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Predicting how residue variations affect protein stability is crucial for rational protein design and for
assessing the impact of disease-relatedmutations. Recent advances in protein languagemodels have
revolutionized computational protein analysis, enabling more accurate predictions of mutational
effects. However, balancing predictive accuracy with the fundamental laws of thermodynamics
remains a challenge for sequence-based models. Here we show JanusDDG, a physics-informed
neural network that leverages embeddings from protein language models and a bidirectional cross-
attention transformer architecture to predict stability changes for both single and multiple residue
mutations. By adopting a physics-informed paradigm, the model is explicitly constrained to satisfy
fundamental thermodynamic principles, such as antisymmetry and transitivity, while maintaining high
predictive performance. Instead of conventional self-attention, JanusDDG employs a cross-
interleaved attention mechanism that computes the relationship between wild-type and mutant
embeddings to capture mutation-induced perturbations while preserving essential contextual
information. Our results demonstrate that JanusDDG achieves state-of-the-art performance in
predicting stability changes from sequence alone, matching or exceeding the accuracy of structure-
based methods for both single and multiple mutations.

Protein stability is a fundamental property that characterizes the
structure, function, and overall behavior of a protein in biological
systems. One of the most widely used metrics to evaluate protein
stability is the change in Gibbs free energy (ΔΔG), which quantifies the
difference in stability between a wild-type protein and its mutant
counterpart. ΔΔG is calculated by comparing the free energy of folding
for both proteins, providing information on whether a mutation sta-
bilizes or destabilizes the structure.

In this study, we adopt the convention that a positive ΔΔG value
indicates a stabilizing mutation (that is, the mutant form is more
thermodynamically favorable than the wild type)1. In contrast, a
negative ΔΔG suggests that the mutation is destabilizing, making the
protein more prone to unfolding or degradation. Consequently, the
ΔΔG between a wild-type (w) protein and a mutant (m) of the same
protein is defined as:

ΔΔG ¼ ΔGw � ΔGm; ð1Þ

where ΔGw and ΔGm are given by:

ΔGw ¼ G f
w � Gu

w; ΔGm ¼ G f
m � G u

m: ð2Þ

Here, Gu represents the Gibbs free energy of the unfolded state, while Gf

corresponds to that of the folded state.
Analysis of protein stability is useful for assessing the impact of

genetic mutations on disorders caused by protein misfolding2,3, to guide
drug discovery and development of small molecules that compensate for
destabilizing mutations or exploit structural weaknesses in pathogenic
proteins4, and to design more stable or functional proteins for industrial
and medical applications5,6.

In recent years, several studies have focused on the prediction of
ΔΔG, based on energy-based force fields7–9, machine and deep learning
models10–20, and recently on protein language models21–23. These methods
belong to two main categories: sequence-based models and structure-
based models. Although sequence-based models are more convenient to
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use, since they only need the amino acid sequence of the protein and its
mutations, structure-based models, which require the spatial structure of
the protein, usually show better performance than sequence-based
models24–27. The lack of experimental information on protein structure
has led to the development of tools such as AlphaFold28, RoseTTaFold29

and OpenFold30, which can produce high-quality protein structures but
at the expense of high computational costs. So far, most of the devel-
oped systems are limited to the prediction of stability changes in single or
double mutations31,32, and only a few models are capable of predicting
mutations involving more than two amino acids7,23,33,34.

In this work, we introduce JanusDDG, a deep learning approach that
takes advantage of a protein language model35 to extract informative
representations from the sequences of wild-type and mutated proteins. By
relying solely on sequence information, JanusDDG avoids the need for
structural input while still capturing the rich contextual and evolutionary
signals encoded in the languagemodel embeddings. JanusDDG is explicitly
designed to be consistent with the physics of protein stability. Through the
use of tailored physics-informed loss functions and architectural con-
straints, it enforces fundamental thermodynamic principles such as anti-
symmetry (the prediction sign changes when the mutation is reversed) and

transitivity (mutational effects remain consistent across intermediate
states). These constraints ensure that the model’s predictions are not only
accurate, but also physically grounded.

Results
JanusDDG is a sequence-based predictor designed to estimate ΔΔG values
for both single and double mutations. It builds on the ESM2 language
model35 to extract informative embeddings from protein sequences, which
are then processed by a deep neural architecture that incorporates attention
mechanisms and is guided by fundamental physical principles.

At the core of the model is a bidirectional cross-attention mechanism
that integrates both the difference between wild-type and mutant embed-
dings and the broader context of the wild-type sequence itself (Fig. 1a). This
design enables JanusDDG to operate on full-length protein sequences and
generalize across single and combinatorial mutations.

This architecture can be interpreted in line with contrastive learning
principles: the model learns to emphasize discriminative features by
contrasting the representation of the mutant-wild-type pair (which
encodes structural and functional deviations) with the baseline repre-
sentation of the wild type. In this sense, the ΔΔG prediction task benefits

Fig. 1 | JanusDDG Overview. a JanusDDG Backbone. The model takes as input
wild-type and mutant-type amino acid sequences without requiring the structural
information, and provides a prediction of ΔΔG by leveraging the power of bidir-
ectional cross-attention. This backbone model enables the prediction of stability
changes resulting from single and multiple mutations. b Antisymmetry. To make
the model antisymmetric by design, JanusDDG backbone is applied twice with
inverted inputs. The resulting predictions are subtracted from each other and then

divided by two. c Transitivity. To enhance the transitivity of the model, fine-tuning
is applied based on the thermodynamic property that links the Gibbs free energy
changes (ΔΔG) among three mutations as indicated by the red arrows (A, U, B).
Black arrows, as above, indicate JanusDDG processing. The loss function is for-
mulated such that the model learns the following relation:
ΔΔG(A, B) = ΔΔG*(A, B) ≡ ΔΔG(A, U) + ΔΔG(U, B).
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from a contrastive signal, as the model is effectively trained to highlight
relevant differences while suppressing non-informative similarities
between the two protein states36.

