
   
 

1 
 

Fitness Landscape for Antibodies 2: Benchmarking Reveals That 1 

Protein AI Models Cannot Yet Consistently Predict Developability 2 

Properties 3 
 4 
Michael Chungyoun1, Jeffrey Gray1,2 5 
1 Department of Chemical and Biomolecular Engineering, Johns Hopkins University, Baltimore, 6 
MD, 21287, USA. 7 
2 Program in Molecular Biophysics, Institute for Nanobiotechnology, and Center for 8 
Computational Biology, Johns Hopkins University, Baltimore, MD, 21287, USA.  9 
 10 
1 Abstract 11 
A prominent application of machine learning in therapeutic antibody design is the development of 12 
models that can generate or screen antibody candidates with a high probability of success in 13 
manufacturing and clinical trials. These models must accurately represent sequence-structure-14 
function relationships, also known as the fitness landscape. Previous protein function benchmarks 15 
examine fitness landscapes across diverse protein families, but they exclude antibody data. Here, 16 
we introduce the second iteration of the Fitness Landscape for Antibodies (FLAb2), the largest 17 
public therapeutic antibody design benchmark to date. The datasets collected in FLAb2 contain 18 
developability assay data for over 4M antibodies across 32 studies, encompassing seven properties 19 
of therapeutic antibodies: thermostability, expression, aggregation, binding affinity, 20 
pharmacokinetics, polyreactivity, and immunogenicity. Using the curated data, we evaluate the 21 
performance of 30 artificial intelligence (AI) and biophysical models in learning these properties. 22 
Protein AI models on average do not produce statistically significant correlations for most (80%) 23 
of developability datasets. No models correlate with all properties or across multiple datasets of 24 
similar properties. Zero-shot predictions from pretrained models are incapable of accurately 25 
predicting all developability properties, although several models (IgLM, ProGen2, Chai-1, ESM2, 26 
ISM, IgFold) produce statistically significant correlations for multiple datasets for thermostability, 27 
expression, binding, or immunogenicity. Fine-tuning with at least 102 points improves 28 
performance on thermostability, aggregation, and binding, but polyreactivity and 29 
pharmacokinetics lack enough data for significance. Yet it is humbling to observe that given 30 
enough developability data (103 points), a fine-tuned one-hot encoding model can match the 31 
performance of fine-tuned billion-parameter pretrained models. Training data composition 32 
influences performance more than model architecture, and intrinsic biophysical properties 33 
(thermostability) are more readily learned than extrinsic properties (immunogenicity, 34 
pharmacokinetics). Controlling for germline distance with partial correlation reveals that protein 35 
language models draw substantially on evolutionary signal; on average, germline edit distance 36 
accounts for 40% of their apparent predictive power. FLAb2 data are accessible at 37 
https://github.com/Graylab/FLAb, together with scripts that allow researchers to benchmark, 38 
compare, and iteratively improve new AI-based developability prediction models. 39 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 27, 2025. ; https://doi.org/10.64898/2025.12.27.696706doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.27.696706
http://creativecommons.org/licenses/by/4.0/


   
 

