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Abstract

Predicting phenotype from genotype is a central challenge in genetics. Traditional approaches in quantitative genetics typically analyze
this problem using methods based on linear regression. These methods generally assume that the genetic architecture of complex traits
can be parameterized in terms of an additive model, where the effects of loci are independent, plus (in some cases) pairwise epistatic
interactions between loci. However, these models struggle to analyze more complex patterns of epistasis or subtle gene-environment
interactions. Recent advances in machine learning, particularly attention-based models, offer a promising alternative. Initially
developed for natural language processing, attention-based models excel at capturing context-dependent interactions and have
shown exceptional performance in predicting protein structure and function. Here, we apply attention-based models to quantitative
genetics. We analyze the performance of this attention-based approach in predicting phenotype from genotype using simulated data
across a range of models with increasing epistatic complexity, and using experimental data from a recent quantitative trait locus
mapping study in budding yeast. We find that our model demonstrates superior out-of-sample predictions in epistatic regimes
compared to standard methods. We also explore a more general multienvironment attention-based model to jointly analyze
genotype-phenotype maps across multiple environments and show that such architectures can be used for “transfer learning”—
predicting phenotypes in novel environments with limited training data.

Significance Statement

Predicting phenotype from genotypeis a central challenge in genetics. Here, we introduce a new class of statistical models for carrying
out this task (specifically quantitative trait locus (QTL) mapping in model organisms) inspired by machine learning techniques for nat-
ural language processing (attention-based models). Our models are especially well-suited for capturing gene-gene interactions (epis-
tasis) and the central role played by the environment in shaping genotype-phenotype maps. We demonstrate the power of this
approach using synthetic datasets and experimental data from QTL mapping experiments in budding yeast.

Introduction

Mapping the genetic basis of complex traits is a central goal in
quantitative genetics (1-6). This challenge is typically tackled by
measuring genotypes and phenotypes of a large number of diverse
individuals, and then identifying statistical associations between
genetic variants and corresponding phenotypes. Numerous meth-
ods have been developed to infer these genotype-phenotype (G-P)
maps using data from genome-wide association studies (GWAS) in
humans or from controlled crosses in model organisms (eg quan-
titative trait locus [QTL] mapping) (7-11). These existing methods
are typically based on linear regression. Each genotype is repre-
sented as a vector of allelic states at a series of genetic loci (see
Fig. 1la and details in the next section). The phenotype

corresponding to each genotype can then be parameterized based
on the linear effect of each locus, plus pairwise and higher-order
epistatic interactions (see Fig. 1b). GWAS or QTL mapping studies
fit the parameters of this model by minimizing prediction error
across individuals (12, 13). The resulting model can then be used
to quantify how much of the observed variability in phenotypic
traits can be attributed to genetic factors, toidentify which genetic
loci are most strongly associated with the phenotypes, and to pre-
dict the phenotypes of new individuals from their genotype.
Because the number of individuals in even the largest studies
is much smaller than the number of possible genotypes, some
form of regularization is typically applied to avoid overfitting.
Traditional analyses begin with an additive model, where the ex-
pected phenotype is determined by the sum of independent
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effects at some set of causal loci. Effects of potential pairwise epi-
static interactions between these loci can then sometimes also
be mapped. However, existing methods lack power to infer
more complex patterns of epistatic interactions across multiple
loci. The potential impact of this epistasis remains controversial.
Variance partitioning methods (14, 15) often show that epistasis
explains only a small fraction of observed variance in pheno-
types, but this may be in part because the effects of epistasis
are treated as a perturbation to an initial fit based on additive ef-
fects (16). In addition, because biological systems are composed
of interconnected and nonlinear networks (17), even sparse epi-
static effects can provide key insight into the molecular basis of
phenotypes.

Gene-environmentinteractions are also challenging to model
within the context of traditional methods in quantitative genet-
ics (18, 19). These occur when the effect of a genetic variant on a
phenotype depends on the environmental context. For instance,
individuals with a genetic predisposition to obesity might only
exhibit this trait if they are exposed to high-calorie diets (20).
Incorporating these interactions in GWAS is challenging be-
cause it requires comprehensive environmental data alongside
genetic data, and the potential environmental variables and
their interactions with genetic factors can be vast and complex.
Typically, a linear mixed-model approach is used to study
gene-environment interactions by including interaction terms
in analyses, though the true interactions may not always be
linear (21, 22).

Despite dramatic increases in the scale of GWAS and QTL map-
ping studies, traditional methods often fail to capture intricate
patterns and interactions, prompting the exploration of machine
learning (ML) approaches (23). These include convolutional neural
networks (24, 25), graph neural networks (26), evolution-informed
pipelines (27), and more specialized interpretable deep learning

architectures (28). Other approaches seek to utilize deep learning-
based computer vision models to predict phenotypes using MRI
images and facial recognition technology (29, 30)

Recent developments in attention-based models present a
promising alternative ML paradigm for learning G-P maps (31,
32). Originally designed for natural language processing,
attention-based models excel at capturing context-dependent in-
teractions, a capability particularly relevant for genetic data,
where the effect of a locus can be highly dependent on broader
genetic and environmental contexts. Attention-based models
have been successfully applied beyond natural language process-
ing, notably to predict protein structure and function with re-
markable accuracy (33, 34), and to predict binding of T cell
receptors to epitopes (35).