To ensure thermodynamic consistency, JanusDDG is constructed to
satisfy key physical properties of the Gibbs free energy landscape. Anti-
symmetry is enforced directly through the model architecture, while tran-
sitivity is promoted via a dedicated fine-tuning procedure (Fig. 1b, c).

The model is trained on the S2450 dataset introduced in Savojardo, C.
et al.23, which shares less than 25% sequence identity with the evaluation
datasets (S669, S461, S96, and PTmul-NR), ensuring a robust assessment of
generalization performance (see the Datasets subsection in the Methods
section for details).

State-function properties of Gibbs free energy
A reliable ΔΔG predictor must reflect the fundamental nature of Gibbs free
energy, which is a thermodynamic state function. As such, it must satisfy
two key mathematical properties: (i) Antisymmetry

ΔΔGðA;BÞ ¼ �ΔΔGðB;AÞ; ð3Þ

and (ii) Transitivity

ΔΔGðA;CÞ ¼ ΔΔGðA;BÞ þ ΔΔGðB;CÞ: ð4Þ

To embed these thermodynamic constraints into the model, JanusDDG
employs two specifically designed strategies that integrate physics informed
reasoning into the training procedure, effectivelymaking it a form of PINN,
as outlined in the following sections37.

Antisymmetry. The antisymmetry property of ΔΔG implies that, if a
mutation from amino acid A to amino acid B yields a stability change of
ΔΔG(A, B), the reverse mutation (B → A) should result in the opposite
change, such that ΔΔG(B, A) = − ΔΔG(A, B). Failures in satisfying this
property would imply an inconsistency in the underlying free energy
landscape, violating thermodynamic constraints and potentially leading
to unrealistic predictions. Thus, enforcing antisymmetry in ΔΔG esti-
mates is fundamental to preserve the physical validity of the model.

Antisymmetry has already been used in the development of stability
prediction, either inweak forms, by using training sets augmentedbymeans
of naive antisymmetry38 or by thermodynamic permutation39, or in strong
forms by designing the model to be an odd function40. Here, we adopt a
siamese neural network architecture, as illustrated in Fig. 1b. Starting from
the trained model, which outputs a directional prediction ΔΔGDIR, we
construct a mirrored input by swapping the wild-type and mutant
sequences toproduce a secondprediction,ΔΔGINV.Thefinal antisymmetric
prediction is then obtained by averaging the two in opposite directions:

ΔΔG ¼ ðΔΔGDIR � ΔΔGINV Þ=2: ð5Þ

To evaluate the impact of enforcing antisymmetry, we assessed
JanusDDG on the S669 test dataset (see Supplementary Note 1 for
details). Even without applying the antisymmetry constraint, the model
already exhibited a strong inverse correlation between direct and reverse
predictions, with a Pearson correlation coefficient PCCd-r = − 0.95, and
mean absolute deviation from perfect antisymmetry 〈δ〉 = 0.02. However,
after introducing the antisymmetry-enforcing modification, the model
achieved perfect antisymmetric behavior, i.e. PCCd-r =− 1.00, 〈δ〉 = 0.00.
When evaluated on the hard Ssym benchmark24, JanusDDG maintained
its antisymmetric performance, while most of the state-of-the-art
methods failed to meet this criterion, as shown in Supplementary Table 4.

In addition to enhancing the antisymmetry of the model, this proce-
dure also improves its overall performance, as shown in Supplementary
Tables 1, 2 and 3.

Transitivity. Transitivity implies that, if we know ΔΔG(A, B) and
ΔΔG(B, C), we can find ΔΔG(A, C) by summing these two quantities:

ΔΔGðA;CÞ ¼ΔGðAÞ � ΔGðCÞ
¼ΔGðAÞ � ΔGðBÞ þ ΔGðBÞ � ΔGðCÞ
¼ΔΔGðA; BÞ þ ΔΔGðB;CÞ:

ð6Þ

Thus, a fine-tuning procedure was applied to encourage the model to
comply with this property (Fig. 1c). Specifically, JanusDDG was further
trained on additional epochs with the introduction of an extra loss function,
designed to train the prediction ofΔΔG(A,B) between thewild-type protein
and the mutant, transitioning through an additional protein state. The
predicted value should match the true ΔΔG(A, B)TRUE:

LTOT ¼ L½ΔΔGðA; BÞ � ΔΔGðA;BÞTRUE�
þ L ΔΔGðA;BÞ��
ΔΔGðA;XÞ þ ΔΔGðX;BÞ½ ��: ð7Þ

Further technical details are provided in the Methods section.
To assess the extent to which JanusDDG satisfies the transitivity

property, we evaluated the model on both the S669 dataset by introducing
random intermediate residues, and the Stransitive dataset, which was specifi-
cally developed to evaluate transitivity in ΔΔG predictions41. Transitivity
was quantified by computing the Pearson correlation between the direct
predictionΔΔG(A, B) and the corresponding transitive prediction obtained
by transitioning through a variable number of random amino acids (1, 3, 5,
7, or 9) between the residues A and B. The results of this evaluation are
reported in Fig. 2 (molecular graphics were generated using PyMOL42).
Interestingly, the explicit incorporation of antisymmetry into the base
model already improves transitivity, suggesting a synergistic relationship
between these two fundamental thermodynamic constraints. The sub-
sequent fine-tuning with the transitivity loss further amplifies this effect,
bringing the model’s behavior into even closer alignment with the expected
transitive properties.

JanusDDG’s performance in protein stability prediction
To evaluate themodel performance on both single andmultiple mutations,
we used different benchmark datasets. It is well established that including
proteins in the test set that are highly similar to those in the training set can
lead to inflated performance estimates10,25. Despite this, many studies con-
tinue to report resultswithout properly controlling for sequence identity. To
avoid this issue and ensure a fair evaluation, we assessed JanusDDG on test
datasets in which no proteins share more than 25% sequence identity with
those in the training set. This strict filtering allows for an unbiased estimate
of the model’s generalization capability. Results on additional datasets with
more relaxed similarity criteria are provided in the Supplementary Note 2
for completeness. The importance of removing sequence similarity is fur-
ther demonstrated in Supplementary Note 3, where performance appears
inflated, with a Pearson correlation of 0.87 and a Top-3 Mean Sequence
Identity of 41%, compared with a Pearson correlation of 0.71 and a Top-3
Mean Sequence Identity of 11% under our strict procedure. Although this
value is high, it is entirely attributable to sequence identity leakage.
Unfortunately, many methods still do not check for this issue when
reporting their results.