2 
 

 40 
2 Introduction 41 
The innate and adaptive immune system is pivotal for safeguarding the human body, with 42 
antibodies employed as specialized proteins evolved to combat diseases. Antibody engineering 43 
exploits their therapeutic potential, resulting in over 200 marketed antibody therapeutics and a 44 
pipeline of nearly 1,400 investigational product candidates currently undergoing evaluation in 45 
clinical studies as treatments for a wide variety of diseases1. The efficacy of therapeutic antibody 46 
candidates hinges on achieving a delicate balance of drug-like biophysical properties, also known 47 
as developability properties, characterized by intricate tradeoffs where enhancing one property 48 
may compromise others. 49 
 50 
The rapidly advancing field of artificial intelligence is increasingly being applied to antibody 51 
design, enabling the generation of novel and diverse therapeutic candidates with favorable 52 
developability profiles in significantly reduced timeframes. Generative models can create 53 
antibodies in various formats - including VHHs, scFvs, and Fvs - that target a broad range of 54 
antigen epitopes, such as those from infectious agents like intestinal pathogens, influenza, RSV, 55 
SARS-CoV-2; or endogenous molecular targets like IL-7, TNFα and GPCRs2–5. In parallel, 56 
pretrained protein language models have been used in an unsupervised, zero-shot manner to guide 57 
mutational selection, enhancing the stability and antigen-binding affinity of wild-type 58 
antibodies6,7. Protein language model embeddings have also been leveraged to fine-tune 59 
downstream models for improved prediction of key developability properties, including 60 
clearance8, viscosity9, and in vitro assays10–12. 61 
 62 
As the diversity of deep learning approaches increases13,14, a systematic benchmark is needed for 63 
evaluating performance. Current antibody design methods are typically evaluated with native 64 
sequence or structure recovery15–19, which does not provide a complete indication of therapeutic 65 
potential. Other antibody design studies rely on sequence- or structure-based predictors of 66 
biophysical properties that have not yet been robustly validated against experimental antibody 67 
developability data20,21. 68 
 69 
Here, we provide a therapeutic antibody design benchmark dataset by curating experimental fitness 70 
data from over 30 studies spanning antibody thermostability, expression, aggregation, binding 71 
affinity, pharmacokinetics, polyreactivity, and immunogenicity. Our dataset collection, the Fitness 72 
Landscape for Antibodies (FLAb2), is the largest publicly available database of diverse 73 
developability data covering many relevant therapeutic properties. With FLAb2, we contribute (1) 74 
diverse datasets of therapeutic antibody assay data, (2) an assessment of the performance of widely 75 
adopted, pretrained and fine-tuned deep learning models for proteins, (3) an interpretation for what 76 
protein AI models learn and how model characteristics influence performance, and (4) scripts for 77 
zero-shot scoring and fine-tuning pretrained models. After introducing the data, we demonstrate 78 
its value by benchmarking a collection of models relevant to antibodies for their ability to correlate 79 
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likelihoods to fitness properties. Our long-term vision is that FLAb2 will help the development of 80 
models that can generate or filter new antibody design candidates more efficiently than what is 81 
often done experimentally. 82 
 83 
3 Related work 84 
3.1 Several databases provide antibody sequence and structure data, but not developability 85 
The Observed Antibody Space (OAS)22 and NaturalAntibody AbNGS23 collectively provide 5B 86 
annotated sequences from immune repertoires. The Structural Antibody Database (SAbDab)24 87 
contains 10K antibody structures from the Protein Data Bank (PDB) and is continually updated. 88 
SAbDab provides over 500 experimental binding affinity data points associated with some of the 89 
antibody-antigen crystal structures, but does not include other developability properties. 90 
 91 
3.2 Most protein fitness benchmarks exclude antibodies 92 
Previous endeavors to establish benchmarks for function prediction have laid a foundation for 93 
protein engineers to assess new models. The Critical Assessment of Functional Annotation 94 
(CAFA)25 tests the assignment of gene ontology classes to proteins. The Task Assessing Protein 95 
Embeddings (TAPE)26 evaluates different pretrained models in predicting three protein structure 96 
properties (remote homology, secondary structure, residue contacts), as well as two fitness 97 
properties (fluorescence and stability). The Fitness Landscape for Proteins (FLIP)27 examines the 98 
performance of masked language models, convolutional networks, and evolutionary models at 99 
expression, binding, and thermostability prediction. ProteinGYM28 tests zero-shot and few-shot 100 
benchmarking of protein language models from deep mutational scans. Garcia et al.29 curated a 101 
dataset of 614 experimentally characterized de novo designed monomers and benchmarked the 102 
ability of AlphaFold, ProteinMPNN, and ESMFold to zero-shot predict expression and solubility. 103 
RemoteFoldSet benchmarks the structural awareness of structure-informed language models30. 104 
These benchmarks provide insight in the capabilities of AI protein models for protein function 105 
prediction, but they all exclude antibody data. The absence of a publicly accessible benchmark 106 
dataset for therapeutic antibodies hinders the ability to identify which model properties contribute 107 
to optimal performance in predicting antibody fitness landscapes. 108 
 109 
3.3 Existing antibody benchmarks focus on binding prediction 110 
Antibody binding datasets have been curated for benchmarking. AstraZeneca used publicly 111 
available binding data from AbSci31, Porebski et al.32, and 85 data points generated in-house to 112 
benchmark their antibody sequence ranking model DiffAbXL against other approaches33. 113 
AbRank34 benchmarked five deep learning models at antibody binding affinity prediction, using a 114 
database of 300K antibody-antigen pairs curated from nine studies. NaturalAntibody curated 115 
AbDesign35, a dataset of 14 antibody-antigen complexes, each paired with mutational data totaling 116 
over 600 affinities. AbAgym36 curated 67 deep mutational scan datasets to benchmark ML models 117 
at predicting the change in antibody-antigen binding affinity upon mutation.  AbBiBench37 curated 118 
180K experimental binding measurements and benchmarked protein AI models at antibody 119 
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binding affinity maturation. These benchmarks assess binding affinity, a key step in therapeutic 120 
design, but an antibody's success also hinges on other developability factors. Our preliminary 121 
version of FLAb38 provided 30K datapoints across six developability properties to benchmark six 122 
deep learning models at zero-shot fitness prediction. Here, our updated release, FLAb2, integrates 123 
the previously described datasets with additional datasets mined from publications, yielding a 124 
database of 4M antibodies, and we benchmark 30 protein AI models on both zero-shot and few-125 
shot prediction. 126 
 127 
4 Fitness landscape data 128 
Jain et al.39 defines desirable developability characteristics as (1) high conformational stability, (2) 129 
