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Abstract
Protein foundation models (PFMs) are increas-
ingly used in fitness prediction tasks in which en-
gineers seek to identify sequences with improved
function. However, these models are often evalu-
ated under random splits, which may not reflect
the generalization required for engineering supe-
rior variants. Further, results from existing classi-
cal protein fitness benchmarks may not generalize
to fluorescent protein biosensors which require de-
signing finely tuned protein dynamics. We bench-
mark embeddings from seven PFMs across four
regression heads on a dataset of 1,314 mutated
GCaMP variants, evaluating each model–head
pair under a random baseline and two extrapo-
lation regimes: novel-region splits that hold out
protein sequence regions, and low-to-high fitness
splits that hold out the highest-fitness variants. Ex-
trapolative splits result in substantial performance
drops across all models, and structure- and MSA-
based conditioning partially mitigate this drop on
novel-region splits but not on low-to-high splits.
The two extrapolation regimes also differ in rank-
ing transfer: novel-region rankings closely track
random-split rankings while low-to-high rankings
diverge. These findings indicate that model and ar-
chitecture choices should be driven by which form
of generalization the application requires, with no
single configuration optimal across regimes.

1. Introduction
Genetically-encoded fluorescent biosensors are engineered
proteins that enable real-time monitoring of physiological
signals in live cells. A notable example is the GCaMP family
of indicators, which are widely used in neuroscience to mon-
itor the intracellular calcium transients evoked by spiking
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neuronal activity (Nakai et al., 2001). Biosensors are typi-
cally generated by combining existing ligand-binding and
fluorescent protein domains such that binding allosterically
regulates fluorescence emission (Fig. 1A). Optimization
of fluorescent biosensors is an especially challenging task
because function depends on the dynamic interaction of
multiple domains. Successful efforts to generate GCaMP
variants with improved sensitivity and faster kinetics re-
quired years of time-consuming and technically difficult
measurements in live neurons (Tian et al., 2009; Chen et al.,
2013; Zhang et al., 2023). Machine learning models that
predict biosensor function directly from sequence offer a
path to accelerating this engineering loop (Wait et al., 2024;
Xiong et al., 2025).

Protein foundation models (PFMs) have emerged as strong
general-purpose feature extractors for downstream biologi-
cal tasks, with their representations enabling effective down-
stream prediction of binding affinity, stability, and toxic-
ity (Notin et al., 2024; Lin et al., 2023; Jiang et al., 2025;
Yang et al., 2023a). Prior benchmarks evaluated embedding
choice on these classical engineering tasks under random or
position-based splits, and showed that the choice of model
affects performance though the advantage over simple base-
lines varied (Dallago et al., 2021; Notin et al., 2023a; Groth
et al., 2023; Didi et al., 2026). Whether such benchmarks
transfer to biosensor function prediction, where the relevant
property emerges from dynamic interactions between pro-
tein domains rather than static structure, is an open empirical
question. Engineering improved biosensors also requires
generalization to variants outside the training distribution
such as variants with mutations in novel regions and vari-
ants in unobserved regions of the fitness landscape (Yang
et al., 2019), which are two extrapolation regimes that have
typically been studied in isolation (Notin et al., 2023a) or
on different datasets (Didi et al., 2026).

In this work, we benchmark embeddings from seven pro-
tein foundation models on a dataset of mutated GCaMP
variants with fluorescence response measurements in a semi-
supervised manner with frozen model weights. We evaluate
each model–head combination under three regimes: random
splits as an in-distribution baseline, novel region splits that
hold out novel sequence regions, and low-to-high fitness
splits that hold out the highest-fitness variants. By varying
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Generalization of Protein Foundation Models for Engineered Fluorescent Biosensors

all three axes simultaneously, we characterize how represen-
tation choice, architecture choice, and extrapolation regime
interact with each other.

We find that PFM embeddings outperform a one-hot base-
line on random splits, with structure-aware and multimodal
models broadly outperforming sequence-only models and
more expressive head architectures substantially outperform-
ing simpler pooling heads. Under both novel-region and
low-to-high fitness extrapolation, performance drops sub-
stantially across all model and architecture combinations,
though PFM embeddings retain a clear advantage over one-
hot encoding under most architectures. However, for novel-
region extrapolation, the best model and architecture choices
generally match those for random splits, while for fitness-
space extrapolation, they do not. Our findings suggest that
sequence-space and fitness-space extrapolation are qualita-
tively different generalization problems for protein function
prediction, and that model selection should take into account
the form of generalization a given engineering application
requires.