Performance on single andmultiplemutations. For an evaluation that
attempts to remove sequence identity, we selected three datasets sharing
less than 25% sequence similarity with the JanusDDG training set: S66925,
S4619, and S96. Thefirst two are among themostwidely used benchmarks
for this task, while the third is a manually curated dataset composed of
proteins distinct from the other two. As such, it provides an additional
independent benchmark for assessing the model’s generalization,
introduced by Montanucci, L. et al.33.
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We then compared the performance of JanusDDG using the scores
reported for the same datasets in other recent studies23,33. The results are
displayed in Fig. 3 for S669, S461, and S96. Across all three datasets,
JanusDDG achieved performance comparable to or exceeding that from
existing sequence-based models and structure-informed predictors, despite
relying solely on sequence information.More detailed results are reported in
Supplementary Tables 5, 6 and 7. It is worth noting that in Fig. 3 several
zero-shot methods yield predictions that correlate significantly with ΔΔG
values, despite not being trained for this specific task. Nevertheless, their
performance is generally lower than that of methods specifically trained for
the task at hand. For completeness, Supplementary Tables 8 and 9 pre-
sent the model’s performance on additional datasets. However, these
datasets do not meet the stringent similarity criteria required to infer
generalizability.

Predicting the stability effects of multiple simultaneous muta-
tions is notably more challenging than single-point mutations, due to
potential epistatic interactions. To evaluate JanusDDG in this setting,
we used the PTmul-NR dataset23, which contains proteins with a
varying number of mutations and no close homologs in the training
set. Obtained results are shown in Fig. 4 and Supplementary
Table 10. Although PTmul-D does not meet the required sequence
similarity criteria, the results obtained on this dataset are reported in
Supplementary Table 11.

In addition, Supplementary Note 1 presents a performance compar-
ison on the S669, S461, and PTmul-NR datasets between JanusDDG, its
baseline version (non-antisymmetric and without fine-tuning), and the
antisymmetric-only variant (withoutfine-tuning).Aswith singlemutations,
JanusDDG achieves state-of-the-art performance, matching the best-

performing methods and demonstrating its ability to generalize to the
more complex task of multiple-mutation stability prediction, while con-
sistently preserving physics-informed thermodynamic properties.

Distance analysis for doublemutations. It has been observed that deep
learning models tend to perform better when the distance between
mutated residues is large, as the resulting ΔΔG values exhibit greater
additivity32.

In Fig. 5, we analyzed the performance of JanusDDG as a function of
the Euclidean 3D distance between mutated residues and their sequence
separation, respectively. The absolute error between the predicted and
experimental ΔΔG values, measured on the PTmul-D dataset, was used as
an evaluation metric. Interestingly, no significant differences in perfor-
mance were observedwhen JanusDDGwas evaluated on double mutations
in terms of both spatial proximity and sequence separation, while tests on
previous different models32 reported otherwise.

Performance evaluation for stability classification. The ability to
identify stabilizing mutations is relevant in protein engineering appli-
cations. However, many computational models struggle with this task:
recent studies report that current sequence-based predictors correctly
identify only about 20% of stabilizing mutations, with a high rate of false
positives12. More accurate approaches, such as free energy perturbation
based on molecular dynamics, achieve better classification performance
(around 50% success) but are computationally expensive and not scalable
for tasks like deep mutational scanning43.

In order to evaluate the performance of JanusDDG concerning this
specific capability, we considered the S461 dataset. Given that the average

Fig. 2 | Results of the transitivity evaluation of JanusDDG. a Illustration of the
transitivity property: Since ΔΔG depends only on the initial and final states,
ΔΔG(A, B) should be equal to ΔΔG*(A, B), where the latter is computed by summing
the ΔΔG values of multiple intermediate mutations from step 1 to N. The protein
figures have been created using PyMOL42. b Pearson correlation results between
ΔΔG and ΔΔG*, calculated on S669 (n = 669 independent mutations) for different
intermediate steps (1, 3, 5, 7, and 9). For each step, the Pearson correlation was
computed 10 times for three different models: JanusDDG Base (the model without
antisymmetry and fine-tuning), JanusDDG only Antisym. (the model with

antisymmetry but without fine-tuning), and JanusDDG (the final model, incor-
porating both antisymmetry and fine-tuning). The boxes represent the interquartile
ranges (IQR) of the Pearson correlation distributions for each step and model var-
iant. The horizontal lines within the boxes indicate the medians. The whiskers
extend to the most extreme data points within 1.5 times the IQR, showing the
variability of the predictions. c Transitivity performance, evaluated on the external
dataset Stransitive41 (n = 1603 independentmutations), for all three models. It should be
noted that the protein figures are illustrative only and are not restricted to a single
mutation position.
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experimental error ofΔΔG is usually assumed to be around 0.5 kcal/mol, we
defined stabilizing mutations as those with ΔΔG > 0.5 kcal/mol, neutral
mutations as those with − 0.5 kcal/mol < ΔΔG < 0.5 kcal/mol, and desta-
bilizingmutations as those withΔΔG <− 0.5 kcal/mol38,39. As a preliminary
step, we excluded neutral mutations. We then selected the top five models
with the highest Pearson correlation on S461, and then evaluated their
performance for stability classification (Fig. 6). JanusDDG and DDGemb

perform well across all metrics on this dataset and tend to outperform the
other models, although the precision score indicates that predicting stabi-
lizing variants remains challenging.