high-level expression, (3) low propensity for aggregation, (4) high binding affinity towards the 130 
target antigen, (5) low polyreactivity, and (6) low immunogenicity (Fig. 1). FLAb2 includes 131 
sequences and measurements from Jain et al. and 31 other studies, which we use to assess the 132 
efficacy of protein AI models in capturing essential characteristics of therapeutic antibodies (Fig. 133 
2, Table S1). We collected in vitro and in vivo assays commonly used in therapeutic antibody 134 
discovery campaigns and summarized their counts by developability category and define each 135 
fitness landscape in Fig. S1 and Supp. Section 10.2, respectively. Each sequence is associated 136 
with at least one fitness label pertaining to the developability properties. Most of the collected 137 
datasets contain measurements from a single assay for a relatively small set of antibody sequences, 138 
with only a few datasets providing multiple assays per-sequence and large sequence sets (Fig. 2). 139 
 140 
5 Pipeline for model evaluation 141 
Protein models that produce statistically significant correlations with the antibody fitness 142 
landscapes can be reliable predictors for new therapeutic antibody design candidates. To 143 
benchmark protein models, we created a pipeline to run prediction models and correlate them to 144 
each experimental dataset (Fig. 3). 145 
 146 
5.1 Zero-shot benchmarking 147 
Zero-shot antibody fitness prediction is the task of using a model pretrained on protein sequence 148 
and structure to score a new set of antibodies, where the score is assumed to be descriptive of the 149 
antibody’s fitness, even though the model is not explicitly trained on this task. For zero-shot 150 
benchmarking (Fig. 3a), we use the antibody variable region sequence or structure as inputs for 151 
each model and output perplexity scores (averaged over all residues in the heavy and light chains). 152 
We use perplexity because it represents the confidence that the new antibody is similar to the 153 
learned distribution of high-fitness proteins from the pretraining dataset. If a protein language 154 
model implicitly captures the biophysical landscapes of antibodies, it should assign high 155 
confidence (low perplexity) to previously unseen high-fitness antibodies and low confidence (high 156 
perplexity) to low-fitness antibodies (examples in Fig. 3c). In zero-shot testing, all models were 157 
previously trained in their respective studies - we performed no additional fine-tuning prior to 158 
calculating perplexities. 159 
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160 
Figure 1: Seven classes of biophysical data are relevant to antibody developability. Left to right: 161 
Increasing machine learning prediction complexity. Provided below each category is an example assay used 162 
to quantify the property, with desirable values shown in green and undesirable values in red. (a) Antibody 163 
thermostability (Tm) is assessed through differential scanning calorimetry (DSC), which measures the heat 164 
capacity change of a sample with temperature; higher Tm values are considered better. (b) Expression is 165 
often assessed using enzyme-linked immunosorbent assay (ELISA) fluorescence with high optical density 166 
indicating desired high expression. (c) Aggregation can be measured using affinity-capture self-interaction 167 
nanoparticle spectroscopy (AC-SINS), where no change in the measured plasmon wavelength shift is ideal. 168 
(d) Binding affinity to a target antigen is assessed using the equilibrium dissociation constant (Kd), with a 169 
desirable Kd typically falling in the low nanomolar to picomolar range; smaller Kd values indicate a desired 170 
tighter binding. (e) Pharmacokinetics is measured by timing the clearance of a drug in vivo through an 171 
animal, typically mice or cynomolgus monkeys, where a low clearance rate is preferred. (f) Polyreactivity 172 
can be measured with cross-interaction chromatography (CIC) retention time, where therapeutic antibodies 173 
are expected to have a low retention time in the column indicating minimal non-specific interactions. (g) 174 
Immunogenicity is quantified as the percentage of patients developing anti-drug antibodies (ADAs) after 175 
therapeutic administration, where an ideal, non-immunogenic antibody results in 0% ADA response within 176 
a patient population. 177 
 178 
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179 
Figure 2: FLAb2 is composed of developability data collected from publications, competitions, and 180 
collaborators. (a) Most of the collected data is for binding, and data for pharmacokinetics is scarce. (b) 181 
Binding data is gathered from 22 publications. Except for binding, in each category, we were only able to 182 
identify 8 or fewer studies with open data. (c) Most of the datasets are either large (>1,000 sequences) but 183 
closely related (e.g. from a deep mutational scan of single point mutations) or small (<200 sequences) and 184 
diverse (antibodies from unique clonotypes). 185 
 186 
We report the Spearman’s correlations and associated p-value to establish the connection between 187 
the model uncertainty values and the fitness metrics associated with the sequences in the dataset. 188 
An optimal zero-shot predictor will display a Spearman’s correlation close to 1.0 between model 189 
perplexity and developability labels. In contrast, a Spearman’s correlation of 0.0 suggests no 190 
relationship between these metrics, while a correlation of -1.0 indicates an inverse relationship 191 
between the model's predictions and the developability label. 192 
 193 
Fig. 3c provides an example for zero-shot benchmarking. Ideally, the model should be more 194 
confident in the higher binding affinity antibody than the variants with lower binding affinity. This 195 
correct downward trend is observed for several candidates (MEDIUCA H1-Solomon, ρ = -0.53; 196 
MEDIUCA H4-Hubei, ρ = -0.47; mab114 Ebola, ρ = -0.28; MEDI H7-HK16, ρ = -0.20), yet the 197 
model incorrectly displays more confidence with the weaker affinity antibodies for S309 SARS-198 
CoV2 (ρ =  0.57) and REGN10987 SARS-CoV2-Omicron (ρ =  0.57). 199 
 200 
5.2 Few-shot benchmarking 201 
Few-shot antibody fitness prediction is the task of supervised fine-tuning a protein AI model on a 202 
developability dataset for predicting that property. For few-shot benchmarking (Fig. 3b), we 203 
explore an embedding-based fine-tuning approach. We use each protein language model to 204 
generate an embedded representation for each antibody and train a regression model on part of the 205 
developability dataset to predict developability of the holdout set. Predictions on the test set are 206 
evaluated based on the Spearman’s rank order correlation between the predicted and true assay 207 
values. Like the zero-shot setting, few-shot benchmarking is performed per dataset, and statistical 208 
significance is evaluated based on the associated p-value of the Spearman correlation. If a protein 209 
language model captures the biophysical landscapes of a pretraining set of antibodies or general 210 
proteins, the rich features in extracted embeddings should allow a learnable mapping between 211 
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embeddings and developability properties. Like zero-shot benchmarking, an ideal predictor will 212 
have a Spearman’s correlation approaching 1.0 between predicted developability and true 213 
developability. 214 
 215 