In this study, we apply attention-based models to predict
phenotype from genotype. These attention-based models offer
several potential advantages over traditional methods. They are
highly expressive because they use learned vectors that capture
the entire context relevant to the effects of a given locus on pheno-
type, rather than relying on context-independent scalar effects.
This capability enables them to capture subtle genetic interac-
tions. Another key strength is the ability to incorporate environ-
mental tokens naturally within the structure of the model,
making it possible to account for potential gene-environment
interactions and hence adapt predictions based on the environ-
ment. Traditional methods often lack this flexibility. Additionally,
attention-based models can learn environment-dependent vec-
tors, and hence interpolate to make predictions for environments
not present in the training data.

The architecture of the attention-based models begins by con-
verting genotypes into vectors, which are then processed through
attention layers to capture epistatic and environmental interac-
tions. This approach enables the model to capture effects of
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complex epistasis, adapt to environmental contexts, and predict
unseen genotypes by learning a generalizable mapping from
genotype to phenotype. As a proof of principle, we first apply these
methods to analyze simulated data in models with varying de-
grees of epistatic complexity, and then apply our approach to
data from a recent QTL mapping study in budding yeast.

In the next section, we provide a detailed explanation of the
attention-based architecture used in this study, highlighting its
components and the underlying mechanisms that make it
well-suited for G-P mapping. In subsequent sections, we then apply
this architecture to analyze simulated data in models of varying
epistatic complexity and experimental data from a recent QTL
mapping study in budding yeast that quantitatively measured
the growth rate of 100,000 individuals across 18 different environ-
ments (10). This unique study is ideally suited for exploring the ef-
ficacy of attention-based architectures which are thought to
function best with large amounts of data. Finally, we present a mul-
tienvironment generalization of our attention-based approach, and
analyze its ability to “transfer knowledge” to new environments.

Attention-based architecture for G-P
mapping

Our ultimate goal is to develop attention-based models that can
predict phenotypes based on genotype data, while also accounting
for epistasis and gene-environment interactions. Before diving
into the details of the attention-based architecture, it is essential
to understand the standard regression model commonly used in
the field. This model serves as a foundation for understanding
G-P mapping.

Overview of standard model

To make the discussion concrete, we focus on the yeast QTL ex-
periments in (10) where the authors constructed a panel of
100,000 F1 haploid offspring (segregants) from a cross between
the laboratory strain BY and the vineyard strain RM. Each segre-
gant was sequenced to determine its genotype, and the relative
growth rate of all segregants was measured in each of 18 labora-
tory media conditions. For our purposes here, this growth rate
data represents 18 different phenotypes.

In this dataset, the two parental strains differ at approximately
L =41,594 loci (corresponding primarily to single-nucleotide poly-
morphisms) and exhibit variation in many relevant phenotypes.
For any given offspring g, we denote the two possible genotypes
(corresponding to the BY or RM parent, respectively) at locus | by
Xl(g) =+1. In other words, in this biallelic case the genotype of the
gth individual can be represented by an L-dimensional vector
% where the Ith element in this vector is either +1 or —1, depend-
ing on the allele present at the Ith locus. Each of these genotypes
corresponds to a set of 18 measured phenotypes, yﬁf”, the growth
rate in media condition a.

We then model each predicted phenotype for the gth individ-
ual, yg)ed, as:

ygr)ed =8, "'Zﬂjxj@ + Zﬁjkxj(g)xg) + Z ﬂ)_HX}(g)Xg)X(g) o (D)
j J<k

j<k<l

Here, the g coefficients capture the effect sizes of these loci and
their epistatic interactions. Each of the phenotypes is modeled in-
dependently. The goal of the model is to estimate the coefficients g

for each phenotype by minimizing the sum of squared differences
between the measurement y9 and the prediction yged. This is

mathematically expressed as:

. 2
p=arg mﬂin{z(y(g) - yif}ed) + Regularization}, 2)
g

where the regularization term helps prevent overfitting by penal-
izing large coefficient values, ensuring that the model remains
generalizable.

The purely linear version of this model (with only 4, and g
terms nonzero) assumes that the effects of different loci are addi-
tive. More generally, the model can be used to fit both linear and
epistatic terms, but data limitations often make it difficult to infer
even pairwise epistatic terms. Higher-order terms are in practice
almost always impossible to estimate. These limitations lead to
incomplete capture of the complexity of the genetic architecture.
While the model uses regularization to prevent overfitting, this
does not circumvent the fundamental issue of using limited
data to explore a high-dimensional genomic space. In addition,
standard models struggle to incorporate the impact of environ-
mental factors (eg in the case of our yeast data, relationships be-
tween the growth rates in the different media conditions), which
can significantly influence phenotypic traits.

