical variations
through triplet margin loss, as well as the sparsity constraints within
Exai-1’s variational inference objectives. This feature is particularly
important for improving the diagnostic accuracy and expanding the
clinical applicability of cfRNA-based models across diverse patient
populations and clinical contexts.

Previously, we showed the power of variational inference for mod-
elling cancer-specificoncRNAsin which we outperformed conventional
methods such as XGBoost™. Enriching for a cancer-specific feature
space, as we showed, allows for training more accurate cancer-specific
classifiers. Inline with previous observations, we still observe that when
usingidentical samples, the latent space learned through Exai-1allows
for training better classifiers than when using the original feature space
(Fig. 5). This further confirms that Exai-1's representation learning
enhances biological signals and disentangling them from confounders,
leading to more generalizable classifiers.

Unlike models trained on textual data such as ChatGPT, which
benefit from vastamounts of labelled data, Exai-1operatesin adomain
where ground-truth samples are inherently scarce and expensive to
generate. Although natural language processing foundation models
improve as their datasets expand***’, cfRNA-based models must navi-
gate data constraints that limit the direct scalability of their training
sets. However, aslarger and more diverse cfRNA datasets become avail-
able, we anticipate continued improvements in Exai-1's performance
and clinical utility.

The ability of Exai-1to improve cross-biofluid generalization and
maintain performance in data-limited regimes suggests potential util-
ityinsettings where sample availability is constrained. Although Exai-1
was trained and evaluated exclusively on cfRNA data generated using

asingle platform and processing pipeline, the dataset itself is highly
diverse, encompassing both serum and plasmabiofluids, three distinct
biofluid collection tube types and samples collected from hundreds
of international sites. Clinical validation on independent datasets
will be an important next step to confirm generalizability and assess
performanceinbroader clinical and research contexts. Future develop-
ment efforts will focus on enhancing Exai-1 by expanding its training
datasets, incorporating additional multimodal inputs and refining its
contextual special tokens to further improve disease classification
and biomarker discovery. Such improvements are necessary to posi-
tion Exai-1as a versatile foundational model, capable of substantially
advancing non-invasive cancer diagnostics.

Methods

Dataset

Here we utilized an in-house dataset of serum and plasma collected
from 13,014 samples sourced from 11 different suppliers and more
than128 different collectionsites. These included 7,265 samples from
individuals with cancer and 5,749 samples from individuals without
any known history of cancer. We used RNA isolated from 0.5-1 ml of
serum or plasma from each donor to generate and sequence cfRNA
libraries for each sample, achieving an average depth of 46 + 26 million
single-end reads. Tumours in patients with cancer originated from
breast (2,956), lung (1,932), colorectum (753), kidney (313), stomach
(307), pancreas (213), bladder (169), prostate (156), liver (145), uterus
(95), oesophagus (91), ovary (71) and cervix (64). We used 8,339 samples
for training, 2,079 for hyperparameter tuning and model selection
(validation set) and 2,596 held-out test set samples for reporting the
performance metrics throughout the manuscript.

Data processing

For the processing of raw sequencing files, we used bclconvert (v.
4.0.3), Cutadapt® (v. 4.1), FastQC (v. 0.12.1), UMICollapse® (v.1.0.0),
Bowtie-2 (ref.52;v.2.4.5), SAMtools* (v.1.16.1), pysam** (v. 0.20.0) and
BEDTools* (v.2.30.0).

Feature selection

We curated a feature set comprising 799,289 smRNAs. Our selection
process focused on tRNA, snoRNA, miRNA, yRNA, IncRNA and oncR-
NAs. The library of oncRNAs was discovered through de novo loci
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forming®'® and association analyses comparing smRNA sequencing

between tumour and adjacent normal tissue samples in The Can-
cer Genome Atlas. We first excluded any feature detected in fewer
than 2% of the samples, thereby removing exceedingly rare cfRNAs.
We next imposed a coefficient-of-variation threshold of 1, retaining
only those features exhibiting sufficient variability across the data
(Extended DataFig.1a-e).

Thisstepresultedin 394,175 oncRNAs, 716 miRNAs, 704 tRNAs, 761
yRNAs and 610 snoRNAs. Torefine the oncRNA subset further based on
sequence and structure information, we used RNA-FM* embeddings,
extractingthe 32 PCs that collectively captured over 91% of the variation.
On the basis of these PCs, we applied an iterative k-means clustering
strategy, thatis, starting with1,000 random clusters. Each cluster with
more thanten memberswasiteratively divided accordingly toresultin
ten or fewer oncRNAs. The oncRNA closest to the centroid was chosen
as a single representative per subcluster. This process yielded 4,558
oncRNAs forinclusioninsubsequent analyses (Extended Data Fig. 1e,f).

Architecture of Exai-1

Exai-lisinspired by the success of variational autoencoders in model-
ling sparse genomic datasets**, masked language modelling applica-
tions in genomics**®, power of leveraging other foundation models
for token embedding®, and capability of combined transformer and
variational Bayes architectures in capturing high-level context”’. Exai-1
facilitates the handling of large-scale cfRNA data without overparam-
eterizing and overfitting to the training data.

