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Abstract

Predicting how mutations change protein fitness is
central to protein engineering and variant interpre-
tation, yet most experimentally measured fitness
landscapes contain only limited labeled variants.
We present PsiFit, a stability-informed frame-
work that adapts protein language models for
low-N fitness prediction by injecting mutation-
induced stability changes predicted by a multi-
modal sequence-structure foundation model. By
integrating biophysical stability priors into con-
trastive fine-tuning, PsiFit aims to improve data ef-
ficiency, reduce overfitting, and provide a general
strategy for learning protein fitness landscapes
from sparse assays.

1. Introduction

Protein fitness prediction asks how one or more amino acid
substitutions alter a protein property of interest, such as
binding affinity, expression, catalytic activity, stability, or
organismal fitness (Yang et al., 2019; Wittmann et al., 2021;
Freschlin et al., 2022; Kouba et al., 2023). This problem
is central to machine learning-guided protein engineering,
where the goal is to search an exponentially large sequence
space for variants with improved or novel functions. De-
spite the growing availability of deep mutational scanning
(DMS) datasets (Notin et al., 2023), most practical engineer-
ing campaigns remain data-limited: experimental assays are
costly, protein-specific, and often yield only tens to hun-
dreds of labeled variants (Biswas et al., 2021). This low-INV
regime creates a mismatch between the small size of super-
vised fitness data and the large capacity of modern protein
foundation models (Zhao et al., 2024).

Protein language models (pLMs) have emerged as power-
ful foundation models for protein biology. Pre-trained on
large-scale natural protein sequences, they capture evolution-
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Figure 1. Overview of PsiFit. A pre-trained protein language
model captures an initial sequence—fitness landscape, but sparse
low-N fitness measurements may be insufficient to fully calibrate
this landscape for a specific protein fitness. PsiFit incorporates a
structural stability prior, derived from predicted mutation-induced
stability changes, to guide contrastive fine-tuning and produce a
stability-informed fitness landscape for improved low-N protein
fitness prediction.

ary and biophysical constraints that transfer to downstream
tasks, including zero-shot mutation effect prediction (Meier
et al., 2021; Lin et al., 2023; Nijkamp et al., 2023). How-
ever, directly fine-tuning a large pLM on sparse fitness data
can lead to catastrophic forgetting and overfitting. A re-
cent contrastive fitness learning framework (Zhao et al.,
2024) addressed this challenge by reprogramming pLMs
through contrastive fine-tuning: rather than fitting absolute
fitness values, it calibrates pLM-derived likelihood scores
to preserve the experimentally observed ranking between
variants. This strategy improves low-N fitness prediction
while maintaining the pre-trained knowledge encoded in the
pLM.

In this work, we propose PsiFit (Fig. 1), a stability-informed
extension of contrastive fitness learning. The key biological
motivation is that proteins generally need to maintain suffi-
cient structural stability to perform their functions. A muta-
tion that strongly destabilizes the folded state is therefore
likely to reduce many downstream fitness readouts, even
when the assay measures a property other than stability. To
incorporate this prior, PsiFit uses mutation-induced stability
changes predicted by SPURS (Li & Luo, 2025), a multi-
modal protein foundation model that rewires a sequence-
based pLM with a structure-based inverse folding model to
predict AAG values for amino acid substitutions. PsiFit
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injects these stability predictions directly into the final-layer
logits of a pLM and learns a position-specific stability bias
during contrastive fine-tuning. In this way, the model inte-
grates sequence-derived evolutionary information, structure-
informed stability priors, and sparse experimental fitness
labels within a unified learning framework.

2. Methods

2.1. Problem formulation

Let VT = (2VT, ... 2V'T) denote a wild-type protein
sequence of length L, where each residue belongs to the
amino acid alphabet A with | A| = 20. A mutant sequence
x differs from 27T at a set of mutated sites

M(z)={i:a; £z} (1)
We are given a small labeled fitness dataset
D= {(=™, ")}, )

where y*) is an experimentally measured fitness value. In
the low-N setting, N may be as small as < 100 variants.
The goal is to learn a protein-specific predictor that ranks
unseen variants by fitness.