216 
Figure 3: Pipeline for benchmarking protein AI models. All fitness datasets contain columns for 217 
antibody heavy chain sequence, antibody light chain sequence, and an associated fitness metric. (a) Zero-218 
shot benchmarking: For each protein language model, we separately input the heavy and light sequence to 219 
return two perplexity scores, and we tabulate the average perplexity between the two sequences. For 220 
structure-conditioned language models, we first predict the antibody structure with Chai-139, and then 221 
tabulate the single perplexity scored from the model. Spearman’s correlations are calculated between 222 
average perplexity and the fitness measure. (b) Few-shot benchmarking: For each protein language model, 223 
we separately input the heavy and light chain sequences to return two embedded representations. The pairs 224 
of embeddings are concatenated, pooled, and used to train a two-layer fully connected network for 225 
regression with an 80/10/10 train/validation/test split. Spearman’s correlations are calculated between 226 
predicted fitness and true fitness. No antigen information is provided for any benchmarked models. We use 227 
Spearman’s correlation between model outputs and true fitness labels to capture any monotonic relationship 228 
between variables and to account for the non-normally distributed data we use to benchmark. Some assay 229 
labels were inverted to ensure that, in all cases, a positive Spearman’s correlation indicates better alignment 230 
between the model's confidence and the assay values. We provide examples for (c) zero-shot and (d) few-231 
shot benchmarking for antibody binding prediction. 232 
 233 
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In the few-shot benchmarking example in Fig. 3d, there is a significant (p-value = 0.00) positive 234 
correlation (ρ = 0.93) between the predicted and true fitness label for the strong binders of the 235 
broadly neutralizing antibody CR6261 in the upper right-hand quadrant, while showing relatively 236 
more noise for predicting weak binders in the lower left-hand quadrant. 237 
 238 
5.3 Models benchmarked 239 
We benchmark a diverse set of AI models associated with antibody design: (1) Decoder-only 240 
language models are trained using next-token prediction, and we investigate IgLM40 and 241 
ProGen241; (2) encoder-only language models capture continuous representations of sequences, 242 
and we investigate AntiBERTy42, ESM-243, and ISM44; (3) inverse folding models predict protein 243 
sequences from structure, and we investigate AbMPNN45, ESM-IF46, and ProteinMPNN47; (4) 244 
structure prediction models predict protein structures from sequence, and we investigate IgFold48 245 
and Chai-149. As a baseline for physics-based approaches, we calculate PyRosetta50 total energy 246 
and BioPython51 charge terms. We provide a more in-depth description of each model in Table S2 247 
and further details about the categories of benchmarked models in Supp. Section 10.3. 248 
 249 
6 Zero-shot results 250 
We evaluated whether model likelihoods, expressed as average perplexities, correlate with 251 
experimentally measured antibody developability properties.  252 
 253 
6.1 Most models do not have statistically significant correlations with most datasets 254 
We first investigate how many statistically significant (p-value < 0.05) Spearman’s correlations 255 
each zero-shot model has to each developability dataset. The structure-informed masked language 256 
model ISM 650M displayed the highest count of statistically significant correlations, with 94 257 
correlations or 39% of the total developability data sets (Fig. 4a). In order of decreasing count, 258 
protein AI models on average displayed significant correlations to 51% of immunogenicity 259 
datasets (Fig. 4h), 35% of expression datasets (Fig. 4c), 24% of thermostability datasets (Fig. 4b), 260 
20% of binding datasets (Fig. 4e), 17% of aggregation datasets (Fig. 4d), 16% of polyreactivity 261 
datasets (Fig. 4g), and 14% of pharmacokinetics datasets (Fig. 4f). The observed variation in the 262 
number of statistically significant correlations across developability categories likely reflects a 263 
combination of factors that are difficult to disentangle, including whether a model captures the 264 
underlying biophysical property, whether a data set is simply too small, and whether the biological 265 
assay readouts are too noisy. Some datasets exhibit statistically significant correlations across 266 
multiple models, suggesting that some data sets are clean and large enough to be used to fairly 267 
benchmark models. Accordingly, we designated a subset of datasets that show at least five 268 
statistically significant model–dataset correlations for further comparison (Table S3); the 269 
corresponding distributions of Spearman’s correlation coefficients for each model are shown in 270 
Fig. 5.  271 
 272 
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6.2 No single model predicts all developability properties with high accuracy 273 
Within each developability category, we investigate the average performance across all protein AI 274 
models and identify the best performing model. Expression was the least challenging task (average 275 
Spearman’s rank correlation ρ = 0.22), whereas aggregation was the most difficult (ρ = -0.07) 276 
(Table S4). From easiest to hardest, the average task ranking across all models was: expression > 277 
immunogenicity > thermostability > binding > polyreactivity > pharmacokinetics > aggregation. 278 
 279 
IgFold was the best overall performer (ρ = 0.12) (Fig. 5a), and most developability categories had 280 
a unique top-performing model (Fig. 5b-g, Table S5). The structure prediction model Chai-1 best 281 
predicted thermostability (ρ = 0.45) (Fig. 5b); the masked language model ESM2 150M best 282 
predicted expression (ρ = 0.44) (Fig. 5c); BioPython charge at pH 7.4 best predicted aggregation 283 
(ρ = 0.29) (Fig. 5d), pharmacokinetics (ρ = 0.59) (Fig. 5f), and polyreactivity (ρ = 0.18) (Fig. 5g); 284 
and the autoregressive language model ProGen2 Medium best predicted immunogenicity (ρ = 285 
0.34) (Fig. 5h, Table S5). Top performance in one category did not generalize to others. For 286 
instance, while Chai-1 excelled at thermostability prediction, it performed poorly in aggregation 287 
prediction (ρ = -0.17). Similarly, ESM2 150M, despite being the best model for expression, ranked 288 
as one of the lowest for pharmacokinetics (ρ = -0.15). An ideal antibody developability oracle 289 
would exhibit a ρ = 1.0 correlation between model confidence and experimental label for all 290 
developability categories, accurately predicting properties across all seven fitness domains. 291 
However, no single model achieves uniformly high performance. 292 
 293 
Developability properties vary in their predictability using the antibody alone, because some are 294 
intrinsic to the antibody sequence and structure, while others depend on extrinsic biological or 295 
environmental factors that are not provided to the models. Intrinsic properties such as 296 
thermostability and aggregation can, in principle, be inferred from the sequence or fold of the 297 
antibody variable domain, whereas extrinsic properties—such as polyreactivity, binding, 298 
immunogenicity, expression, and pharmacokinetics—depend on contextual information beyond 299 
the sequence. Binding depends on the antigen sequence and structure; immunogenicity depends 300 
on the patient’s immune system response; expression depends on host cell machinery; and 301 
pharmacokinetics depends on how the body traffics and metabolizes the administered drug. The 302 
unexpected difficulty of thermostability prediction may be explained by complications in 303 
identifying which portion of the antibody format melts first and is reported in melting curves52. 304 
These results for antibodies are similar to the results of the general protein benchmark 305 
ProteinGYM28 in that there is a unique top performing model depending on assay function type, 306 