The comparison between ΔΔG regression and classification high-
lights fundamental challenges in protein stability prediction. On the S461
dataset, JanusDDG reaches a Pearson correlation of 0.69 in regression but
only a balanced accuracy of 0.75 in binary classification. This reflects the

Fig. 3 | Pearson Correlation and Mean Absolute
Error on Single-Point Mutation Benchmarks.
Panels show the Pearson correlation coefficient (a, c,
e) and Mean Absolute Error (MAE) (b, d, f). a,
b Results on the S669 test set (n = 669 independent
mutations); comparative model data (excluding
JanusDDG) were taken from Savojardo, C. et al.23.
c, dResults on the S461 test set (n= 461 independent
mutations); comparative data taken from Reeves, S.
& Kalyaanamoorthy, S.26. e, f Results on the S96 test
set (n = 96 independent mutations); comparative
data taken from Montanucci, L. et al.33. For all
panels, JanusDDG error bars represent the standard
error, estimated as described in Supplemen-
tary Note 6.
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intrinsic difficulty of classification rather than superior regression
performance.

The classification task faces several inherent challenges. Sharp decision
boundaries amplify the impact of small prediction errors, particularly near
thresholds where biological ambiguity is highest. Additionally, the natural
prevalence of destabilizing mutations creates a strong class imbalance that
reduces discriminative performance, as the feature space cannot clearly
separate positive and negative classes even after filtering.

The regression approach benefits from physics-informed constraints
that enforce thermodynamic consistency, including antisymmetry and
transitivity across continuous ΔΔG predictions. These constraints help the
model learn smooth, physically coherent energy landscapes. In contrast,
classification only applies these constraints indirectly, and binarization
during thresholding leads to information loss that undermines thermo-
dynamic consistency.

Discussion
In this work, we introduced JanusDDG, a sequence-based deep learning
model for predicting protein stability changes upon mutation. JanusDDG
effectively captures both contextual and differential information between
wild-type and mutant sequences by integrating protein language model
embeddings with a bidirectional cross-attention architecture. The model is
also thermodynamically compliant by design, enforcing antisymmetry and
promoting transitivity through targeted fine-tuning.

Our benchmarking on datasets with low sequence identity to the
training set demonstrates that JanusDDG consistently matches or outper-
forms existing sequence-based predictors, as well as several structure-
informed models. Since JanusDDG operates exclusively on sequence data,
these results highlight its broad applicability to proteins lacking reliable
structural information. Furthermore, JanusDDG generalizes effectively to
the more challenging task of predicting the effects of multiple mutations,
which is an area where many current models still exhibit limited
performance.

Our model consistently shows strong performance on established test
datasets. However, the scarcity and noisiness of publicly available data-
sets make it difficult to draw statistically robust conclusions about the
absolute superiority of one model over another. Consequently, most com-
parative studies refrain from reporting error bars to avoid overstating
uncertainty, suggesting that current methods perform similarly on average.

A key enabler of JanusDDG performance is the use of embeddings
from the ESM-235 language model, which provide rich contextual infor-
mation derived from large-scale evolutionary data. However, this also
represents a critical dependency: the quality and resolution of JanusDDG
predictions are inherently linked to the expressive power of the underlying
ESM-2 embeddings. As such, improvements in protein language models
could directly enhance the predictive capabilities of JanusDDG, while any

biases or limitations in the embeddings may propagate through the sys-
tem and affect downstream predictions.

An important final consideration in benchmarking protein stability
predictors is the degree of sequence similarity between training and test sets.
High sequence identity can lead to inflated performance estimates driven by
memorization rather than true generalization. In this study, JanusDDG was
rigorously evaluated on benchmarks filtered to exclude sequences sharing
more than 25% identity with the training data. In contrast, many existing
methods, including some recent ones, do not explicitly control for this bias. As
a result, their reported performance may not accurately reflect real-world
applicability, particularly when predicting stability effects for novel or evolu-
tionarilydistantproteins.Addressing this issue is critical fordevelopingmodels
that are both robust and broadly generalizable across diverse protein families.

Methods
Datasets
In this subsection, we report the datasets used for training, validation, and
testing our model for both single and multiple mutations.

Training and validation datasets. The datasets underpinning the
training and validation of JanusDDG are detailed below. The S245023

dataset served as the foundational resource for training JanusDDG, being
used both during the initial training phase and the subsequent fine-
tuning phase to enhance its predictive performance. In contrast, the
M2833 dataset was used exclusively as an independent validation set
during fine-tuning. Specifically, it was employed tomonitor performance
across epochs and select the optimal number of fine-tuning epochs based
on validation correlation, thereby serving as the stopping criterion.

S2450. The S2450 dataset, introduced by Savojardo, C.23, is a refined
version of the established S2648 dataset8 and originates from a collection
of 2648 single amino acid substitutions across 131 distinct proteins.
These mutations have experimentally determined ΔΔG values obtained
from the ProTherm database44. While S2648 was created to have low
similarity with S669 using sequences from the PDB25, the sequence
identity of S2450 was re-evaluated using full-length UniProt sequences.
Any protein in S2648 exhibiting more than 25% sequence identity with a
protein in S669 was excluded. This rigorous filtering process resulted in
the removal of 18 proteins, encompassing 198 individual mutations,
ultimately yielding the S2450 dataset utilized as training set. To balance
this dataset between stabilizing and destabilizing mutations, we used the
antisymmetry property: ΔΔG(B, A) =− ΔΔG(A, B) to double the dataset
and make it less imbalanced in terms of mutation stability.

M28. The M28 dataset, a collection of multiple-site variants, was con-
structed using the 2021 version of ProTherm45. Its selection criteria

Fig. 4 | Pearson Correlation and MAE on Multi-
Point Mutation Benchmark. Pearson correlation
andMAEonPTmul-NR test set (n=82 independent
mutations). The models' performance data, exclud-
ing JanusDDG, were taken from Savojardo, C. et
al.23. JanusDDG error bars represent the standard
error, estimated as described in Supplemen-
tary Note 6.
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specifically targeted variants with experimental ΔΔG or ΔΔGH2O
values

reported after 2013. In this dataset, when multiple experimental ΔΔG
values were reported for the same variant, the average was considered.