2. Methods
2.1. Dataset

The dataset consists of 1,314 unique sequences from ran-
dom mutagenesis using the jGCaMP8s sensor as the scaffold
(Zhang et al., 2023). Each variant is screened in a neuronal
culture-based assay (Wardill et al., 2013) for their fluores-
cence response to varying number of action potentials (AP)
trains (Fig. 1B). The metrics – d′ measuring the amplitude
of the fluorescence response normalized by the baseline
noise level and decay measuring the half-decay time for the
response to drop to half of its peak value – are extracted for
each of the four AP trains and form the labels in the dataset
(Appendix A).

2.2. Protein Foundation Models

We benchmark seven protein foundation models, grouped
coarsely by training objective and input modality. Protein
language models are trained on sequences alone via masked
or autoregressive language modeling. We select ESM-2 (Lin
et al., 2023), a transformer with masked language modeling;
CARP (Yang et al., 2024), a CNN with masked language
modeling; and ProGen3 (Bhatnagar et al., 2025), a sparse
mixture-of-experts autoregressive model. Multimodal mod-
els extend language modeling with additional modalities at
training or inference. We benchmark ESM-3, (Hayes et al.,
2025) which jointly models sequence, structure, and func-
tional annotations, and PoET-2 (Truong & Bepler, 2025),
which is retrieval-augmented, conditioning on homologous
sequences and structures. Structure-prediction models are
trained for 3D structure prediction, with hidden represen-
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Figure 1. (A) Schematic of GCaMP: Calcium binding pulls calmod-
ulin and the peptide together, switching GFP from dim to bright.
(B) Labels are computed from fluorescence traces stimulated by
action potentials: d′ measures amplitude of the response; decay
measures the time from peak response to half of its value

tations useful for downstream tasks (Gazizov et al., 2026).
We choose AlphaFold-3 (Abramson et al., 2024) and Chai-1
(Chai Discovery et al., 2024) as the candidates for this class.

We also include a one-hot baseline that has previously been
found to be competitive with pre-trained embeddings (Hsu
et al., 2022). For all models, weights are frozen and rep-
resentations are extracted from the penultimate layer (Ap-
pendix C.1). For structural or MSA conditioning where
available, we provide the jGCaMP8.410.80 crystal structure
(Zhang et al., 2023) with masking at mutated positions, and
a fixed MSA with the query row swapped per variant.

2.3. Head Architectures

We evaluate four head architectures commonly used in fit-
ness prediction tasks. All heads take per-residue embed-
dings as input and jointly predict the eight label values (d′

and decay across four nAP conditions). MeanPoolMLP
applies mean-pooling over residues followed by a 2-layer
MLP. AttnPoolMLP replaces mean-pooling with a learned
weighted mean over residues. MutationDeltaMLP uses
position-wise differences between variant and wild-type
embeddings as input features, thus using only the local per-
turbation signal. ConvMaxPool uses a 1-layer 1D CNN
followed by max-pooling and an MLP (Dallago et al., 2021)
(more details in Appendix D).

2.4. Data Splits

Fig. 2 shows the train-test splits used to evaluate the dif-
ferent generalization regimes. To probe generalization to
unseen regions in the sequence, we create novel-region
splits as defined by the “contiguous” scheme in Notin et al.
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Generalization of Protein Foundation Models for Engineered Fluorescent Biosensors

(2023b). The test set is defined by a contiguous window W
on the scaffold: test variants have mutations only inside W ,
and training variants have mutations only outside W . Vari-
ants with mutations both inside and outside W are excluded,
guaranteeing that test positions never appear in training. We
select 5 windows of size 5% of the total variants that are
maximally separated along the scaffold (Appendix B.1).

In addition, a low-to-high split is designed to evaluate ex-
trapolation in the fitness space. Variants are ranked by mean
rank across all eight label values. The high-fitness variants
in 95th to 100th percentile are allocated to the test set, the
low-fitness variants from 0th to 80th percentile are allocated
to the train set, and the remaining variants are excluded from
the analysis to reduce distribution overlap between the two.

As a baseline, we create 5 random splits by randomly hold-
ing out 5% for testing. 15% of variants are excluded from
both train/test sets to match the sizes of the other test sets).

2.5. Training and Evaluation

All embedding model and architecture pairs were tuned
for hyperparameters on validation correlations from a ran-
dom train-test split using a grid-search (Appendix E). All
training runs spanned 2000 epochs with early stopping (pa-
tience 250 epochs) and a learning rate of 10−4. We use
4-fold cross-validation, ensembling the models for predic-
tion (Lakshminarayanan et al., 2017), and report Spearman
rank correlation as the primary evaluation metric (Notin
et al., 2023a; Dallago et al., 2021). Statistical methodology
is detailed in Appendix F.