Attention-based architecture

To address the limitations of traditional models, we propose an
attention-based architecture. We first describe a single-
environment version of this architecture that learns the G-P
map for each environment separately. Later, we will discuss the
multienvironment architecture, which can learn the G-P map
for all environments jointly, capturing gene-environment interac-
tions and cross-environment information.

In the subsequent subsections, we describe the key specific
components of the single-environment attention-based model
and explain how each part contributes to its capacity to handle
complex epistasis. We outline the process from genotype re-
presentation to the final prediction of phenotypes and optimiza-
tion, emphasizing throughout the distinctive features of
attention-based architecture (see Fig. 1c-e).

Genotype representation and embedding

The first step in our statistical procedure is the transformation of
genotype data into a format that can be processed by the attention-
based architecture (see Fig. 1c). The L-dimensional genotype vector
%9 is encoded as L one-hot vectors with a single nonzero element,
which is +1. In this encoding, the Ith element of the Ith one-hot vec-
torisequal to x]@, while the remaining elements are zeros. The one-
hot embedding matrix X, where each row corresponds to the one-
hot vector for each locus, can be written as:

1 0 O 0
0 -10 --- 0

X0 = T (3)
0 0 O 1

This matrix is then transformed into a continuous, dense represen-
tation using a learned L x d-dimensional embedding matrix Wembed,
resulting in an L x d-dimensional matrix Z9 for each individual:

70 =x© Wembed- (4)

The Ith row in Z© corresponds to a d-dimensional embedding vec-
tor zl(g) for the Ith locus, capturing its genetic information in a form
suitable for subsequent processing by the attention-based model.
This transformation is useful because the original genotype matrix
X9 is high-dimensional and

sparse, making direct use
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computationally expensive. The embedding matrix reduces di-
mensionality and captures essential genetic information, leading
to more efficient computations.

The learned embedding vectors z@ represent complex
relationships between genetic loci that might not be apparent in
the raw one-hot encoded representation. Learned dense embed-
dings are more suitable for neural network-based models, like
transformers, providing a richer representation of input data (36).

The embedding dimension d controls the trade-off between
capturing complex genetic interactions and minimizing computa-
tional cost. We select d by evaluating validation performance
across different values, d =2, 12, 30, 50. The attention-based ar-
chitectures showed good performance for all choices of d (see
Fig. 2c). However, for simulated data where phenotypes are expli-
citly generated with high-order epistasis and a structured G-P re-
lationship, we found d=30 was optimal especially for highly
epistatic models. However, for experimental data, where the
true G-P map is unknown, our simulations suggested d = 12 was
sufficiently large to capture complex phenotypes while minimiz-
ing computational costs.

Attention mechanism

The core of the attention-based architecture is the attention
mechanism, which enables the model to weigh the importance
of different loci. In the attention layer, the embeddings are trans-
formed into three sets of vectors: queries Q9 , keys K9, and values
VO (see Fig. 1d). These transformations are achieved through
learned weight matrices W2, WX, and W":

Q9 =zoOw2 k@ =zOwX v =z0w, (5)

) )

The necessity of these three different vectors arises from the de-
sign of the attention mechanism, which aims to flexibly capture
complex interactions between loci while maintaining computa-
tional tractability. The queries QW represent the perspective of
the current locus, seeking information about other loci. The
keys K9 represent the potential loci that the current locus may at-
tend to, effectively serving as points of reference. The values V@
contain the actual information that should be integrated, based
on the relevance determined by queries and keys.

The attention mechanism calculates the relevance between
different loci by computing the attention scores, which are deter-
mined as the dot product of queries and keys. The output of an at-
tention layer is given by:

70 — softmax (Q(Q)K(Q)T) V@) 6)
where the softmax function is defined as:

exp (vi)
S exp ) v)

The softmax function normalizes the attention scores into a prob-

ability distribution, emphasizing the most relevant loci while sup-
pressing less relevant ones. The output of the attention layer,

softmax(y;) =

therefore, is a weighted sum of the value vectors V9, where the
weights are the normalized attention scores.

This process relates closely to the concept of epistasis, where
the effect of one gene is influenced by others. In the attention
mechanism, the query Q@ from a given locus interacts with the
keys K of other loci to determine relevance. The softmax func-
tion then assigns higher weights to locus pairs with stronger inter-
actions. This adjustment allows the model to capture the epistasis
by emphasizing loci combinations that are contextually

significant, thus highlighting how different genes influence each
other within the genetic network. This capability to focus on im-
portant genetic relationships makes the attention-based model
particularly effective for modeling epistasis.

Stacking multiple attention layers improves the model’s ability
to capture higher-order epistatic interactions by iteratively refin-
ing how lociinfluence each other. The firstlayer learns direct pair-
wise interactions, while deeper layers integrate signals across
three or more loci, capturing complex, nonlinear dependencies.
Such stacking of attention layers is commonly used in large lan-
guage models, including those used to model proteins. We use
three layers because they collectively capture both pairwise and
higher-order interactions, and empirical tests showed that adding
more layers did not improve performance.