Test datasets. The following details the blind datasets employed to
evaluate JanusDDG and to provide a comparative analysis of its per-
formance against othermodels. These datasets are specifically composed
of proteins exhibiting low sequence similarity (less than 25%) with the
training set, since, as shown in Supplementary Table 12, high sequence
similarity would bias the results regarding model generalization.

S669. The S669 dataset25 is widely recognized as a benchmark for scoring
protein stability predictors. The strength of this dataset lies in its con-
struction: it exhibits low sequence redundancy (below 25% identity)
compared to common training datasets like S26488 andVariBench46, thus
facilitating unbiased comparisons. Including 1338 single-site mutations,
both direct and reverse, across 95 protein chains, S669 provides

experimentally determined ΔΔG values, which were retrieved from
ThermoMutDB47 and manually verified.

S461. The S461 dataset9 is another widely used dataset to measure the
performance on protein stability by predictors. This curated dataset
addressed some inaccuracies present in the original S669 and excluded
mutations potentially involved in natural protein function, such as those
at oligomer interfaces. The S461 dataset encompasses experimental
structures for 48 wild-type proteins, with a range of 1 to 68mutations per
protein, for a total of 461mutations, eachwith a single experimentalΔΔG
measurement.

S96. Comprising 96 single-site variants across 14 distinct proteins, the
S96 dataset33 was assembled using the 2021 version of ProTherm45 as its
source. Each variant within this dataset was subjected to a rigorous
manual checking and correction process, informed by the experimental
data presented in the corresponding research articles. Furthermore, to

Fig. 5 | Distance Analysis for Double Mutations. The analysis considers the dis-
tance betweenmutated residues defined as (a) 3D spatial Euclidean distance and (b)
sequence separation. In both sub-figures, the scatter plot of the predictions shows the
correlation between predicted and observed ΔΔG values, colored by the respective
distancemetric. TheAbsolute Error panel displays the absolute error for each double
mutation (red dots) alongwith a LOWESS-smoothed fitted curve (blue line). Shaded

regions represent 95% confidence intervals computed using a local statistical
approach based on Student’s t-distribution (tα=2;n�1 × σ local=

ffiffiffi
n

p
). Bands are nar-

rower in dense regions (low uncertainty) and wider in sparse regions; for windows
with fewer than 3 points, a conservative error of 2 × σglobal was applied. The dataset
used for this analysis is PTmul-D (n = 583 independent mutations).
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ensure independence from commonly used training data,
only those variants whose parent proteins showed less than 25%
sequence identity to any protein in the S2648 and VariBench
datasets were included in S96. In this dataset, when multiple experi-
mental ΔΔG values were reported for the same variant, the average was
considered.

PTmul-NR. The PTmul-NR23 dataset is a carefully curated subset
derived from the original PTmul48, specifically designed to assess model
performance in predicting ΔΔG for multipoint mutations, particularly
under conditions of low sequence similarity with the S2450 dataset. The
original PTmul dataset, which includes 914 multipoint variations across
91 proteins, exhibited substantial sequence overlap with our S2450
training data. As a result of a rigorous removal procedure, the PTmul-
NR dataset was created, consisting of 82 multipoint variants across 14
proteins. While this reduction significantly decreased the number of
variants, it was crucial to ensure a robust comparison across different
methods.

Other datasets. We evaluated JanusDDG on additional datasets to
facilitate a comparative analysis of its performance against othermethods
documented in the literature. Unlike the strictly blind test sets previously
discussed, these datasets may include proteins with sequence similarity
exceeding 25% to our training data. This potential overlap could influ-
ence the observed performance, possibly leading to an overestimation of
the model’s true capability on unseen data. Consequently, the results
obtained from these datasets, reported in Supplementary Note 2, have to
be interpretedwith respect to the findings observed from the previous test
sets. For details on these datasets, please refer to the cited papers. The
datasets are as follows: (i) PTmul-D, a dataset derived from PTmul,
filtered to include only doublemutations; (ii) K2369, a dataset containing
high sequence identity with S2450, as defined in Reeves, S. & Kalyaana-
moorthy, S.26; (iii) Q3421, another dataset with high sequence identity to
S2450, as defined in Reeves, S. & Kalyaanamoorthy, S.26; (iv) Ssym, a
dataset generated to test antisymmetry based on protein structure24; (v)
Stransitive, a dataset designed to evaluate transitivity of the prediction
methods41.

Fig. 6 | Performance Evaluation for Stability Classification. Performance of the
top 4 models—based on Pearson correlation on the S461 dataset (n = 461 inde-
pendent mutations)—in predicting the stability of mutated proteins, with the
addition of DDGemb and JanusDDG. JanusDDG error bars represent the standard
error, estimated as described in Supplementary Note 6. The evaluation includes

recall, precision, balanced accuracy, and AUC, as illustrated by the ROC curves.
Performance data for the models, excluding JanusDDG and DDGemb, were taken
from Reeves, S. & Kalyaanamoorthy26. The DDGemb predictions were obtained
from its official website: https://ddgemb.biocomp.unibo.it.
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For further information about the datasets, please refer to Supple-
mentary Table 15.

Performance metrics
To assess the model’s regression performance, we used the following
metrics, which are among the most commonly used for this purpose.

Pearson correlation coefficient. It measures the linear relationship
between two variables X and Y and is defined as:

rp ¼
Pn

i¼1ðXi � �XÞðYi � �YÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðXi � �XÞ2Pn

i¼1ðYi � �YÞ2
q ;

where �X and �Y are the means of X and Y, respectively.

Spearman correlation coefficient. It evaluates the monotonic rela-
tionship between two variables X and Y using ranked values. The
Spearman rank correlation coefficient rs is defined as the Pearson cor-
relation coefficient between the ranked variables:

rs ¼
Pn

i¼1ðRXi
� �RXÞðRYi

� �RY ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðRXi

� �RXÞ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1ðRYi
� �RY Þ2

q ;

where RXi
and RYi

are the ranks of the values Xi and Yi, and �RX , �RY are the
mean ranks.