Random

Novel 
Region

Low-to-high

Sequence Fitness 

Figure 2. Schematic illustrations of sequence space (left) and
fitness space (right), for the three train-test split conditions. Novel
region splits are generated by holding out variants with mutations
in a contiguous window. A low-to-high fitness split is generated
by holding out a top fraction of variants and excluding variants in
the middle-fitness range to prevent overlap.

3. Results
Fig. 3 shows Spearman rank correlations (ρ) for all models,
heads, and train-test splits, values averaged across all the d′

and decay labels across the four nAP values.

Baseline interpolation performance For our baseline
random split, all PFM embeddings outperform a one-hot en-
coding baseline across all head architectures (mean ρ differ-
ence between embedding and one-hot encoding across splits
∆ρ = +0.44, +0.43, +0.30, and +0.15 for MeanPoolMLP,
AttnPoolMLP, MutationDeltaMLP, and ConvMaxPool re-
spectively). The more expressive heads (MutationDeltaMLP
and ConvMaxPool) generally outperform the simpler ones,
but result in a smaller advantage when used with protein
models compared to one-hot encoding. This is consistent
with prior observations that complex heads extract com-
petitive signal from raw sequence input (Hsu et al., 2022).
The mean Spearman correlations (across all architectures)
of structure-aware and multimodal models broadly clus-
ter above sequence-only models, with ρ ranging from 0.57
(ESM-3) to 0.65 (Chai-1) for the former and 0.42 (CARP) to
0.53 (ESM-2, ProGen-3) for the latter, indicating that struc-
ture and MSA-conditioning broadly improve performance
on biosensor fitness prediction.

Extrapolation to novel regions On novel region eval-
uations, we find a substantial drop in performance com-
pared to random splits across every model and head archi-
tecture with a mean fractional drop of 49.6% in ρ across
protein models. The general trends from the random split
results are upheld: PFM embeddings retain an advantage
over the one-hot baseline under most architectures, with
the largest effect under simpler pooling heads (difference
between random and novel-region correlation ∆ρ = +0.27
under MeanPoolMLP; ∆ρ = +0.19 under AttnPoolMLP;
ConvMaxPool ∆ρ = +0.16) and a smaller but still signifi-
cant effect under MutationDeltaMLP (∆ρ = +0.08). The
model-family ordering on novel region splits closely tracks
the ordering on random splits (Spearman ρ = 0.93 between
mean model correlations across the two regimes), indicat-
ing that the PFMs that perform best in-distribution also
extrapolate best to novel sequence regions. The MSA- and
structure-conditioned models (AlphaFold3, Chai-1, ESM-3,
PoET-2) retain strong performance in extrapolation with
an average mean ρ = 0.37 on novel-region splits, roughly
twice the ρ = 0.18 average of the sequence-only mod-
els. Critically, this advantage persists within model fami-
lies: the structure- and MSA-conditioned configurations of
AlphaFold3, Chai-1, and PoET-2 outperform the sequence-
only configurations of the same models (mean within-family
∆ρ = +0.27,+0.11,+0.14, all significant; ESM-3 effect
is not significant), indicating that conditioning input plays
an important role in this generalization advantage.
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Figure 3. Mean Spearman ρ across splits and labels is plotted for all embeddings and architectures for the 3 evaluation strategies. We note
a significant drop in performance in novel region and low-to-high splits. Models marked with S take wild-type structure as conditioning
and M take or use MSA internally as conditioning.

Extrapolation from low-to-high fitness space Perfor-
mance under low-to-high fitness splits is further decreased
compared to novel-region splits, with a mean fractional
drop of 62% relative to random-split performance. The
model-family ordering on low-to-high splits diverges from
the random-split ordering (model ranking ρ = 0.46), with
sequence-only models such as CARP and ESM-2 showing
comparable performance to the best-performing models un-
der certain heads. The conditioning advantage from the
novel-region splits is absent: structure-conditioned con-
figurations of AlphaFold-3, Chai-1, PoET-2, and ESM-3
perform comparably to or worse than their sequence-only
counterparts on the highest-fitness variants, suggesting that
fitness-space extrapolation tests a different generalization
capability than sequence-space extrapolation.

4. Discussion
In this work, we evaluate extrapolation capabilities of em-
beddings from widely-used protein foundation models in
sequence space and fitness space for fluorescent biosensor
function. We note a substantial performance drop across
all models and architectures in both extrapolation regimes ,
reinforcing the findings of prominent benchmarks (Dallago
et al., 2021; Didi et al., 2026). However, the two regimes be-
have differently: while novel-region rankings closely track
in-distribution rankings, fitness-space rankings transfer less
consistently from random-split orderings. Whether alter-
native training objectives, such as different losses or head
architectures, would close these extrapolation gaps is a nat-
ural direction for further investigation.