Prediction

After the embeddings have been processed through the attention
layers, the final representation 2”79 (obtained from the third at-
tention layer) is used for prediction (see Fig. 1d). The predicted
phenotype ygr)ed for each individual g is given by taking these vec-
tors and processing them through a “regression layer”™:

Yo =ho+y B2, ®)
1

Here, p represents the weights associated with each embedding,
and f, is the bias term. This regression layer is necessitated by
the fact that the output of our model is a continuous real-valued
number: the predicted growth rate of an individual in a given
environment.

Optimization

The objective is to minimize the prediction error, which is typical-
ly quantified by a loss function. A loss function measures the dif-
ference between the predicted and actual values of the quantities
of interest. We employ mean squared error as our loss function
L(0), where 0 represents all the parameters involved in the archi-
tecture. It is defined as:

1o)= (" -y%) " ©)
g

We minimize this function because, theoretically, at its min-
imum, y9 equals ygr)ed.

The entire model is trained end-to-end using gradient-based
optimization methods (see Fig. 1e). The process begins with an ini-
tial guess for the model parameters . The input embedding vec-
tors are passed through the architecture, and the gradient of the
loss function V,L(6) is calculated. The gradients indicate the direc-
tion and magnitude by which each parameter should be adjusted
to reduce the loss. The parameters are then updated by moving in
the direction of the gradient using gradient descent or more so-
phisticated second-order methods such as ADAM (37, 38), until a
local minimum of the loss function is reached.

In this work, the PyTorch library is utilized for its efficient
automatic differentiation capabilities (39). PyTorch computes
the gradients of the loss function using backpropagation, which
applies the chain rule of calculus to propagate the error gra-
dients backward through the network from the output layer to
the input layer (38).

Implementation

A detailed explanation of how the attention-based architecture
is implemented using PyTorch is given in the SI Appendix,
Section 3.
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Parameter complexity comparison

The attention-based model contains significantly fewer parame-
ters compared to the standard linear plus pairwise model when-
ever the number of loci is much smaller than the embedding
dimension (L <« d). The total number of parameters in the
attention-based model is given by 2Ld + 3d?N; + 1, where N; is
the number of attention layers. In contrast, the standard linear
+pairwise model, which accounts for additive effects and pairwise
interactions, has w + 1 parameters.

For example, when L =1,000, d =12, and N; = 3, the attention-
based model has 25,297 parameters, whereas the linear+pairwise
model has 500,501 parameters. This means the linear+pairwise
model contains roughly 20 times more parameters than the
attention-based model. Despite this lower parameter count, we
show below that the attention-based model architecture never-
theless efficiently captures higher-order interactions.

Benchmarking on simulated G-P maps

To evaluate the ability of our attention-based model to capture
complex epistasis, we benchmarked it against traditional methods
using synthetic data from a set of simulated G-P maps. This ap-
proach allows us to systematically test model performance in con-
trolled scenarios with varying level of epistasis.

As described above, a key challenge in traditional methods is
limited capacity to account for complex epistasis. Therefore, to
probe whether our attention-based model can more accurately
capture these complex interactions, we generated a set of simu-
lated genetic architectures where phenotype is determined by a
combination of additive (linear) terms along with fourth-order
epistatic interactions (see Eq. 10 below). We tune the relative con-
tributions of linear and fourth-order interactions across different
simulated architectures, and analyze the performance of trad-
itional vs. attention-based models as a function of these relative
contributions of simple vs. complex epistasis.

Generating simulated data

A key challenge in inferring G-P maps is that the genotype struc-
ture of sampled individuals is typically shaped by numerous his-
torical, demographic, and evolutionary processes that are
unrelated to the phenotypes we aim to predict. We therefore can-
not reliably compare methods by assessing their performance on
simulated data with random genotypes. For this reason, to main-
tain realistic genotype structure, we constructed all our synthetic
datasets using the actual observed yeast genomes of the ~100,000
individuals from the QTL experiments in (10). This preserves the
linkage structure inherent in the cross used to generate these
individuals.

As discussed in the original paper, these individuals differ at
41,594 loci across the genome, but because of the tight linkage
in these F1 segregants, genotypes at nearby loci are highly corre-
lated. This creates a “fine-mapping” problem that is extensively
discussed in (10). However, our goal here is to focus on inference
of complex epistasic and environmental interactions, rather
than on fine mapping (where we would not expect attention mod-
els to have any natural advantage over other methods). With this
in mind, we subsample the loci (effectively combining highly cor-
related loci) to create a representative set of L = 1,164 independent
loci (see section on applications to data below). Reference (10)
found that, using traditional methods, several hundred loci could
be identified as causal. For this reason, in our synthetic datasets,
we typically choose 100 to 300 random loci we designate to be
causal.