Let x; € z4 denote loglp of the CPM-mapped reads for (d - 4)
smRNAs of the ith sample. We appended four additional rows, X; 4.3...X; 4
as placeholders for classification tokens (cancer detection and tissue
of origin) as well as sample information tokens (collection tube type
and assay version). Although classification tokens are always masked
by setting themto -1, sample information tokens are always provided.
Since we have four classification and sample information tokens, each
with ¢, different targets, b =1...4, these tokens can be represented
asy’ e{0..t, -1}

For encoding each smRNA token, we leverage the sequence and
structure-aware embeddings of the RNA-FM model by initializing the
weights of the embedding layer with a min-max-scaled version of the
PCs of RNA-FM embeddings, ensuring the range of weights to be within
[-0.1, 0.1] for numeric stability.

Exai-1encoder works as follows:

1. Token embedding step transforms smRNAs () into embedding
space G (f; : X — 9).As aresult, vector x; € z¢ will be projected
into the embedding matrix G; € R?*¢ with the embedding
dimension §=32.

2. The signal embedding step performs element-wise multiplica-
tion of smRNA embeddings with loglp CPM level of expression,
resultingin f, : G - R.

3. Adimensionality reduction layer with two-dimensional layer
normalization to prevent any numeric instability and a
multilayer perceptron to reduce the dimensions from d to 128:
fh TR - K.

4. Aself-attention transformer layer: fiansformer : H — H.

5. Asecond dimensionality reduction layer generating parameters
of a diagonal Gaussian distribution for variational inference, p;
and o,

The self-attention layer computes the attention scores over the
reduced dimension of the hidden layer and embedding dimension
&=32through the generation of

Qe R128x32 _ Hin
Ke R128X32 = HIWK .

V e R128x32 _ H:Wy,

In Exai-1, the attention output H;, therefore, is a result of two
layers of

;
softmax (QL) v,
V6

each followed by a two-layer dense network with dimensions of 128,
Gaussian error linear unit activation layer*®, layer normalization and
aresidual connection involving bilinear interpolation of R,. This step
allows each feature representation within H, to attend to other vari-
ables within the same reduced feature space, thereby enhancing the
model’s ability to capture intricate, context-aware representations of
thelatent variables.

Exai-1 attempts to learn a probabilistic low-dimensional latent
spacez;from H;, ensuring the preservation of biological information.
Toachieve this, Exai-1flattens H;into k; = vec(H;)and uses a dense layer
to learn the parameters of the diagonal Gaussian
distribution z; ~ N(u,, 6;1).

Exai-1’s decoder, therefore, samples from z; during training to
reconstruct the original input (&;). Similar to the encoder, Exai-1’s
decoder involves the following:

1. Adense layer to increase the dimension from zi to H;

2. Aself-attentiondecoder f, . ' — 3¢’ withidentical
architecture as ftransformer but with independent parameters

3. Adense layer to map the dimensions to the original embedding
space: f; 1 H' > R’

4. Multilayer perceptrons with 20% dropout, a hidden layer of
dimension 16 and a Leaky rectified linear unit activation func-
tion. These multilayer perceptrons are responsible for smRNA
expression reconstruction as well as token classification.

To emphasize the preservation of biological information during
the dimension reduction of Exai-1, we developed a new approach for
the selection of positive and negative anchors for computing the triplet
marginloss. Previously, we showed that through the explicit definition
ofknowntechnical variables (for example, batch effects), we cansolely
minimize the technical differences among the samples through triplet
margin loss'’. Here we show that without any knowledge of technical
sources of variation, we can remove batch effects and preserve bio-
logicalinformation. We achieved this through the definition of known
biological information of the samples during training (for example,
tissue of origin for cancer samples).

Foreachsample, weidentify all possible ‘positive’anchors 7, i ¢ g,
suchthatthey share the same classificationlabely,= y;forall j € 7. We
compute the Euclidean distance (d) among all pairs of z;and z;and
sample positive anchors according to the weights set through

ed@2)
pij= ded(zi,zj)'

Samples of the same biological label that are more distant in the
embedding space, therefore, will become closer. For sampling nega-
tive anchors, we randomly sample from the pool of all samples with a
different biological label.

1. Reconstruction through masked tokens. During training, we
randomly mask 25% of smRNAs of x; ., at each mini-batch
among all the samples, including non-expressed smRNAs,
generating x;, akin to the masked language modelling used in
BERT*’ and other similar models. The reconstruction Smooth L1
loss®, therefore, can be represented as

=0’

= iflx—x| <1

Ix—% - 0.5,

Cs11 =
otherwise
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We compute this loss once for x and once for x;,.
2. KLdivergence: We minimize

k. = Do (q:(2IR)|Ip(2)), 00

where Dy, is the KL divergence® and p(z) = (0, ) is the prior distribu-
tion for z, a standard Gaussian.

3. Triplet marginloss. For each sample i, we sample w triplets as
follows:

(a)Randomly pick a ‘positive’ anchor j #i such that they share
the same classification label y,=y;and the sampling probabil-
ity is assigned according to the distance of the two samples
within z,.