Root mean square error (RMSE). It quantifies the average squared
difference between predicted values byi and observed values yi as:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1
ðbyi � yiÞ2

r
:

Mean absolute error (MAE). It measures the average of absolute dif-
ferences between predictions and observations:

MAE ¼ 1
n

Xn
i¼1

jbyi � yij:

Furthermore, we adopted two additional metrics to assess anti-symmetry
properties24.

Pearson correlation coefficient between direct and reverse pre-
dictions. It measures the Pearson correlation coefficient between pdir and
prev, referred to as PCCd−r, and is defined as:

PCCd�r ¼ PCCðpdir; prevÞ;

where pdir and prev are the predicted values in the direct and reverse direc-
tions, respectively.

Anti-symmetry bias. The bias (〈δ〉), which quantifies the average
deviation from perfect antisymmetry between pdir and prev, is computed
as:

hδi ¼
PN

i¼1ðpi;dir þ pi;revÞ
N

;

where N is the total number of observations.
Lastly, to evaluate classification performance in identifying stabilizing

mutations, we used the following metrics.

Recall (or Sensitivity). Itmeasures the proportion of actual positive cases
that are correctly identified by the model. It is defined as:

Recall ¼ TP
TPþ FN

;

where TP represents true positives and FN false negatives.

Precision. It quantifies the proportion of positive predictions that are
actually correct. It is calculated as:

Precision ¼ TP
TPþ FP

;

where FP denotes false positives.

Balanced accuracy. It accounts for class imbalance by averaging the
recall of each class:

BalancedAccuracy ¼ Sensitivity þ Specificity
2

;

where specificity is given by:

Specificity ¼ TN
TNþ FP

:

ROC curve and AUC. The Receiver Operating Characteristic (ROC)
curve plots the true positive rate (sensitivity) against the false positive rate
at various threshold settings. The Area Under the Curve (AUC) quan-
tifies the overall performance, with a value of 1 indicating a perfect
classifier and 0.5 representing a random model.

Protein embedding
In this subsection, we show some characteristics of the protein embedding
that we used as model input.

Fig. 7 | Relationship between perplexity values and protein stability. Scatter plot
illustrating the relationship between perplexity values and protein stability. The
x-axis represents the perplexity score derived from the language model, while the
y-axis displays the experimentally measured ΔΔG (kcal/mol). The regression line
highlights the correlation between the model’s prediction uncertainty and the
thermodynamic stability of the mutations. The dataset used for this analysis is S461
(n = 461 independent mutations).
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The embedding used to describe the proteins was obtained from ESM2
with 650M parameters35. Beyond their representational capabilities, large
languagemodels offer additionalmetrics that can inform stability prediction.
Perplexity, which quantifies amodel’s uncertainty over sequence predictions,
emerges as a particularly relevant measure for protein stability assessment.
This metric reflects themodel’s confidence in predicting the next amino acid
given thepreceding context,withhighperplexity values potentially indicating
structurally atypical or unstable regions, while low perplexity corresponds to
evolutionarily conserved, stable motifs. The connection between perplexity
and structural stability provides a principled framework for model selection
in protein analysis tasks. Accordingly, we employed ESM2-650M, as it has
been shown to be among the top-performing sequence-based PLMs forΔΔG
prediction in multiple studies, yielding competitive zero-shot performance
across several benchmark datasets26. To illustrate the relationship between

perplexity and protein stability, Fig. 7 presents a scatter plot correlating the
perplexity values with the experimental ΔΔGmeasurements. This approach
establishes perplexity as a complementary feature that enhances the inter-
pretability of LLM-derived embeddings and strengthens their application to
stability estimation problems.

We analyzed these representations to better understand the differences
between the embeddings of the wild-type and mutated proteins. The Fig. 8
presents graphs comparing the element-wise absolute difference between
thewild-type andmutated protein embeddingswith the absolute sumof the
elements in the wild-type embedding. The difference between the
mutated and wild-type protein is almost entirely localized around the
mutation site.

To test whether the embedding used is suitable for the prediction task,
we tried using the difference between the two embeddings (this time not in

Fig. 8 | Analysis of embedding perturbations induced by mutations. The graphs
illustrate nine examples (from the S2450 dataset) of the element-wise absolute dif-
ference between the wild-type and mutated protein embeddings, compared against
the absolute sum of the wild-type embedding elements. As observed, the deviation

between the mutated and wild-type representations is strictly localized around the
mutation site, indicating that the model captures the local effect of the variation
without altering the global context.
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absolute value) to predict the ΔΔG. This operation is quite naive; therefore,
we used only a window of size 20 around the mutation instead of the entire
sequence, as this window contains most of the information about the dif-
ference between the wild-type sequence and the mutated sequence. The
results are shown in Fig. 9. The Pearson correlation achieved on the training
and test sets is high, suggesting that ESM2canbe considered a validmodel to
extract the input to be processed by the network. Nonetheless, since our
model is capable of processing information in a much more complex way
than a simple mathematical operation, the difference between the embed-
dings across the entire sequence has been used in the final version of the
model in order to preserve information andmake it more generalizable to a
variable number of mutations.

Model architecture: JanusDDG
The architecture of our model, shown in Fig. 1a, is based on the integration
of protein language models with the cross-attention mechanism49. The
strength of this model is mainly due to two factors: it uniquely relies on the
protein sequence (allowing it to predict the stability of proteins whose
structure is unknown) and can be applied regardless of their number of
mutations. This section explains the various building blocks that con-
stitute it.

Input. As input to themodel, we used the embedding of the two sequences
(wild-type and mutated) obtained from ESM2 650M parameters. These
embeddings were also subtracted to derive a third embedding that
represents the difference between the two. The model takes as input both
the wild-type embedding and the difference embedding.

Conv1D. Once the input is fed into the model, two 1D convolutions
(one for each input) are applied to identify patterns within the
sequences while simultaneously reducing their dimensionality. The
default Torch parameters were used for the convolution, except for
the kernel size, which was set to 20 based on the embedding trend
shown in Fig. 8.