To assign a synthetic phenotype to each of these genotypes, we
use the approach shown in Fig. 2a. As before, the genotype vector
x0 of the gth individual, with L1loci, is an L-dimensional vector. In
this vector, the Ith elementis either +1 or -1, depending on the al-
lele present at the Ith locus (in the real genotypes, subsampled as
described above). We then assign the phenotype y@SY™ to each

genotype:

L
YOS = po+ 3 it
=1

+(1-¢) ﬁijklxl(g)x}(g)xg) xf‘” o
Lnonzeroterms

(10

where the sums are over the randomly designated causal loci (see
above). By tuning the parameter ¢, we can generate synthetic data
with varying amounts of epistasis, ranging from purely additive
(e=1) to purely higher-order epistatic interactions (¢ =0). In the
main text, we focus on the case where g terms are drawn from a
Gaussian distribution N (g, ¢%); in Fig. S2, we show analogous re-
sults for the case when these coefficients are drawn from an expo-
nential distribution. The noise term 5 represents random
environmental or measurement noise and is modeled as a
Gaussian distribution with a mean of zero and a SD equal to
20% of the SD of the simulated fitness.

Comparison of out-of-sample predictive power

Figure 2c shows a comparison of our attention-based model with
classical linear regression-based approaches (see Eq. 1) on syn-
thetic data generated as described above. For the linear and lin-
ear+pairwise regression models, we applied L1 regularization
using Python’s built-in ElasticNet implementation, sweeping over
the regularization strength to optimize performance. All compar-
isons are based on R? in a held-out test dataset (see SI Appendix,
Section 3 for details of fitting procedures). Throughout this study,
we use out-of-sample predictions to compare model perform-
ance. Unlike in-sample predictions, which are made on the data
used to train the model, out-of-sample predictions are made on
new, unseen data. This allows us to assess how well the model
can generalize, a key indicator of its practical utility.

As can be seen in the left most panel of Fig. 2¢, for L =100 loci,
the purely linear model performs well in highly linear settings but
degrades as the amount of epistasis increases (ie as e decreases).
The linear + pairwise model captures some effects of epistasis,
but struggles with highly epistatic genotype-to-phenotype maps
(ie e < 1). The attention-based model consistently outperforms
other methods, particularly in epistatic regimes, demonstrating
its ability to capture high-order epistasis. We find similar results
for synthetic data generated with exponentially distributed g
(see Fig. S2). However, we note that when we increase the number
of causal loci used in the synthetic data to L = 300, the attention-
based and linear regression models have similar predictive power.
As discussed below, this likely reflects the fact that as the number
of causal lociincreases, more data is required to take advantage of
the increased expressivity of attention-based models vis-a-vis
regression-based approaches.

Comparison with alternative ML architectures

While standard GWAS approaches rely on linear and linear+
pairwise models, we also benchmarked our attention-based frame-
work against three widely used ML approaches: a one-dimensional
convolutional neural network (1D-CNN), gradient-boosted trees
(XGBoost), and random forests. For the 1D-CNN, we used a kernel
size of 2, and for both XGBoost and random forests, we used 100
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trees. As shown in Fig. 2d, these three models outperform the linear
+pairwise baseline in the high-epistasis regime (e < 0.5) but still fall
short of the attention model, occupying an intermediate perform-
ance tier. Because CNNs and tree-based models can only combine
features over a limited window or depth (eg a fixed kernel size or
maximum tree depth), they capture some nonlinear effects but
are unable to model the arbitrary, long-range, high-order interac-
tions that attention layers are designed to capture. In Fig. S3, we
show the comparison between these methods when coefficients
are drawn from an exponential distribution.

Dependence of performance on embedding
dimension and amount of data

The performance of the attention-based model depends on the di-
mension d of the embedding and the amount of available training
data (see Fig. 2c). The optimal dimension is influenced by both the
complexity of the data and the number of causal loci L. A higher
number of loci or more complex data necessitates a larger embed-
ding dimension to adequately capture the variability and epistasis
presentin the dataset. However, setting d too high can make it dif-
ficult to train the model. Therefore, it is crucial to optimize the
embedding dimension using a validation set. Through experimen-
tation, we found that for simulated data with L = 100 or L = 300, an
embedding dimension of d = 30 works well. Therefore, we use d =
30 for all simulations with synthetic datasets unless explicitly
noted otherwise.

As shown in the right panel of Fig. 2c, the performance of the
attention-based model improves consistently as the number of
data points increases. In contrast, the performance of the linear
+pairwise model tends to plateau when the dataset becomes
large, indicating its limited capacity to capture more complex in-
teractions. Notably, although the attention-based model has few-
er parameters and is roughly as data-hungry as the linear
+pairwise model, it achieves equivalent or even greater predictive
performance.