2.2. Protein language model fitness score

PsiFit builds on a masked pLM fy initialized from pre-
trained weights 6. Given a protein sequence context, the
pLM outputs a logit matrix

Xg(z) € REXIAL 3)

where Xj ; , denotes the logit for amino acid a at position
1. The corresponding conditional distribution is
exp(Xo,i,a)

pola|z_;) = Y oveaexp(Xoip) @

Following prior pLM-based mutation effect predic-
tion (Meier et al., 2021), the fitness proxy of a mutant is
computed as the log-likelihood ratio between mutant and
wild-type residues at the mutated sites:

do(x) = Y [logps(xi | x—m) —logpa(@¥™ | z_p1)] -

ieEM(x)
&)
Here, z_ o denotes the sequence context with mutated po-
sitions masked. This score preserves the pLM pre-training
output space while providing a scalar proxy for variant fit-
ness.

2.3. Multimodal stability prior from SPURS

To incorporate biophysical stability information, PsiFit uses
SPURS (Li & Luo, 2025) to predict mutation-induced sta-
bility changes. SPURS integrates a sequence-based pLM

and a structure-based inverse folding model through neu-
ral rewiring. Specifically, it uses ProteinMPNN (Dauparas
et al., 2022) to encode structural features from the wild-
type protein backbone and injects these features into ESM-
derived sequence representations (Lin et al., 2023) through
lightweight adapter modules. This design fuses evolution-
ary constraints from large-scale sequence pre-training with
geometric constraints from protein structure.

For a wild-type sequence and structure, SPURS predicts a
stability matrix

G e REXIAL (6)

where G , denotes the predicted AAG for substituting the
wild-type residue at position ¢ with amino acid a. Posi-
tive AAG values indicate destabilizing mutations, whereas
negative values indicate stabilizing mutations. Importantly,
SPURS produces AAG predictions for all possible single
substitutions in one forward pass, making it efficient for
site-saturation scoring.

2.4. Stability-biased pLM logits

To incorporate stability information, PsiFit applies a small
multilayer perceptron (MLP) to transform the predicted
stability landscape into a learned logit-level correction:

By() = MLP, (G(2)). @)

where ¢ denotes the trainable parameters of the calibration
module. The stability-biased pLM logits are then defined as

Xé#,(m) = Xy(z) + By(z). 8)
The resulting stability-aware amino acid distribution is

poglalz_;) = softmax(Xé@’i’:(x)) . ©)

a

This formulation allows the model to learn how stability
information should reshape the pLM likelihood landscape
during fine-tuning. Because the relationship between stabil-
ity and measured fitness can vary across proteins, positions,
and assay types, the MLP-based calibration module pro-
vides a flexible mechanism for reweighting stability effects
rather than imposing a fixed stability penalty. The calibrated
logits are then used in the contrastive fine-tuning objective
to align stability-aware pLM scores with experimentally
observed fitness rankings.

Using the stability-biased distribution, PsiFit computes the
mutant fitness proxy as

Jo.o(@) =Y [logpyal@i |2-m) —logppa(@™ | z_pm)] .

iEM () 10
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2.5. Contrastive fine-tuning

PsiFit therefore follows a contrastive learning objective
adapted from ConFit (Zhao et al., 2024). For two labeled
variants (2, y) and (2, y0)) with 4 > 5, the
m(o)del is encouraged to assign a higher predicted score to
'\

T

i )y — @)
Lyt = Z log {1+exp <_y970(x ) —Goole ))},

YD >y

(11)
where 7 is a temperature hyperparameter. This Bradley—
Terry-style loss converts N labeled variants into O(N?)
pairwise comparisons, improving data efficiency under low-
N supervision.