Bidirectional cross attention transformer. The core of the model is the
Bidirectional Cross-Attention Transformer49. The classic Transformer
block consists of the following components: a Multihead Self-Attention
block, residual connections, normalization layers and a position-wise
feed-forward network (FFN). Our proposed model retains all these
components except for the first one.

We substituted the standard Multihead Self-Attention block with two
Cross-Attention blocks, whose configuration is bidirectional: one block
utilizes the difference embedding as Queries (Q) and Values (V) while the
wild-type embedding serves as Keys (K); the second block operates in the
reverse direction, swapping these roles.

TheAttention layer is unable to capture the position of each element in
the sequence; therefore, a sinusoidal positional embedding is added to the
input before applying the BidirectionalMultiheadCross-Attention blocks50.
After applying the two Bidirectional Multihead Cross-Attention blocks,
each output is summed with the input of its respective block. Then, the two
outputs are concatenated along the feature dimension before being passed
into a position-wise FFN.

Bidirectional cross-attention. The standard self-attentionmechanism50

enables each element in a sequence to attend to all others within the same
sequence. In contrast, bidirectional cross-attention extends standard
cross-attention by enabling mutual information flow between two input
sequences, rather than a one-directional mapping. This mechanism
enhances the model’s ability to capture deep interdependencies between
two entities.

More specifically, cross-attention is a variant of the attention
mechanism where the queryQ comes from one sequence, while the key K
and value V come from another sequence. Given two input sequences
X 2 Rn× d and Y 2 Rm× d , their corresponding projections are:

QX ¼ XWQ; KY ¼ YWK ; VY ¼ YWV ; ð8Þ

whereWQ;WK ;WV 2 Rd × dk are learnable weight matrices.
The attention scores are computed using the scaled dot-product:

Attn ðQX ;KY ;VY Þ ¼ softmax
QXK

>
Yffiffiffiffiffi

dk
p !

VY : ð9Þ

This allows sequence X to attend to sequence Y. However, this for-
mulation is inherently asymmetric, meaning that sequence Y does not
simultaneously attend to X.

To capture mutual dependencies, we introduce bidirectional cross-
attention, where both sequences X and Y attend to each other. This is

Fig. 9 | Predictive Signal of Simple Embedding Differences. Pearson correlation
between the sum of the element-wise differences in ESM2 embeddings of the wild-
type and mutant proteins and the ΔΔG values. a Results calculated using the S2450

dataset (n = 2450 independent mutations). b Results calculated using the S669
dataset (n = 669 independent mutations).
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achieved by computing attention in both directions:

HX ¼ softmax
QXK

>
Yffiffiffiffiffi

dk
p !

VY ; ð10Þ

HY ¼ softmax
QYK

>
Xffiffiffiffiffi

dk
p !

VX ; ð11Þ

where: HX represents the updated representation of X attending to Y, and
HY represents the updated representation of Y attending to X.

The final representations are then combined through concatenation:

Z ¼ Cat ðHX ;HY Þ: ð12Þ
Pooling layers: GAP and GMP. The output from the previous layer is
processed using two different pooling operations: Global Average Pool-
ing and Global Max Pooling. Global Average Pooling computes the
average value of each feature map, reducing the spatial dimensions while
preserving the overall feature distribution. On the other hand, Global
Max Pooling selects the maximum value from each feature map, cap-
turing the most prominent activations. These two operations help to
refine the most relevant information before passing the representation to
the subsequent layers. The outputs of these two layers are concatenated
and then passed to the final layer.

Linear layer. To obtain the final ΔΔG value, a linear layer with a single
output neuron is applied.

Model capacity and regularization strategies
Acritical aspect of JanusDDGarchitecture is the balance betweenparameter
count and dataset size (N = 2450 × 2 = 4900). While the complete model
contains approximately 7million trainable parameters, a structural analysis
reveals that the effective capacity available for complex reasoning (and
potentially overfitting) is tightly constrained.

Dimensionality management. The vast majority of the parameter
count ( > 90%) is concentrated in the initial feature projection stage.
Specifically, processing the high-dimensional embeddings from ESM2
(d = 1280) requires two independent Conv1D layers (one for the wild-
type and one for the difference embedding). With a kernel size of 20
and a reduction to 128 channels, these projection layers alone account
for approximately 6.55 × 106 parameters (2 × 1280 × 128 × 20). This
computational cost is strictly necessary to project the rich semantic
space of the protein language model into a compact feature space
(d = 128) manageable by the attention mechanism.

Lightweight reasoning core. In contrast, the core reasoning module,
i.e. the Bidirectional Cross-Attention Transformer, is intentionally
parsimonious. By selecting a configuration with 8 heads, an input
dimension of 128, and a feed-forward network size of 512, the
transformer blocks comprise fewer than 0.5 × 106 parameters. This
design ensures that the non-linear logic of the model remains low-
capacity, significantly reducing the risk of memorizing the training
data noise.

Physics-informed regularization. To further mitigate overfitting,
JanusDDG employs structural regularization via Physics-Informed
Neural Network constraints. The Siamese architecture enforces exact
antisymmetry (ΔΔGdir = − ΔΔGinv), effectively halving the degrees of
freedom for the output function.Additionally, the transitivityfine-tuning
restricts the solution space to physically consistent energy landscapes.
These inductive biases act as powerful regularizers that are arguablymore
effective than standard weight penalties in small-data regimes.

Validation protocol. Finally, generalizability is enforced through a
strict training protocol. We employed a fold-specific early stopping
mechanism, monitored on validation sets with low sequence identity
( < 25%) relative to the training folds. This ensures that training is
halted at the point of maximum generalization rather than minimum
training error.

Training
JanusDDG was trained in two distinct phases: a main training phase fol-
lowed by a fine-tuning phase. Throughout both phases, the model para-
meters were optimized using theAdamoptimizerwithMean SquaredError
(MSE) serving as the loss function and a batch size of 6.