yet different in that some FLAb2 categories had few good predictors (i.e. few models presented a 307 
ρ < 0.3), whereas all assay function types in ProteinGYM had multiple models with ρ >  0.4. 308 
 309 
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 310 
Figure 4: Count of significant correlations per zero-shot model. Count of significant (p-value < 0.05) 311 
correlations each protein AI and physics-based model had within each developability category. The “all” 312 
column within each subplot represents the total number of datasets within that category.  313 
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 314 
6.3 Architecture does not significantly impact zero-shot performance 315 
We next ask whether model architecture influences zero-shot performance. Across all 316 
developability categories, autoregressive language models (ρ = 0.01), masked language models (ρ 317 
= 0.01), inverse folding models (ρ = 0.02), and structure predictors (ρ = 0.07) performed similarly 318 
(Table S6). Variation in performance is seen between individual developability categories. 319 
Autoregressive models performed best at binding and immunogenicity; masked language models 320 
performed best at expression; inverse folding models performed best at polyreactivity (tied with 321 
structure predictors); and structure predictors performed best at thermostability and polyreactivity 322 
(Table S6). When comparing two models trained on the same 550M antibody sequence dataset 323 
from OAS, AntiBERTy (a masked language model) and IgLM (an autoregressive language model), 324 
we found both performed equally in most categories (Table S5). Similarly, when comparing the 325 
ESM2 suite of masked language models with the ProGen2 suite of autoregressive language 326 
models, both performed equally in most categories (Table S5). Thus, regardless of whether next-327 
token or masked prediction schemes are used to learn a fitness landscape, models of similar size 328 
with identical input representation and training set learn the same data distribution. 329 
 330 
6.4 Incorporating structure improves zero-shot performance over sequence-only models 331 
We next asked whether learned protein representation influences zero-shot performance. Structure-332 
informed masked language models, inverse folding models, and structure predictors–all of which 333 
learn over the protein sequence and structure space–dominated the developability prediction 334 
categories (Table S7). Comparing the ESM2 suite with the ISM suite allows us to compare two 335 
masked models with the same architecture, differing only in the tokenizer: ESM2 tokenizes 336 
sequence, while ISM also distills structural representations of the input protein. For thermostability 337 
prediction, ISM 3B (ρ = 0.38) outperformed ESM2 3B (ρ = 0.34), however ESM2 650M (ρ = 0.37) 338 
outperformed ISM 3B (ρ = 0.34) (Table S5). On average, across all categories, the ISM models 339 
outperformed the ESM models (Table S5). Structural reasoning allows these models to explicitly 340 
capture geometric and energetic constraints that sequence-only models overlook. Our findings 341 
align with those of Notin et al.28, who reported that incorporating structure substantially improves 342 
zero-shot prediction relative to sequence-only representations. 343 
 344 
6.5 Antibody-specific and general protein models excel in different developability domains 345 
We next assessed how models trained specifically on antibody sequences compare to general 346 
protein models. General protein models were better at predicting expression (ρ = 0.32), while 347 
antibody specific models were better at predicting immunogenicity (ρ = 0.11) (Table S8).  A direct 348 
comparison reveals a slightly different story: Between ProGen2 Medium (trained on UniRef) and 349 
ProGen2 OAS (trained exclusively on antibody sequences), both of which are the same 350 
autoregressive architecture with 764M parameters, ProGen2 Medium was the better performer for 351 
expression (ρ = 0.36), binding (ρ = 0.18), and immunogenicity  (ρ = 0.34) (Table S5). The different 352 
trend when comparing ProGen2 Medium and ProGen2 OAS may be particular to the ProGen2 353 
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suite–the original ProGen2 paper also noted that the general protein ProGen2 models were better 354 
than ProGen2 OAS for antibody binding, thermostability, and expression prediction41. Antibody-355 
specific and general protein models appear to specialize in different aspects of developability. 356 
Antibody-specific models perform better at predicting binding and immunogenicity, reflecting 357 
their learned understanding of antibody-specific sequence patterns and human-like framework 358 
regions. In contrast, general protein models, trained on broader sequence and structural diversity, 359 
perform better at predicting expression and thermostability—properties governed by general 360 
protein folding and biophysical behavior. 361 
 362 
6.6 Physics-based and AI-based models capture orthogonal properties of proteins 363 
We then examined the performance of physics-based models for developability prediction and 364 
compared it to that of zero-shot protein AI models. PyRosetta was not a top performer in any 365 
developability category and generally had no strong correlations to the developability categories 366 
(Table S5). Several sequence-based BioPython models performed exceptionally well: Across all 367 
physics-based and AI-based approaches, BioPython charge at pH 7.4 performed best at 368 
aggregation (ρ = 0.29), pharmacokinetics (ρ = 0.59), and polyreactivity (ρ = 0.18) prediction 369 
(Table S5). Physics-based models exhibited statistically significant correlations across the largest 370 
number of models for aggregation, pharmacokinetics, and polyreactivity prediction (Fig. 5d, f, g). 371 
While several physics-based models performed well at aggregation, pharmacokinetics, and 372 
polyreactivity prediction, protein AI models generally performed better at binding, expression, 373 
thermostability, and immunogenicity prediction. A charge-based model performs well at 374 
aggregation and pharmacokinetic prediction, consistent with the fact that these properties are 375 
driven by charged surface patches 53,54.  376 
 377 
6.7 Larger protein AI models do not outperform medium-sized models 378 
We next asked whether the size of the model, determined by the number of parameters, influences 379 
zero-shot prediction performance. Fig. S2 shows that increasing model size did not systematically 380 
improve zero-shot performance across categories. For aggregation, binding, and 381 
pharmacokinetics, performance remained flat. Thermostability and immunogenicity showed 382 
marginal improvement with model scale, while polyreactivity displayed high variability. A 383 
common claim with large language models is that scale improves zero-shot performance55–57, yet 384 
we do not observe this with therapeutic antibody engineering tasks. Notin et al.28 similarly found 385 
that billion parameter protein language models underperformed million parameter models. This 386 
trend may reflect the balance between model capacity and data coverage: overly large models risk 387 
memorization, while smaller models generalize more efficiently. The ratio of training tokens to 388 
model parameters, as noted by Hou et al.58, may provide a more meaningful predictor of 389 
generalizability. 390 
 391 
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392 
Figure 5: Distribution of zero-shot prediction performances for each model. Models are colored based 393 
on their architecture, and the y-axis displays the range of Spearman’s correlations between model 394 
confidence and developability label, where a correlation approaching 1.0 is ideal. Some of the assay labels 395 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 27, 2025. ; https://doi.org/10.64898/2025.12.27.696706doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.27.696706
http://creativecommons.org/licenses/by/4.0/