To prevent the adapted model from drifting too far from the
pre-trained pLM distribution, we add a KL regularization
term:

L= > Dxro(|z-pm) I o,al- | 2-r)),
zeEB e M (x)
(12)
where B is a mini-batch and py, is the original pre-trained
pLM distribution. The final training objective is

L =Lt + ALk, (13)

In implementation, we fine-tune the pLM using parameter-
efficient adaptation, such as LoRA (Hu et al., 2022).

3. Results

3.1. Benchmark setting

We evaluated PsiFit on matched protein fitness prediction
benchmarks where results were available for all compared
methods. The evaluation used a low-N supervised setting
with N = 96 labeled variants for model training. We com-
pared PsiFit with two representative sequence-model base-
lines: ESM-1v, a leading unsupervised zero-shot pLM pre-
dictor (Meier et al., 2021), and Augmented DeepSequence, a
state-of-the-art supervised low- N fitness prediction method
that combines sequence features with evolutionary density
scores (Hsu et al., 2022). We conducted the evaluation on
the ProteinGym benchmark (Notin et al., 2023), which in-
cludes over 200 deep mutational scanning (DMS) datasets
spanning diverse protein fitness measurements, such as cat-
alytic activity, binding affinity, expression, stability, and
organismal fitness. Following SPURS (Li & Luo, 2025), we
excluded DMS datasets measuring stability to test whether
PsiFit generalizes beyond the stability prior incorporated
in the model. For each dataset, performance was measured
by Spearman correlation between model predictions and
experimentally measured fitness values on held-out variants.
This metric directly evaluates whether a model can correctly

rank candidate variants, which is the primary use case in
ML-guided protein engineering.

3.2. Overall prediction performance

Across 114 matched non-stability DMS datasets, PsiFit
achieved the best overall performance among the three
evaluated methods (Fig. 2a). PsiFit reached a mean Spear-
man correlation of 0.509 and a median correlation of 0.527,
compared with 0.433 mean and 0.461 median for ESM-1v,
and 0.479 mean and 0.490 median for Augmented DeepSe-
quence. Thus, PsiFit improved the average Spearman corre-
lation by 0.075 over ESM-1v and by 0.029 over Augmented
DeepSequence. In paired dataset-level comparisons, PsiFit
outperformed ESM-1v on 84 of 114 datasets and outper-
formed Augmented DeepSequence on 79 of 114 datasets.
PsiFit also achieved the best performance among the three
methods on 65 datasets, compared with 25 datasets for
Augmented DeepSequence and 24 datasets for ESM-1v.
Paired Wilcoxon signed-rank tests confirmed that the im-
provements are statistically significant against both base-
lines (PsiFit vs. ESM-1v: p < 0.001; PsiFit vs. Augmented
DeepSequence: p = 2.32 x 1075,

The improvement over ESM-1v suggests that incorporating
limited experimental supervision and stability-informed cal-
ibration can improve upon zero-shot evolutionary likelihood
scoring. The improvement over Augmented DeepSequence
is more modest but important, as Augmented DeepSequence
is already a strong supervised low-NN baseline that uses
both sequence features and evolutionary density informa-
tion. These results indicate that stability-informed pLM
adaptation provides additional predictive value beyond com-
monly used sequence and evolutionary features.