Structure and MSA conditioning are effective for novel-
region extrapolation because these inputs provide the three-
dimensional structural context for the held-out region of the
sequence. They are less helpful, however, for fitness extrapo-
lation. Structural templates capture only one conformational
state and MSA hits tend to inform about each component
domain (CaM, GFP) in isolation rather than about their non-
native coupled function. This suggests that the conditioning
failure on fitness extrapolation may be specific to proteins
where function emerges from non-native domain interac-
tions rather than properties of any single domain. Whether
this pattern extends to other engineered proteins with non-
native coupled functions, such as allosterically regulated
transcription factors or engineered receptors, remains an
open question for future work.

ML-assisted directed evolution crucially depends on models
generalizing reliably in fitness space to predict variants with
improved function, which is the regime where our results
show the largest performance gaps. When structural tem-
plates or MSAs are available, structure-conditioned models
provide substantial improvements under in-distribution and
novel-region extrapolation. When such inputs are unavail-
able, sequence-only configurations of any of the bench-
marked models perform comparably and outperform a one-
hot baseline; the choice in this setting is more flexible. For
fitness-space extrapolation, however, the conditioning ad-
vantage disappears entirely, and sequence-only models can
match structure-conditioned ones. The choice of model and
head architectures should therefore be driven by which form
of generalization the engineering application requires.
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Data & Code Availability
The data has not been released publicly at the time of writing.
The code will be made availablle on GitHub.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning and its application to protein engi-
neering. Our contributions are evaluative. We benchmark
existing protein foundation models on a biosensor function
prediction task to inform model selection. There are many
potential societal consequences of our work, none of which
we feel must be specifically highlighted here.
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A. Dataset
The dataset consists of a library of 1,314 unique variants generated by random and combinatorial mutagenesis around the
scaffold jGCaMP8s (Zhang et al., 2023). Each sequence is 422 amino acids long. The mean Hamming distance from the
scaffold is µ = 1.81 with a standard deviation of σ = 0.59.
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Figure 4. Hamming distance distribution within the dataset

The library is screened in a neuronal culture-based assay with electrical stimulation given in the form of trains of action
potentials (APs) (Wardill et al., 2013). The number of action potentials (nAPs) given are 1, 3, 10, and 40 APs. This results
in an output fluorescence trace. The metrics d′ and decay are then computed from this output trace individually for each
nAP. Hence, for each nAP, we get 4 d′ values and 4 decay values that form the labels for each variant. The formula for
computation of these values is shown in Fig. 5.

Figure 5. Fluorescence trace and label computation: The metrics are computed for each nAP input individually. F̂ is the peak fluorescence
response value. f̄b is a window of 20 frames before the nAP input begins, and σ(f̄b) is the standard deviation in this window. tf is the
time at which Fluorescence is equal to a value f . d′ is the ratio of the peak response amplitude to the noise, and decay is the time taken
for this response to drop to half of its maximum value.

B. Data Splits
We follow 3 split strategies: a random split for the baseline, a novel-region split to evaluate sequence-space extrapolation,
and a low-to-high split to evaluate fitness-space extrapolation. The sizes and number of splits for each strategy are tabulated
in Table 1.
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Table 1. Dataset split statistics. Mean ± std reported across splits where applicable.

Split Strategy Train Varinats Test Variants Excluded Variants nsplits

Random 1051 66 197 5
Novel 963.0± 20.8 70.4± 1.2 279.6± 20.3 5
Low-to-high 1059 66 189 1

B.1. Novel-Region Splits

To create the novel-region splits, we follow a strategy similar to the “contiguous” split strategy outlined in Notin et al.
(2023b). All sequences are of a fixed length of L = 422 amino acids. Each variant is represented by its set of mutated
positions relative to the wild-type. We first enumerate all possible subsequence windows W across the sequence. For each
(s, ℓ), we partition variants by mutation location relative to W = [s, s+ℓ−1]: no mutation in W (train), mutations only in
W (test), or both (excluded). Since mutation density is non-uniform, fixed-width windows yield test sets varying by >10×
across the scaffold. We instead enumerate all (s, ℓ) and keep windows whose test size lies within 5%± 1.25% of the total
number of variants. We retain only maximal windows (not extensible by one residue in either direction while remaining
valid), then select k=5 via greedy farthest-point sampling on window midpoints to cover the scaffold with diverse unseen
regions.