(b)Randomly pick a ‘negative’ anchor j/ # i such that they do not
share the same classification label y; # y,.

Duringtraining, we add a cost function that minimizes the differences
among the samples that share the same biological label (for example,
cancers of the same tissue), whereas moving samples with differ-
ent labels (for example, cancer samples from non-cancer samples)
further apart:

1
o= Y max(E -zl - -zl a0, @
i (ijj)eT;

where aisahyperparameter that enforces what should be the minimum
difference of distances between asample and its positive and negative
anchorsinthelatent space, anditissettoa=0.1.

4. Cancer detection. We require token d - 1, which is always initialized
as missing value indicator -1, to predict the presence of cancer by
minimizing the cross-entropy loss:

n
fop = — D, yP log[X; 41].

i=1

5. Tissue of origin. We also require token d, which is always
initialized as missing value indicator -1, to predict the tissue of
originin the presence of cancer through the convergence of an
additional cross-entropy loss:

n
100 = — 2, Y70 log[X;4].
=

6. Assay version. We require token d - 2, which is always accord-
ing to the assay version of the sample of interest, to preserve
this information in the decoded output through the conver-
gence of an additional cross-entropy loss:

n
tav ==,V loglX; 2.
iz

7. Biofluid type. We also require token d - 3, which is always
according to the biofluid (serum or plasma), to preserve this
information in the decoded output through the convergence of
an additional cross-entropy loss:

n
fpr = —ZY?T log[X; 4_3]-

i=1
Therefore, Exai-1attempts to converge the following loss function:

Cexai-1 = Mlsur, + obsiy, , + A0 + Aabra

+/15€CD + A6€TOO + A7€AV + /1855'[.

Hyperparameters for training Exai-1 were set through grid search
andthe selected combinationsincludedA,,1,=100,A,,A;=10,1,,4,,4,,
Ag=1,learning rate of 0.0001, weight decay of 0.00001, gradient clip-
ping value of 0.1, mini-batch size of 256, an training for 5,000 epochs.
The efficient architecture of Exai-1allowed us to train the model over
1NVIDIA T4 GPU for 60 h.

PCA-based dataaugmentation. We applied PCA with 32 components—
matching the latent dimensionality of Exai-1—to the z-scored loglp
CPM matrix of the training dataset. Gaussian noise (mean, O; standard
deviation, 0.1) was then added to the resulting embedding space, and
the perturbed embeddings were projected back to the original feature
spacetogenerate the reconstructed profiles. These reconstructed pro-
files were used for benchmarking the dataaugmentation performance.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The pretrained model and cfRNA expression matrices are available via
Zenodo at https://doi.org/10.5281/zenodo.16943244 (ref. 62). Other
data are available from the corresponding authors upon request pro-
vided criteria for academic research use are met and data transfer
agreements are in place. Please contact info@exai.bio for all data
access requests.

Code availability

The Exai-1 code repository is available via GitHub at https://github.
com/exai-oss/exai-1 as well as via Zenodo at https://doi.org/10.5281/
zenodo.17401411 (ref. 63). The repository includes the code for repro-
ducingall the key results.
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Extended Data Fig. 7| Impact of using feature space and latent space for
downstream applications. (a) Boxplots show performance of XGBoost model
trained on original feature space (red), original and Exai-1-augmented data
(blue), only Exai-1-augmented data (green), Exai-1latent space data (purple),
and Exai-1latent space with augmentation (orange). The only-augmented set
(green), marked with*in the legend, is trained on the reconstructed space of
the training set. Augmented datain the original space are generated through

Latent + augmented

the decoder of Exai-1. Latent space is generated through the encoder of Exai-1.
Augmented datain latent space of Exai-1are generated through 10% masking and
generative sampling. Boxplots show sampling with 10 different random seeds per
experiment. (b) Same as (a), but using PCA instead of Exai-1. We used PCA with the
same latent dimension as Exai-1. Augmented data add Gaussian noise (mean=0,
0=1) to PCA latent space and use it either as is (latent + augmented) or reconstruct
itback to the original dimension (only augmented and original + augmented).
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Extended Data Fig. 8| Feature-level interpretability via SHAP for the cancer-
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SHAP >0 (that is, pushing the prediction toward ‘cancer’). (b) Top 10 features
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Extended Data Fig. 9| Comparison of Exai-1 with other methods. (a) Barplot
shows AUROC of different models fitted on plasma smRNAs, latent space of the
Orion model, and latent space of the Exai-1model (right). Orange: cross-validated
performance on plasma samples, N=876. Purple: test-set performance of plasma-
trained XGBoost models on serum samples of the same patients, N=559. Patients
with multiple replicates are limited to the same folds during cross-validation.
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(b) Similar to (a), with y-axis representing sensitivity at 80% specificity.

(c) Pearson R for correlation of expression of each smRNA in each sample
compared to the average of 100 random samples from Orion’s zero-inflated
negative binomial model (left; green), Exai-1decoder output (middle; blue), and
average expression among all samples (right; red).
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