3.3. Fitness-category-stratified performance

We next stratified the results by the coarse fitness categories
defined in ProteinGym (Notin et al., 2023) (Expression, Ac-
tivity, Binding, and Organismal Fitness) (Fig. 2b). Within
each category, datasets were sorted by PsiFit performance
to visualize how the three methods behave across the full
range of prediction difficulty. PsiFit maintains competitive
performance across all four categories, indicating that the
stability-informed prior is not limited to assays that directly
measure stability. Its advantage is most apparent on datasets
where the zero-shot ESM-1v baseline performs moderately
but leaves room for supervised adaptation; in these cases,
PsiFit often improves over ESM-1v while matching or ex-
ceeding Augmented DeepSequence. At the same time, the
relative ordering among methods varies across datasets, re-
flecting the biological heterogeneity of fitness measurements
and suggesting that some assays are dominated by evolution-
ary constraints or assay-specific signals not fully explained
by stability.
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Figure 2. Comparison of PsiFit with ESM-1v and Augmented DeepSequence across matched protein fitness prediction benchmarks.
Performance is measured by Spearman correlation between model predictions and experimentally measured fitness values. (a) Overall
distribution of Spearman correlations across all matched datasets. Violin plots summarize the full distribution, transparent box plots show
the median and interquartile range, and overlaid points represent individual datasets. (b) Dataset-level comparison grouped by fitness
category. Datasets are first grouped by coarse fitness type and then sorted within each group by PsiFit performance. Shaded background
regions denote fitness categories, and each point shows the Spearman correlation of one method on one dataset. (c¢) Relative improvement

of PsiFit over ESM-1v within each fitness category.

To further quantify the improvement over zero-shot pLM
prediction, we computed the relative improvement of Psi-
Fit over ESM-1v for each dataset. Fig. 2c summarizes
these improvements by fitness category. Across all matched
datasets, the median relative improvement over ESM-1v was
7.8%, supporting the overall benefit of stability-informed
adaptation. The category-level view shows positive median
improvement across the major fitness categories, with par-
ticularly visible gains in Expression and Binding datasets
and a broader range of improvements in Organismal Fitness
datasets. The distribution also shows that PsiFit’s benefit is
heterogeneous: some datasets exhibit large gains, whereas
others show little or negative improvement relative to ESM-
1v. This pattern is expected because protein fitness reflects
multiple biophysical and functional constraints, including
folding stability, molecular binding, catalytic mechanism,
expression, and cellular selection. Overall, these results
support stability prediction as a broadly useful inductive
bias for low-N protein fitness learning, while also highlight-
ing that its contribution depends on the biological property
measured by each assay.

4. Discussion

PsiFit introduces a stability-informed strategy for adapting
protein language models to sparse fitness data. Its cen-
tral idea is to use AAG predictions from a multimodal
sequence-structure foundation model as a biophysical prior
that reshapes pLM likelihoods during contrastive fine-tuning.
This approach preserves the data efficiency of ConFit (Zhao
et al., 2024) while adding an explicit mechanistic constraint:
mutations that strongly disrupt structural stability should be
penalized unless the fitness data suggest otherwise.

More broadly, PsiFit illustrates how multimodal founda-
tion models can support protein engineering beyond direct
prediction. SPURS integrates sequence and structure modal-
ities to produce scalable stability predictions; PsiFit then
uses these predictions as a transferable prior for learning
diverse fitness readouts. This separation between a general
biophysical prior and a task-specific adaptation objective
may be useful for other biological foundation model ap-
plications, where labeled data are scarce but mechanistic
auxiliary signals are available.

The current framework has several limitations. First, sta-
bility is only one determinant of protein fitness, and its
relevance varies by assay and protein family. Second,
SPURS (Li & Luo, 2025) predictions may contain system-
atic errors for proteins with uncertain structures or for mu-
tations involving complex conformational effects. Third,
the present formulation focuses primarily on additive single-
site stability priors, although higher-order epistasis can be
important for multi-mutant fitness prediction. Future work
will extend PsiFit to incorporate epistatic stability predic-
tions and additional modalities, such as protein dynamics,
binding-site annotations, or experimental uncertainty.

Impact Statement

This work aims to improve data-efficient protein fitness pre-
diction for machine learning-guided protein engineering and
variant interpretation. More accurate low-/N models may
reduce experimental burden by helping prioritize candidate
variants for laboratory screening. As with other predictive
models for biological design, downstream use should in-
clude experimental validation and careful consideration of
application-specific risks.
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