Main training phase. During the main training phase of JanusDDG,
the model was trained on the S2450 dataset augmented with its
inverses. The number of training epochs was set to 300, determined
via 5-fold cross-validation. In this procedure, we identified the
optimal epoch for each fold as the one yielding the maximum
Pearson correlation coefficient on the respective validation set. The
final count of 300 epochs represents the average of these optimal
epoch numbers across the five folds

E� ¼ 1
5

X5
i¼1

argmaxEPCCðEÞ:

An alternative approach would be to select the final epoch as

E� ¼ argmaxE
X5
i¼1

PCCðEÞ:

However, this strategy precludes the use of early stopping. By contrast, our
approach employs a fold-specific early stopping mechanism, ensuring that
each model is trained up to its point of maximum generalization. This
provides a more reliable and robust estimate of performance across the
entire dataset.

The model training was conducted on a single NVIDIAGeForce RTX
3090 graphics processing unit (GPU), equipped with 24 GB of dedicated
video memory. Leveraging the computational capabilities of this hardware,
the training process achieved an average execution time of approximately
2minutes per epoch. Switching theworkload toCPU-only processing (Intel
Core i9-12900F) led to a drastic increase in training time, reaching
approximately 25 minutes per epoch. This comparison demonstrates a
speedup factor of roughly 12.5x when utilizing the GPU compared to the
CPU baseline.

Fine-tuning procedure. After the main training phase, we performed a
fine-tuning procedure to maximize the performance of JanusDDG with
respect to the following two tasks: predicting multiple mutations and
compliance with the above-mentioned transitivity property. The tran-
sitivity property is one of the two fundamental properties ofΔΔG. It states
that:

ΔΔGðA; BÞ ¼ ΔΔGðA;CÞ þ ΔΔGðC;BÞ: ð13Þ

To enforce transitivity during fine-tuning, we introduce a dedicated two-
step loss function (see Fig. 1c) that incorporates a null intermediate state.
The second termof the loss,MSE(ΔΔG(A,B)− (ΔΔG(A,U)+ΔΔG(U,B))),
imposes thermodynamic transitivity by introducing a null intermediate
state U, represented by a zero vector (~0). While a zero vector does not
correspond to a physical protein sequence, it serves as the optimal dataset-
independent reference (the origin of theESM2 latent space).Unlikeusing an
average sequence embedding,whichwould inherently carry biases related to
the specific training distribution, the zero vector acts as a featureless pivot.
From an architectural perspective, calculating the transition A !~0 forces
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the network to process the embedding of A against a null difference,
effectively training the model to estimate the absolute stability potential of
stateA in isolation. Consequently, the transitivity constraint encourages the
model to decompose the relative ΔΔG(A, B) into consistent state functions
relative to this absolute origin, acting as a strict information bottleneck that
prevents the learning of spurious sequence correlations (see Supplementary
Note 4 for details).

As training dataset, we used S2450 and its inverse, as in the previous
training phase. To choose the number of epochs for fine-tuning, we tracked
thePearsoncorrelationon thevalidation set for each epochover a shortfine-
tuning period corresponding to 10%of themain training phase (30 epochs).
The fine-tuning step is intentionally limited to enforce transitivity while
preserving the model’s primary predictive capabilities. Based on this vali-
dation tracking, the final selected epoch was 28.

Hyperparameter selection
Given the long training time of the model and the large number of
hyperparameters to be tuned, we focused on selecting those related to the
transformer component. Specifically, we tested three different config-
urations with increasing complexity, and selected the one that, for com-
parable performance and error, required the fewest parameters: 8
transformer heads, a position-wise feed-forward network size of 512, and
an input dimension of 128. The results of the three configurations are
reported in Supplementary Table 13. Themean squared error was the loss
function with the standard Adam optimizer for the learning rate. To
determine the optimal number of training epochs, we performed a 5-fold
cross-validation on the training set. We adopted the five folds defined by
Savojardo, C.23, where MMSeqs251 was used to partition the training data
into five subsets, each consisting of proteins with similar sequences. This
procedure ensured that proteins sharingmore than 25% sequence identity
were grouped into the same subset. The final number of training epochs
was set to 300, corresponding to the average of the best-performing epoch
across the five folds.

Furthermore, in Supplementary Note 5 and in Supplementary
Table 14 the results of an ablation study relating to the final part of the
model are reported, which demonstrates the usefulness of concatenating
both poolings used.

Statistics and reproducibility
The model was trained and validated using the S2450 (n = 2450) and
M28 (n= 28) datasets, respectively, while blind testingwas performed on
independent benchmarks including S669 (n = 669), S461 (n = 461), S96
(n = 96), and PTmul-NR (n = 82). Sample sizes were determined based
on data availability in the literature rather than pre-determined statis-
tical power calculations. To ensure robust generalization and prevent
data leakage, proteins sharingmore than 25% sequence identity between
training and test sets were strictly excluded. Consequently, the training
data was partitioned into five independent folds using MMSeqs2 to
cluster homologous sequences, ensuring that no cluster spanned across
folds. We employed a 5-fold cross-validation protocol to optimize
hyperparameters and determine the final training duration of 300
epochs, calculated as the average optimal epoch across folds. Statistical
performance was evaluated using Pearson correlation, Root Mean
Squared Error, andMean Absolute Error. Unless otherwise stated, error
bars for regression metrics represent the 95% Confidence Interval esti-
mated via Fisher’s z-transformation. Conversely, uncertainty for clas-
sification metrics was estimated using a non-parametric bootstrap
procedure with 1000 resamples. Finally, to guarantee full reproduci-
bility, the source code, trained model weights, and datasets have been
made publicly available.

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

Data availability
The datasets generated and/or analysed during the current study are
available in the JanusDDG GitHub repository. This includes the training
dataset, the validation set, and the independent test sets. Source data are
available at: https://github.com/compbiomed-unito/JanusDDGand
archived on Zenodo52 (https://doi.org/10.5281/zenodo.18170934.

Code availability
The source code for JanusDDG, including the trained model weights and
instructions for use, is available on GitHub at: https://github.com/
compbiomed-unito/JanusDDGand archived on Zenodo52 (https://doi.org/
10.5281/zenodo.18170934.
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