   
 

14 
 

are inverted so that a positive correlation between fitness and assay value always indicates improved model 396 
performance. We only report Spearman’s correlations with datasets that exhibit at least five significant 397 
dataset-model p-values to ensure our conclusions are statistically sound. 398 
 399 
6.8 Protein AI models are biased towards antibody germline signal rather than developability 400 
Intrigued by the observation of Olsen et al.59 that antibody language models have a germline bias, 401 
we investigated to what extent protein AI models are correlated to germline signals, rather than the 402 
actual developability label. We calculated the Spearman’s correlation between model confidence 403 
and the Levenstein distance of the antibody from its respective germline sequence (see Supp. 404 
Section 10.3 for calculating germline distance). Fig. S3 and Table S9 report the Spearman’s 405 
correlation between model confidence and germline distance for datasets within each 406 
developability category. ProGen2 BFD90 had the strongest correlation across all categories (ρ = 407 
0.80), and IgLM perplexities were most correlated to germline for sequences with thermostability, 408 
binding, polyreactivity, and immunogenicity labels (Table S9). Sequence-only models also had 409 
significantly higher correlation to germline than any models that learned over sequence and 410 
structure (Table S10). BioPython and PyRosetta displayed little to no correlation with germline. 411 
Increasing the number of model parameters increased the correlation between model confidence 412 
and germline signal (Fig. S4). The correlations between model confidence and edit distance to 413 
germline were significantly higher than the correlations we reported above between model 414 
confidence and fitness value. Additionally, AI-based developability prediction performance was 415 
significantly higher for datasets where germline sequences had relatively higher fitness, and lower 416 
for datasets where germline sequences had relatively lower fitness (Fig. S5a)—a trend not 417 
observed for physics-based models (Fig. S5b).  418 
 419 
We next controlled for germline distance using partial correlation60, which measures the 420 
relationship between two variables while eliminating influence of a third variable (Supp. Section 421 
10.4). Upon eliminating the influence of germline distance, protein language models lost, on 422 
average, 40% of their apparent fitness-predictive power, whereas physics-based models were 423 
significantly less affected (14%) (Fig. 6, Table S12). Our results suggest that the dominance of 424 
germline residues in the antibody pretraining data introduces a strong bias toward them in zero-425 
shot prediction. Previous work61–64 similarly observed that protein language models capture and 426 
exploit phylogenetic distances more readily than biophysical characteristics. The reduction of 427 
germline bias we observe with the introduction of structure in the learned representation indicates 428 
that this bias can be reduced by expanding the learned representation beyond sequence. 429 
 430 
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 431 
Figure 6: Partial correlation between model confidence and fitness when accounting for germline 432 
signal. The x-axis shows the correlation between model confidence and fitness, and the y-axis presents the 433 
partial correlation between model confidence and fitness after accounting for germline signal (see Supp. 434 
Section 10.4). AI models are displayed as red circles and physics models as blue triangles. To focus on 435 
statistically robust results, we include only datasets for which at least five models show statistically 436 
significant correlations and for which the mean Spearman correlation across models is at least 0.3 (see 437 
datasets in Table S11). 438 
 439 
7 Few-shot results 440 
In the zero-shot setting, we evaluated model uncertainty (perplexity) as a proxy for developability. 441 
However, this metric may not fully capture the knowledge encoded during pretraining. To test 442 
whether models implicitly learned developability-related features, we used their latent embeddings 443 
in a supervised few-shot regression framework. The datasets that satisfy the cutoff of five 444 
statistically significant dataset-models  and are used in this section are listed in Table S13. Results 445 
for pharmacokinetics and polyreactivity are omitted due to a lack of at least five statistically 446 
significant dataset-model correlations and big enough training datasets. The distribution of 447 
Spearman’s correlation coefficients for each fine-tuned model is displayed in Fig. 7, and the count 448 
of statistically significant correlations per model is displayed in Fig. S6.  449 
 450 
7.1 Few-shot models yield fewer significant correlations than zero-shot 451 
As in the zero-shot setting, we first investigate how many statistically significant Spearman’s 452 
correlations each few-shot model has to each developability dataset. The masked language model 453 
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ESM2 8M displayed the highest count of statistically significant correlations, with 30 correlations 454 
or 13% of the total developability datasets (Fig. S6a). In order of decreasing count, protein AI 455 
models on average displayed significant correlations to 73% of immunogenicity datasets (Fig. 456 
S6h), 46% of expression datasets (Fig. S6c), 9% of binding datasets (Fig. 6e), 4% of aggregation 457 
datasets (Fig. S6d), 6% of thermostability datasets (Fig. S6b), 5% of polyreactivity datasets (Fig. 458 
S6g), and 2% of pharmacokinetic datasets (Fig. S6f). This trend is similar to the zero-shot setting, 459 
where immunogenicity and expression had the highest count of significant correlations compared 460 
to the other developability categories. The overall lower count of significant correlations is in part 461 
due to the small size of the developability datasets – most datasets are less than 100 datapoints 462 
(Fig. 2c) leading to small train/val/test splits and poor performance. To enable a more equitable 463 
comparison of model performance, we identified the subset of the datasets that exhibit statistically 464 
significant correlations across at least five models (Table S13). The corresponding distributions of 465 
Spearman’s correlation coefficients for each model with the selected datasets are shown in Fig. 7. 466 
 467 
7.2 Few-shot learning improves performance in all developability categories 468 
Within each developability category, we investigate the average performance of MLPs trained on 469 
embeddings from each protein AI model, identify the best performing model, and compare it to 470 
the top performing zero-shot model. Thermostability was the least challenging to predict (ρ = 471 
0.61), while aggregation was the most difficult (ρ = 0.32) (Table S14). Like the zero-shot setting, 472 
expression and immunogenicity showed statistically significant correlations across the largest 473 
fraction of models (Fig. S6). From the easiest to hardest, the average developability prediction 474 
performance across all models was: thermostability > expression > immunogenicity > binding > 475 
aggregation. 476 
 477 
Embeddings from two protein AI models tied for best performer across all developability 478 
properties (ρ = 0.56): ESM2 3B and ISM 3B (Fig. 7a, Table S15). Most developability categories 479 
had a unique top-performing model (Fig. 7b-g, Table S15). Embeddings from the structure-480 
informed masked language model ISM uc30 650M best predicted thermostability (ρ = 0.75) (Fig. 481 
7b), the masked language models ESM2 35M and ISM 3B best predicted expression (ρ = 0.56) 482 
(Fig. 7c), ISM uc30pdb 650M best predicted aggregation (ρ = 0.66) (Fig. 7d), ISM 3B best 483 
predicted binding (ρ = 0.61) (Fig. 7e), and ESM2 150M best predicted immunogenicity (ρ = 0.49) 484 
(Fig. 7h, Table S15). High performance in one category did not generalize to others. For instance, 485 
while the IgFold structure embeddings model was among the best predictors for expression (ρ = 486 
0.54), it was a poor predictor of aggregation (ρ = -0.03). Across all categories, the best few-shot 487 
models perform better than the best zero-shot models. In both the zero-shot and few-shot setting, 488 
aggregation was among the most challenging. However, there was a change in the other categories, 489 
as thermostability became the easiest to predict after finetuning, over expression (Table S15). 490 
 491 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 27, 2025. ; https://doi.org/10.64898/2025.12.27.696706doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.27.696706
http://creativecommons.org/licenses/by/4.0/


   
 