All pairwise differences within the test set then lie inside W , and no position mutated at test is mutated at train. We thus
have 5 unique train/test splits where the variants in the test set contain mutations only within a specified subsequence (s, ℓ)
and train mutations do not contain any mutations within that subsequence. The subsegment or window corresponding to
each test split can be visualized as a contiguous block along the sequence length. These are visualized in Fig. 6.

B.2. Low-to-High Fitness Splits

To probe extrapolation in the fitness regime, we create splits where we train on low-fitness data and test on high-fitness data.
In order to do this, we assign ranks to all variants for each individual label. Then, the ranks are averaged across the labels.

We assign the best 5% of ranks to the test set. These are the high fitness variants. Following that, we select the next 15% (in
the range of 80th to 95th percentile) and exclude these variants completely from the analysis. This is to ensure that we are
testing on strict out-of-distribution sequences and that the correlations are not bloated by the near-distribution variants. The
rest of the 80% of the data is assigned to the train set.

The low-fitness, high-fitness and excluded variants can be visualized in 2D in the decay vs d′ space separately for each nAP.
This is plotted in Fig. 7.

B.3. Random Splits

The baseline is a simple train-test split where the variants in the test set and train set are selected randomly. To keep the
train and test set sizes roughly similar to the ones in the novel region and low-to-high splits, we exclude 15% of the data
randomly. From the remaining 85%, 5% is chosen for the test set and the rest goes to the train set. 5 such splits are created.

C. Protein Foundation Models
We select 7 model families to use as embedding extractors. These can coarsely be grouped into 3 categories based on their
training objective and input modalities. These models are tabulated in Table 2. We select models with similar parameter
counts (as available) to ensure a fair comparison with the median size being 650M parameters.

Protein Language Models (PLMs) are models that are trained on amino acid sequences of proteins, typically on a masked
language modeling (MLM) or autoregressive next-token prediction objectives. These are typically trained on large databases
of sequences such as UniRef (Suzek et al., 2015). The learned protein representations contain information about likelihood
of amino acid residues, encoding co-evolutionary signal and conservation patterns. PLMs are the most widely studied class
of protein foundation models and serve as a baseline for sequence-only representation quality.
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Multimodal Models extend the functionality of PLMs by incorporating additional information either in the form of
structure, evolutionary information, or functional annotations. They incorporate information from these additional sources
into the sequence-based model either by jointly training with these objectives or using them as conditioning during inference.
This allows the model’s context to go beyond what is available from sequence alone while also retaining the generality of
sequence-style modeling. In realistic protein engineering scenarios when there is often information available through other
modalities, multimodal models can be a useful tool to leverage all the available information regarding the protein.

Structure-Prediction Models are trained primarily to predict the 3D structure of proteins from their sequence. In
the process of learning to predict structure, the representations within these models incorporate useful information for
downstream tasks (Yang et al., 2023b; Gazizov et al., 2026). During inference, these models typically use information from
MSAs and oftentimes take structural templates to use as a conditioning input.

We note that this classification reflects common conventions for discussing protein foundation models rather than a strict
taxonomy. The categories often overlap (e.g. multimodal models are also trained on PLM objectives), and prior works have
used different ways to group these models (Dallago et al., 2021; Notin et al., 2023a). We adopt this specific classification
since it allows us to group these by the form of information they encode and additionally, the conditioning input they
accept. This grouping is particularly useful for our analysis since we examine the effects of inference-time conditioning on
extrapolation behaviour.

Table 2. Pretrained protein models evaluated. Sizes refer to the specific checkpoint used for embedding extraction; D is the per-residue
embedding dimension.

Model Size D Type MSA Structure

One-hot — 20 — — —
CARP 640M 1280 Sequence-based No No
ESM-2 650M 1280 Sequence-based No No
ProGen3 762M 1024 Sequence-based No No
PoET-2 182M 1024 Multimodal Yes (additional) Inverse-folding query
ESM-3 1.4B 1536 Multimodal No Conditioning query
AlphaFold-3 200M 384 Structure-prediction Yes (internal) Template
Chai-1 1B 384 Structure-prediction Yes (internal) Template

C.1. Embedding Extraction

For all models, we extract per-residue hidden states from a single forward pass with frozen weights using the final layer
representations. No pooling is applied at extraction time. Special tokens introduced by tokenizers and any padding are
stripped so that each cached representation has shape (D,L) matching the variant sequence length L = 422. Representations
are subsequently z-scored using residue-level statistics computed across the training partition before being passed to the
heads. This is done in order to maintain the same initializations across the various PFMs. It is important to note that the
z-scoring is done at the entire vector level: the same transformation is applied to every value in the embedding vector. This
preserves relative structure across dimensions of the entire embedding.