Comparison of learned effect sizes

Next, we investigated whether the attention-based model and
other models are capable of learning the effect sizes of causal
loci. To do so, we made use of our synthetic data, where we
know the true underlying G-P maps. This allows us to compare
model predictions to exact effect sizes. In the presence of epista-
sis, the effect size of a locus depends on the genetic background
of an individual. For this reason, we focused on the effect size
Afl@ of changing locus lin an individual with genetic background
g (ie the difference in phenotype when xl(g) issetto+1and -1in
background g):

1 N y(g) (X(g) = 1) — y(@) (X(Q) = —1)
Afi =5 > ! 5 ‘ ) (11)
g=1

We focused on the case where the G-P maps have both a linear
component and moderate amounts of epistasis (e =0.3). As seen
in Fig. 2e, the attention-based architectures are particularly ef-
fective at capturing context-dependent genetic interactions in
the test dataset. The linear+pairwise model also showed good per-
formance at this task, as measured by Pearson correlation.
However, as can be seen in the plots, the predicted effect sizes
are systematically lower than the true effect sizes.
Unsurprisingly, the linear model is unable to capture the back-
ground dependent effects, since the predictions do not depend
on the genomic backgrounds.

An alternative quantity of interest is “average” effect size of a
locus across all genomic backgrounds in the dataset. This quan-
tity is a natural proxy for the importance of a locus when epistatic
interactions are limited. Figure S4 shows a plot of the
genome-averaged effect size of loci for attention-based models,
compared to a purely linear model and a linear+pairwise model.
All models are extremely good at predicting average effect sizes
as measured by Pearson correlation (attention: r=0.82, linear:
r=0.83, and linear+pairwise: r=0.87), with the attention-based
models having slightly smaller correlation coefficient. However,
as canbe seenin the Fig. 2e, right panel, unlike attention-based ar-
chitectures the linear+pairwise model consistently underesti-
mates the effect size of loci with large effects.

Application to inference of empirical G-P
maps in budding yeast

Having benchmarked attention-based models on synthetic data,
we next applied these models to the yeast QTL experiments in
Ref. (10). As described above, this earlier work created a panel of
~100,000 haploid F1 offspring (segregants) from a cross between
a laboratory strain, BY, and a vineyard strain RM. The authors
then measured the relative growth rates of these segregants in
18 different laboratory media conditions, including defined min-
imal media, rich media, several carbon sources, and a range of
chemical and temperature stressors (see Ref. (10) for details on
the experimental setup and data acquisition process).

To analyze these data, we divided the 100,000 segregants into
training, validation, and test datasets, with 85% of the data set
aside for training-validation and the remaining 15% used as the
test dataset. The training-validation data were further split into
85% for training and 15% for validation. Using the training dataset,
we identified L =1,164 independent loci, defined as a set of loci
such that the correlation between the SNPs present at any pair
of loci is <94% (see SI Appendix, Section 1 for details).

Attention-based model application

We began by training a separate attention-based model for each of
the 18 environments in the dataset (see Fig. 1d). Based on hyper-
parameter sweeps on the validation set, we chose an embedding
dimension of d =12 for all models used to analyze experimental
data. As expected, the performance of the attention-based model,
as characterized by R? on the test dataset, is much better than that
of the linear model (see Fig. 3). Note that the linear regression is
performed with both L1 and L2 regularization, implemented via
ElasticNet. This shows that the attention-based architecture is
able to successfully capture the epistatic interactions in the yeast
QTL experiments across a wide variety of environments.

Given the increased predictive power of attention-based archi-
tectures compared to linear models, we sought to better under-
stand the relationship between the predictions of the linear
model and attention-based models. Figure S5 shows a plot com-
paring the predicted growth rates of the attention-based models
and linear models in all 18 environments for the test dataset.
There is strong agreement, with a Pearson correlation coefficients
ranging between r = 0.9-0.95. Figure S6 shows a comparison of the
background-averaged effect size of different loci from the
attention-based models and linear regression. Once again there
is remarkable agreement (Pearson r = 0.83-0.95). This shows
that attention-based architectures can learn all the information
contained in linear models while also learning subtle epistatic
interactions.
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Fig. 3. Comparison of model performance in yeast QTL mapping data. We show R? on test datasets for linear, linear+pairwise, and attention-based model
(with d = 12) across 18 phenotypes (relative growth rates in various environments). For the linear+pairwise mode, the causal loci inferred by (10) are used.

To better understand the kind of epistatic information being
captured by attention-based architectures, we also compared
our models to a linear plus pairwise model with both L1 and L2
regularization. One major drawback of the linear+pairwise model
is that it is computationally infeasible to fit a linear+pairwise
model using all L = 1,164 loci (see discussion of the number of pa-
rameters above). For this reason, we restricted our analysis of the
linear+pairwise model to the causal loci identified in Ref. (10).
Focusing on causal loci reduced the number of loci L in our statis-
tical models by an order of magnitude. We found that the linear
+pairwise model restricted to causal loci gave similar perform-
ance to the attention-based architectures.

Collectively, these results suggest that attention-based archi-
tectures can capture subtle epistatic interactions. Moreover,
even without any pretraining, the models can automatically focus
on the subset of causal loci responsible for these interactions. Our
simulations suggest that the performance of the attention-based
architectures are limited by the amount of training data.
Therefore, it would not be surprising if given more data (or for
G-P maps with more epistasis), attention-based models outper-
form linear+pairwise models.