17 
 

7.3 Architecture impacts few-shot more than zero-shot performance 492 
We next ask whether model architecture influences few-shot performance. Across each 493 
developability category, embeddings from masked language models (ρ = 0.55) performed the best 494 
(Table S16). One hot encoding models performed similarly to inverse folding models and structure 495 
predictors (Table S16). These results are different to the zero-shot setting, where we found that 496 
architecture did not significantly impact performance. 497 
 498 
7.4 Learned representation does not significantly impact few-shot performance 499 
We next asked whether learned protein representation influences few-shot performance. 500 
Embeddings from structure-informed masked language models generally performed best (Table 501 
S17). Across all developability properties, both ESM2 3B (sequence-only) and ISM 3B (structure-502 
informed) performed equally (ρ = 0.56). ISM uc30pdb 650M (ρ = 0.54) and ESM2 650M (ρ = 503 
0.51) also performed similarly. Some models, such as IgFold, produce multiple learned 504 
representations throughout their pipeline. From IgFold, we extract sequence-only AntiBERTy 505 
embeddings, structure-informed embeddings after the graph transformer, and further structure-506 
informed embeddings following template incorporation. Performance varied across these 507 
representations: AntiBERTy embeddings performed best across all properties (ρ = 0.48), followed 508 
by IPA (ρ = 0.41) and the graph transformer (ρ = 0.40). Whereas in the zero-shot setting adding 509 
structure improved performance, fine-tuning sequence-only embeddings were sufficient to obtain 510 
competitive developability prediction performance (Table S15). 511 
 512 
7.5 General protein embeddings outperform antibody-specific embeddings in few-shot 513 
setting 514 
We next assessed how embeddings from models trained specifically on antibody sequences 515 
compare to embeddings from general protein models. Embeddings from general protein models 516 
dominated at predicting each developability property (Table S18). These results differ from the 517 
zero-shot setting, where there was more variation in what general protein and antibody-specific 518 
models were effective at predicting. 519 
 520 
7.6 One-hot encodings perform comparably to billion-parameter models in few-shot 521 
prediction 522 
We next asked whether the size of the model influences few-shot prediction performance. Fig. 8 523 
shows that increasing model size did not significantly improve few-shot performance across all 524 
categories. For thermostability (Fig. 8b), expression (Fig. 8c), aggregation (Fig. 8d), binding (Fig. 525 
8e), and immunogenicity (Fig. 8f), one hot encoding performed equally to million and billion 526 
parameter models, indicating that simple models given sufficient developability data can approach 527 
the accuracy of large pretrained protein models. Developability prediction does not require billion 528 
parameter models, neither in zero-shot nor in few-shot. 529 
 530 
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531 
Figure 7: Distribution of few-shot prediction performances for each model. Models are colored based 532 
on their architecture, and the y-axis displays the range of Spearman’s correlations between predicted 533 
developability and true developability label, where a correlation approaching 1.0 is ideal. We only report 534 
Spearman’s correlations with datasets that exhibit at least five significant dataset-model p-values to ensure 535 
our conclusions are statistically sound. 536 
 537 
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538 
Figure 8: Distribution of few-shot prediction performances for each model compared to parameter 539 
size. Models are colored based on their architecture, and the y-axis displays the range of Spearman’s 540 
correlations between predicted developability and true developability label, where a correlation 541 
approaching 1.0 is ideal. We only report Spearman’s correlations with datasets that exhibit at least five 542 
significant dataset-model p-values to ensure our conclusions are statistically sound. 543 
 544 
7.7 Few-shot models lose their germline bias compared to zero-shot models 545 
We next investigated whether models trained on embeddings of pretrained protein AI models are 546 
correlated to germline signals, rather than the actual developability label. We calculated the 547 
Spearman’s correlation between model’s predicted developability and the Levenstein distance of 548 
the antibody from its respective germline sequence (see Supp. Section 10.3 for calculating 549 
germline distance). Fig. S7 and Table S19 report the Spearman’s correlation between predicted 550 
developability and germline distance. Across all developability properties, the correlation to 551 
germline varied significantly, with some exhibiting an inverse correlation and others showing a 552 
moderate correlation of ρ < 0.3 (Table S19). The germline bias shows no sign of increasing or 553 
decreasing with parameter size (Fig. S8). Compared to the zero shot models presented earlier, the 554 
germline correlations exhibited by few shot models were significantly less. 555 
 556 
In the zero-shot setting described earlier, all pretrained protein AI models exhibited a clear 557 
germline bias, reflecting their reliance on evolutionary signals encoded during pretraining. In 558 
contrast, this bias substantially diminishes in the few-shot setting. Here, model predictions show 559 
little to no correlation with germline distance, suggesting that the models are no longer depending 560 
on evolutionary similarity to infer developability. Instead, they appear to have learned features 561 
more directly related to the experimental labels, resulting in improved predictive performance. The 562 
only developability property that consistently retained a notable correlation with germline distance 563 
was immunogenicity. This finding aligns with prior reports65,66 that antibodies diverging further 564 
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from their germline sequences tend to have higher immunogenic potential, and so germline 565 
distance is inherently correlated with immunogenicity. 566 
 567 
8 Conclusion 568 
This work benchmarked the zero-shot and few-shot performance of diverse protein AI models in 569 
predicting antibody developability properties. We highlighted the models that performed best in 570 
each developability category; evaluate how model architecture, learned protein representation, 571 
pretraining data composition, and parameter size influence performance; and identified what 572 
properties of therapeutic antibodies protein AI models learn.  573 
 574 
Based on these observations, we suggest a set of recommendations to consider when developing 575 
zero-shot and few-shot antibody developability oracles: 576 

1. Developability properties should be examined separately, as models that perform well in 577 
one fitness task may not perform well in any of the others. 578 

2. Incorporating protein structure into the learned representation improves zero-shot and few-579 
shot performance and reduces germline bias. 580 

3. Antibody-specific models generally perform better for binding affinity and 581 
immunogenicity prediction, while general protein models perform better at thermostability 582 
and expression prediction. 583 

4. Model size does not significantly impact zero-shot prediction. 584 
5. When presented with little fine-tuning data (< 300 sequences), train an MLP on 585 

embeddings from a large, billion parameter model. When presented with a lot of fine-586 
tuning data (> 1000 sequences), training an MLP on one-hot encodings may suffice. 587 