Configurations that use structural or MSA conditioning share two fixed inputs across all variants: the jGCaMP8.410.80
scaffold crystal structure (PDB 7st4, chain A) for structure, and a consensus MSA for sequence homology. The MSA
was computed using ColabFold (Kim et al., 2025) on the consensus sequence which is also the scaffold for the dataset -
jGCaMP8s (Zhang et al., 2023). During inference, the scaffold sequence in the first row of the MSA is replaced by the
variant sequence. The structural and homology context are otherwise identical across variants. For structural inputs, residues
at mutated positions are masked so that the model receives the variant amino acid identity at those positions in the sequence
input track but no corresponding structural input.

ESM-2. Layer 33 representations are extracted. BOS and EOS tokens are stripped after extraction.

CARP. The final convolutional block output is used. CARP introduces no special tokens.

ProGen3. Final hidden state. The tokenizer wraps each sequence as <bos> 1 AA1 ... AAL 2 <eos>, so per-
residue activations are sliced from positions [2, 2+L).
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ESM-3. Post-trunk embeddings exposed via the ESM-3 API using the flag to return embeddings alongside logits. We
evaluate two configurations: (i) sequence-only, with only the sequence track populated and (ii) sequence plus scaffold
structure, where the scaffold’s atom37 coordinates are passed alongside the sequence with NaN-masking at mutated positions
and at residues unresolved in the PDB. ESM-3 internally maps NaN positions to its structure mask token.

PoET-2. The final decoder block representations are used. PoET-2’s decoder is conditioned on an “encoder prompt”
of homolog sequences and/or an inverse-folding query (IFQ) carrying backbone coordinates; the same model produces
sequence-only outputs when the prompt is empty. We evaluate four prompt configurations: (i) empty; (ii) homologs sampled
from the scaffold MSA via PoET-2’s MSASampler with default settings (iii) IFQ built from the scaffold PDB; (iv) IFQ
and the sampled homologs. For the IFQ, the scaffold’s chromophore (CRO, encoded as a single fused residue in the PDB) is
expanded back to three NaN-coord residues so the IFQ length matches the unfused variant length, and the IFQ sequence is
fully masked so the model receives only geometry.

AlphaFold-3. The post-trunk single-track representations after 10 recycles are used. The conditioning for structure and
MSA is supplied externally. AlphaFold-3 performs no MSA or template search at extraction time for compute efficiency.
We evaluate four configurations: (i) no conditioning; (ii) scaffold MSA in a3m format with the query row replaced by the
variant sequence during inference; (iii) scaffold mmCIF as a single template, with mutated positions removed from the
template (iv) both scaffold structure and MSA.

Chai-1. The token-single trunk representations after 3 trunk recycles are used. Chai-1 uses ESM-2 input embeddings as
part of its standard stack. We evaluate four configurations analogous to AlphaFold-3: (i) no conditioning, (ii) scaffold MSA
with query-row swap, (iii) scaffold mmCIF as template, and (iv) both.

One-hot. This is our most simple baseline: a 20-channel binary indicator over the natural amino acids.

D. Head Architectures
We choose four head architectures for our benchmark. All heads take an input of shape (L,D) where L = 422 is the length
of the sequence and the dimension D which is dependent on the PFM output. Each head produces an 8-dimensional vector
as an output mapping to the 8 label values: (d′1AP , d′3AP , ..., decay10AP , decay40AP ). All labels are in the natural log-space
since the data distribution spans a magnitude. The MLPs in all models use ReLU activation, Xavier uniform initialization
and a dropout of 0.3. No normalization is used in any head. MSE loss is used.

D.1. Model Descriptions

MeanPoolMLP. The simplest baseline. The per-residue embedding is averaged across positions into a single D-dim
vector, which is passed through a 2-layer MLP with widths [h1, h2]. This head ignores positional information entirely,
assuming the prediction can be made from average embedding properties alone.

AttnPoolMLP. A learned-pooling variant that lets the model decide which positions to attend to. A small position-wise
scorer Linear(D,ha)→tanh→Linear(ha, 1) produces an attention logit per position; a softmax over the sequence axis
yields weights that are used to take a weighted sum of the residue embeddings, which is then fed through a 2-layer MLP
with the same structure as MeanPoolMLP. This biases the head toward a sparse subset of function-relevant residues rather
than weighting all positions equally.