In Fig. S7, we present results on alternative attention based ar-
chitectures where the genotype loci are represented using one-hot
encoding and fed directly into the first attention layer, bypassing
any dimensionality reduction. This approach allows the model
to process the full-resolution genotype information without com-
pressing itinto a lower-dimensional embedding space. In this set-
up, the dimension of all embeddingsisequaltod =L + 1, where Lis
the number of loci. We find that for this data regime, these models
without dimensionality reduction perform slightly worse than
those discussed in the main text.

Mult:ienvironment attention-based
architecture

Thus far, we have analyzed each G-P map independently.
However, phenotypes are often correlated across similar environ-
mental conditions. For example, the growth rate of yeast shows a
stereotyped temperature dependence. Standard methods based
on linear regression have historically often neglected any infor-
mation in these correlations, and instead simply infer the genetic

basis of each different phenotype independently. More recently, a
wide variety of methods have been developed within this general
regression-based framework to integrate multiple different phe-
notypes (eg multiple types of xQTL data) into a single joint infer-
ence framework.

Attention-based architectures offer a potentially powerful al-
ternative approach to capturing these effects. In principle, given
enough data, a multienvironment attention-based model (ie a sin-
gle attention model trained on data from multiple environments)
should be able share information across environments by incorp-
orating different environmental contexts as additional environ-
mental input vectors (see Fig. 4a). This opens the possibility of
using attention-based mechanisms to transfer information across
environments (often called “transfer learning” in the ML literature
(40)). In this section, we explore these ideas using both synthetic
data and empirical data from the yeast QTL experiments in
Ref. (10). A more detailed analysis of the performance of multien-
vironment attention models, including details on construction of
the synthetic dataset, model architectures, and training proced-
ure, is provided in SI Appendix, Section 4.

Multienvironment attention-based architecture

We start by providing a detailed explanation of the multienviron-
ment attention-based architecture used in our studies (see
Fig. 4a). In this architecture, we introduce additional input vectors
to represent the environments. Each environment, indexed by a
(where a € {1, 2, ..., E}), is represented by a one-hot encoded vec-
tor, denoted as e,. This encoding allows the model to distinguish
between various environmental conditions while processing geno-
type data. The locus embeddings z!9 have E zeros at the right side,
and e has L zeros at the left side. This ensures that all vectors are of
the same length (d + E) and have unique representations for each
locus and environment. Additionally, a column of ones is added
at the right end to enhance the model’s capability to capture epis-
tasis. This is motivated by our analytical results (see SI Appendix,
Section 6). The combined genotype and environment vectors are
processed through multiple attention layers, capturing interac-
tions between loci within the environmental context. The output
from the final attention layer is used to predict the phenotype
ygr)edya and update the model parameters (as shown in Fig. 1e).
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environment.

Prediction on yeast data

The results from applying the model to yeast data are shown in
Fig. 4b. This figure compares the performance (R? on held-out
test datasets) of the multienvironment attention-based model
with traditional linear and linear+pairwise models, as well as
the single-environment attention-based model, across different
environments. The multienvironment attention-based model
performs better than the single-environment linear models and
is comparable to the single-environment linear+pairwise models.
We find that the single-environment attention-based model per-
forms better than the multienvironment model. Because the joint
model shares parameters across environments, it must fit hetero-
geneous G-P relationships and noise profiles. With limited data,
this can cause negative transfer, pulling the shared representa-
tion away from the per-environment optimum. Our results
show that it is possible to train a single model that can capture
epistatic interactions across multiple environments. In Fig. S7,
we show additional results for alternative different multienviron-
ment attention architectures.

We note that, unlike in protein language models—where atten-
tion maps often correlate with structural features (33)—we have
found that the attention maps of the learned models are hard to
interpret (see Fig. S8). This may reflect the fact that the outputs
of our models are continuous rather than discrete, or other com-
plexities of the underlying biology of predicting growth rates from
genotype.

Transfer learning to new environments

One of the crucial applications of the multienvironment
attention-based architecture is its ability to predict phenotypes
for environments where data are sparse. This capability to trans-
fer information from data rich environments to new environ-
ments with limited data is known as transfer learning (see
Fig. 5a). Since attention-based mechanisms are known to excel
at transfer learning, we wanted to ask if our multienvironment
architecture could make predictions in a new environment with
limited data.

To test this ability, we focused on a subset of seven environ-
ments from the yeast QTL experiments in Ref. (10), where tem-
perature was varied from 23°C to 37°C. We started by
constructing a set of synthetic G-P maps that mimicked the
experimentally measured correlation structure  across

temperatures (see SI Appendix, Section 2 for details). We then
trained the model on all the training data for six of the tempera-
tures (~ 7.2 x 10* individuals), while varying the amount of train-
ing data used for the final temperature from a single individual to
the full training dataset (~ 7.2 x 10* individuals). See embedding
and training details in SI Appendix, Section 5. The results are
shown in Fig. 5b. We found that with as little as 100 training
data points, the multienvironment architecture can successfully
transfer information to new temperatures. This shows that our
multienvironment attention model is capable of transfer learning
on our synthetic dataset.