MutationDeltaMLP. A scaffold-relative head that operates only at mutated positions. At each mutation site pi, the
mutant and wild-type embeddings Hmut[pi], Hwt[pi] are gathered against a fixed scaffold reference and concatenated with
their difference [Hmut, Hwt, Hmut−Hwt] (3D-dim per site). These per-site features are projected to h-dim, masked-mean-
aggregated across mutation sites, and passed through a 2-layer post-aggregation MLP. This isolates the per-position
perturbation introduced by mutations from the scaffold context. Site- and mutation-specific encodings of variants have been
used as features in fitness regression in other works (Hsu et al., 2022). This head architecture extends this idea to learned
PFM embeddings by computing position-wise differences from the wildtype representation.
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ConvMaxPool. A local motif detector model. A Conv1d(D→f, k=5, valid) with ReLU is applied along the sequence
axis, followed by a position-wise Linear(f, h), a global max-pool over the sequence axis, and a single post-pool Linear(h, h)
with ReLU. Max-pooling selects the strongest motif activation along the sequence in the protein, enabling the head to attend
to salient local patterns rather than position-resolved aggregation. This is very similar to the convolutional model used in
Shanehsazzadeh et al. (2020) and as a baseline in Dallago et al. (2021).

D.2. Hyperparameters

The hyperparameters for each head architecture and embedding pair were selected via evaluation over three discrete capacity
tiers. Since the exact parameter counts vary depending on the embedding dimension D, we report the counts for the median
embedding dimension D = 1536: low at ≈ 2M , medium at ≈ 5M , high at ≈ 14M . For each head, the searched dimensions
were the MLP hidden widths (hidden dims for MeanPoolMLP and AttnPoolMLP, hidden dim for MutationDeltaMLP,
and (num filters, linear dim) for ConvMaxPool). The other architectural hyperparameters such as the attention
scorer hidden dimension for AttnPoolMLP at 256, the convolution kernel size for ConvMaxPool at 5, and the post-pooling
MLP depth for MutationDeltaMLP at 2 layers were fixed. Selection was performed using the mean validation Spearman
correlation (across the 4 folds) from the training results on split 0 from the random split regime. Training-specific
hyperparameters were not varied. The chosen hyperparameters are tabulated in Table 3.

Table 3. Chosen parameter counts for the four head architectures (at D = 1536) for the most frequently selected configuration.

Head Params

MeanPoolMLP 14.7M
AttnPoolMLP 15.1M
MutationDeltaMLP 14.7M
ConvMaxPool 2.4–14.2M

D.3. One-hot Encoding Behavior under Different Heads

The one-hot baseline interacts differently with each head architecture, and the differences are worth understanding because
they affect how to interpret the PFM-vs-one-hot performance gap. Under MeanPoolMLP, mean-pooling a one-hot embedding
produces the amino acid composition of the sequence: each entry of the resulting vector is the frequency of an amino acid in
the variant. For variants of the same scaffold differing by only a few mutations, these composition vectors differ very little.
A single mutation A→V shifts only the A and V entries, leaving the remaining entries unchanged. The MeanPoolMLP head
therefore receives almost identical inputs across variants and cannot meaningfully discriminate between them, producing
ρ ≈ 0.05 on random splits.

Under AttnPoolMLP, the attention scorer takes each position’s one-hot vector as input and produces a scalar attention weight.
The scorer’s input depends only on amino acid identity (and not on which position it occurs at). It therefore learns one
effective weight per amino acid type — but cannot distinguish two positions that contain the same amino acid. This results
in a weighted composition vector from the pooling, where each amino acid’s contribution is scaled by a learned weight. This
is more flexible than uniform composition under the MeanPoolMLP but still does not encode any positional information.
Empirically, AttnPoolMLP achieves ρ ≈ 0.05 similar to the MeanPoolMLP.

Under MutationDeltaMLP, position information is utilized explicitly. The head gathers embeddings at specified mutation
sites pi relative to a fixed scaffold. With one-hot inputs, the per-site features encode information on which mutation occurred
at which position, which is informative even without learned representations. This produces a substantially better ρ ≈ 0.35
on random splits.

Under ConvMaxPool, we have a local motif detector of length 5. Max-pooling then selects the strongest activation across
the sequence. With one-hot inputs, this means that the head learns short amino acid motifs and identifies the strongest motif
anywhere in the sequence. Although the absolute position of the motif is lost during pooling, local positional context within
the kernel window is preserved. The model hence achieves a ρ ≈ 0.47 on random splits with one-hot inputs.

The one-hot baseline performance gap measures different things under different heads. Under pooling heads, it tests whether
PFM embeddings encode any information beyond amino acid composition. Under MutationDeltaMLP, it tests whether
PFM embeddings encode information beyond raw position-and-identity at mutation sites. Under ConvMaxPool, it tests
whether PFM embeddings encode information beyond local sequence motifs. These are all different questions, and the
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architecture-conditioned ∆ρ values in Section 3 reflect this. We find that the gap is the largest under heads where the
one-hot reduction loses the most amount of information (simple pooling heads), and it is the smallest where one-hot retains
substantial information (ConvMaxPool).

E. Training
All model training was done in Pytorch (Paszke et al., 2019). The optimizer used was Adam with a learning rate of 10−4 and
a batch size of 1024 and gradient clipping at norm 1.0. Automatic Mixed Precision (AMP) was used for efficient GPU usage.
Each training run was set for 2000 epochs with early stopping on validation loss at a patience of 250 epochs and minimum
∆ = 10−4. The best checkpoint was selected by validation loss. For each training run, we do 4-fold cross-validation on the
train partition (with group K-fold to prevent any variant appearing in multiple folds). During evaluation, the predictions
from these 4 fold-models are averaged and the correlations are computed between the ensemble predictions and the ground
truth of the variant. Mean squared error (MSE) loss was used throughout. The loss averages over valid labels (instead of a
sum of the full 8-length vector) in order to account for missing labels.

F. Evaluation
We use Spearman rank correlation as the standard metric throughout this analysis, as is common practice in protein modeling
studies (Notin et al., 2023a; Dallago et al., 2021; Didi et al., 2026), since the relative ranking of variants is more relevant for
engineering applications than predicting the absolute fitness scale. For each training run, we get a Spearman rank correlation
over all 8 labels - 4 nAPs for d′ and 4 nAPs for decay. We then average across the four nAP conditions to obtain ρd′ and a
ρdecay for each trained model. Each ρ value therefore corresponds to a unique combination of: (split type, head architecture,
protein foundation model, split index, label type). Split type is one of random, novel-region, or low-to-high. Split index for
random and novel-region ∈ {0, 1, 2, 3, 4}, and there is only a single split for low-to-high. Label type is either d′ or decay.

For statistical comparisons, we use paired Wilcoxon signed-rank tests on the nAP-averaged ρ values that are defined above.
Comparisons on random and novel-region splits are paired by (split, label), giving n = 10 paired observations per test. For
low-to-high splits, which have only a single split, we instead pair by (architecture, label), giving n = 8 paired observations
per test. When multiple tests are reported within a single comparison family, we apply Holm-Bonferroni correction within
that family. Test results are summarized in Table 4.

Table 4. Statistical test results for pairwise comparisons reported in Section 3. Holm-Bonferroni correction is applied within each
comparison family, separated by horizontal rules. Bold pHolm indicates values of p < 0.05.

Section Comparison Split n ∆ρ pHolm

PFM-aggregated vs. one-hot, per architecture
3 MeanPoolMLP Random 10 +0.44 0.008
§3.1 AttnPoolMLP Random 10 +0.43 0.008
§3.1 MutationDeltaMLP Random 10 +0.30 0.008
§3.1 ConvMaxPool Random 10 +0.15 0.008

§3.2 MeanPoolMLP Contiguous 10 +0.27 0.008
§3.2 AttnPoolMLP Contiguous 10 +0.19 0.008
§3.2 MutationDeltaMLP Contiguous 10 +0.08 0.027
§3.2 ConvMaxPool Contiguous 10 +0.16 0.008

§3.3 PFM-aggregated (all heads) Low-to-high 8 +0.13 0.008

Within-family conditioning (best vs. sequence-only)
§3.2 AlphaFold3 Contiguous 10 +0.27 0.008
§3.2 Chai-1 Contiguous 10 +0.11 0.039
§3.2 ESM-3 Contiguous 10 +0.00 0.922
§3.2 PoET-2 Contiguous 10 +0.14 0.008

§3.3 AlphaFold3 Low-to-high 8 −0.02 1.000
§3.3 Chai-1 Low-to-high 8 +0.10 0.063
§3.3 ESM-3 Low-to-high 8 −0.11 0.234
§3.3 PoET-2 Low-to-high 8 +0.02 1.000
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A

B

Figure 6. (A) Number of variants mutated at each position in the train, test, and excluded sets of a representative novel-region split.
The shaded region represents the novel subsegment for the particular split. There are no mutations in the train set within the selected
subsegment, and the test set variants contain mutations only within this region. The variants with mutations both inside and outside the
subsegment are excluded from both train and test sets. (B) Subsegments for novel-region splits across the sequence. The split for the
selected subsegment visualized in (A) is highlighted in red.
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Figure 7. Low-to-high fitnesss splits can be visualized in 2D for each nAP. The excluded variants form a medium fitness buffer band
between the low and high fitness variants to ensure a challenging out-of-distribution problem. The decay and d′ values are plotted in
log-space. Towards the top and to the right is the direction of desired higher fitness. Note that a lower value is better for decay (axis is
inverted).
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