Having established that transfer learning is possible on syn-
thetic data, we repeated this exercise on data from the QTL experi-
ments in Ref. (10). As can be seen in Fig. Sc, the multienvironment
attention-based model was once again able to learn genotype-to-
phenotype maps in a new temperature with as little as 100 train-
ing data points. These results suggests that transfer learning may
be a generic feature of attention-based models for G-P maps. In
contrast, there is no natural way to implement such a transfer
learning approach within the context of standard regression-
based methods.

Discussion

In this article, we explored the use of attention-based architec-
tures for learning complex G-P maps. We demonstrated the
potential of these models on both synthetic datasets and experi-
mental yeast QTL data (10). Our attention-based models success-
fully learn complex epistatic interactions. We then explored a
multienvironment attention-based model that can predict pheno-
types across multiple environments. The multienvironment
architecture is specifically designed to leverage shared informa-
tion across a wide range of environmental conditions, allowing
the model to integrate genetic and environmental data into a uni-
fied framework. We demonstrated that this multienvironment at-
tention model is capable of “transfer learning” G-P maps in new
environments with limited data. Collectively, our results show
that attention-based architectures offer a powerful new class of
models for learning G-P maps.

The logic underlying our attention-based architectures is fun-
damentally different from traditional regression-based methods
used for learning G-P maps. Methods based on linear regression
commonly parameterize the genetic architecture of complex
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traits in terms of an additive model, where the effects of loci are
independent. Less often, these models also include pairwise epi-
static interactions between loci. Unlike these traditional methods,
attention-based models make no assumptions about how loci
interact. Instead, they exploit the expressivity of the attention
mechanism to directly learn these epistatic interactions from
data with minimal assumptions.

We note that a practical concern is that only a subset of loci
likely contributes meaningfully to any given phenotype. To avoid
assuming prior knowledge of these causal loci, we do not preselect
features. Instead, we mitigate linkage-driven noise by collapsing
highly correlated (>94%) SNPs and analyzing a reduced set of loci.

There are numerous interesting potential extensions and fu-
ture research directions using attention-based models. These in-
clude exploring alternative architectures for how genetic and
environmental tokens interact and the use of nonlinear multi-
layer perceptron (MLP) layers and skip connections. In addition,
it will be interesting to apply attention-based architectures to ex-
perimental datasets with more demographic structure and gen-
omic diversity. In the yeast QTL dataset analyzed here, all
100,000 individuals are from a single cross between a lab and vine-
yard yeast strain. This limits both the complexity of the genomic
backgrounds and the number and frequency distribution of al-
leles across loci. We expect attention-based models to perform
even better on these richer and more complex datasets. A natural
next step is to apply an attention-based framework to genetically
diverse, structured cohorts with population stratification, hetero-
geneous allele-frequency spectra, long-range linkage disequilib-
rium, and rare variants.

Attention-based architectures also open the possibility of dir-
ectly learning the genomic representations and demographic
structure of populations from data at the same time as one learns
the G-P map. One potential method for doing this is to randomly
mask loci during training, analogous to certain large language
models such as BERT (bidirectional encoder representations
from transformers) (41). Such a procedure would force the
attention-architecture to learn correlations between loci present
in the training data set without the need for extensive
preprocessing.

More generally, our work suggests that as the amount of se-
quence data increases, it should be possible to use more expres-
sive statistical models to learn G-P maps. This opens up the
exciting possibility that we may be able to harness advances in
ML to learn subtle epistatic and gene-environment interactions
directly from data. These techniques should also allow us to bet-
ter understand how environments shape and modulate G-P maps.

Materials and methods

The SI Appendix provides detailed procedures and numerical pa-
rameters used to generate synthetic datasets, implement the
attention-based models, and perform transfer learning. Here, we
give an overview of our methods. We implemented single-
environment and multienvironment attention-based neural ar-
chitectures in PyTorch with three stacked attention layers fol-
lowed by a linear regression head for phenotype prediction of
growth rate. Genotypes for ~100,000 haploid Saccharomyces cerevi-
sige segregants from a BY x RM cross were determined once per
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individual, and relative growth rates were measured for each seg-
regant across 18 laboratory environments as described in Ref. (10).
To mitigate linkage, we collapsed correlated SNPs and analyzed a
set of 1,164 quasi-independent loci with a correlation coefficient
magnitude <0.94. Models were trained on 85% of individuals,
with a 15% validation split within the training data, and evaluated
on a 15% held out test set. Optimization used mean squared error
loss and the Adam optimizer, and predictive accuracy is reported
as out of sample R?. For simulations, we preserved the real geno-
type structure and generated phenotypes with a tunable mixture
of additive terms and fourth-order epistasis, while adding
Gaussian noise to emulate measurement variability. Embedding
dimensions were selected by validation, with d equal to 12 for ex-
perimental data and d equal to 30 for synthetic data.
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