 588 
The task of generalizable zero-shot and few-shot developability prediction remains unsolved. The 589 
protein AI models we evaluated rely on simplified heuristics—distance from germline and 590 
evolutionary patterns—rather than capturing the biophysical mechanisms underlying antibody 591 
developability. These heuristics do not generalize across diverse developability property 592 
landscapes, reflecting an incomplete internal representation. These models learn statistical patterns 593 
observed in the training data rather than the physical laws governing folding or function. 594 
Recognizing these limitations highlights the need to design models that can integrate richer sources 595 
of information to improve generalization. 596 
 597 
The current benchmark has several constraints that limit broad conclusions. Not all model 598 
architectures are equally represented, with fewer structure-informed masked language models and 599 
a predominance of general protein models over antibody-specific models. Additionally, some 600 
datasets are small (2 - 20 sequences), resulting in weak statistical power and potential spurious 601 
correlations.  To ensure robustness, we chose to interpret our results by looking only at datasets 602 
that had at least five significant dataset-model correlations from our set of 30 models and 240 603 
datasets. Ideally, all correlations between models and datasets would be significant for a robust 604 
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comparison to draw conclusions, but this is not the case for a database composed of datasets with 605 
varying size and biological assays with varying noise in their readouts. The next iteration of an 606 
antibody fitness benchmark could extend FLIP27 by evaluating model generalization across diverse 607 
mutational regimes—including single, double, and triple mutants—to capture nonlinear epistatic 608 
effects67. Investigating models trained on low-fitness variants and tested on high-fitness regions 609 
could further assess their capacity to guide directed evolution. Comparing machine learning–610 
designed sequences with experimentally evolved variants would provide insight into whether a 611 
protein AI model interprets each differently. Pairwise variant ranking frameworks like that used in 612 
AbRank34 could enhance robustness to assay noise and distribution shifts. Finally, exploring 613 
homolog density in training data58 and adopting fine-tuning strategies like PLMFit68, domain 614 
adaptation69, and calibration70 could improve zero-shot and few-shot prediction. Future 615 
improvements to developability oracles may involve integrating developability-labeled data71, 616 
experimental feedback72, in-silico developability data73, and physics-based information74 to 617 
enhance model generalization. Incorporating antigen or environmental context, along with domain 618 
adaptation strategies, may help account for covariate shifts75 across heterogeneous datasets. 619 
Mixing representations, such as combining language model embeddings with one-hot encodings76, 620 
has shown promise for improving predictive performance, and should be further explored. 621 
 622 
Improvements to both benchmarking and developability oracles requires more developability data, 623 
as we have found that sequence and structure alone cannot capture all the fitness landscapes of 624 
therapeutic antibodies. This ideal developability dataset includes (1) diversity in antibody 625 
sequence space with many clonotypes and many types of mutations like substitution and indels; 626 
(2) diversity in developability space by including antibodies with good or poor developability 627 
properties, as we have limited data of antibodies with poor developability; (3) antibodies with low 628 
or high edit distances from germline; and (4) data replicated in multiple labs or environments to 629 
estimate the effects of covariates in combining datasets. Hummer et al.77 estimated at least 90K 630 
computational ΔΔG values must be obtained to train an accurate binding affinity oracle. Properties 631 
that we found challenging to predict in our benchmark (immunogenicity, aggregation, 632 
pharmacokinetics) may require more data than this estimate, and properties we found easier to 633 
predict (expression) may require less data. Although FLAb2 contains millions of datapoints for 634 
antibody binding affinity, most are for the same 2 – 3 antigen sequences, making it difficult for us 635 
to reproduce the results of Hummer et al. which trained on a more diverse set of antibody-antigen 636 
complexes across the entire PDB. Expanding the benchmark with larger, more balanced datasets 637 
in the bottom right regime of Fig. 2 c) will improve the robustness and interpretability of observed 638 
trends. 639 
 640 
Open data initiatives such as FLAb2 can accelerate the development of robust computational 641 
oracles, provide reproducible benchmarks, and ultimately guide the design of therapeutic 642 
antibodies with improved developability. However, more publicly available antibody 643 
developability data than what is currently available is necessary to benchmark and train the 644 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 27, 2025. ; https://doi.org/10.64898/2025.12.27.696706doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.27.696706
http://creativecommons.org/licenses/by/4.0/


   
 

22 
 

developability oracles of tomorrow. The continual release of antibody developability data will lead 645 
to major improvements in performance of antibody design and screening by leveraging the 646 
ingenuity of the global antibody engineering community. 647 
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 741 
10.0 Data availability 742 
Data, scripts, and analyses are available at https://github.com/Graylab/FLAb/releases/tag/v1.0.0. 743 
 744 
The datasets collected and used in our analyses are covered by a diverse set of licenses, and we 745 
only share datasets in our GitHub that allow redistribution (Attribution 4.0 International, 746 
Attribution-NonCommercial 4.0 International, Attribution-NonCommercial-NoDerivatives 4.0 747 
International, MIT, Clear BSD). The datasets not redistributed in the FLAb2 GitHub are from 748 
Ginkgo Datapoints12 (https://huggingface.co/datasets/ginkgo-datapoints/GDPa1) and 749 
NaturalAntibody35,79 (https://naturalantibody.com/ab-design/,  750 
https://naturalantibody.com/therapeutic-antibody-database/). 751 
 752 
10.1 Data composition 753 
Table S1: Number of unique antibody sequence-fitness label pairs from antibody datasets. The data 754 
provided by Garbinski et al. (2023) is not associated with a publication. 755 

Study Tm. Exp. Agg. Bind. PK. Poly. Imm. 
Jain et al. (2017)39  137 137 685   685  
Jain et al. (2023)80  137  685  262 1707  
Jetha et al. (2019)81    97     

Shanehsazzadeh et al. (2023)31  39  65 461 39 28  
Jain et al. (2024)10  43  301 33 129 86  

Arsiwala et al. (2025)12  682 324 1235   488  
Kraft et al. (2019)82    128     

Phillips et al. (2021)83     67033    
Engelhart et al. (2022)84     352140    
Shanker et al. (2024)7     223  39  

Shanehsazzadeh et al. (2024)85     321    
Garbinski et al. (2023) 86 94  81    

Hie et al. (2023)6  37   146    
Hutchinson et al. (2023)52  258   362    

Koenig et al. (2017)86   4275  4275    
Makowksi et al. (2022)87     126    

Rawat et al. (2022)88     569    
Rosace et al. (2023)89  19   19  38  

Warszawski et al. (2019)90     2048    
Zimmerman et al. (2020)91     21    

Adams et al. (2017)92     11067    
Peterson et al. (2024)93     2111    

Kirby et al. (2024)78     2276    
Erasmus et al. (2024)94     142    

Tsuruta et al. (2024)     573891    
Krawczyk et al. (2025)35     1328    
Kothiwal et al. (2025)95     709    

Marks et al. (2021)96        217 
Natural Antibody (2025)97        4855 

Sulea et al. (2019)98  33       
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 756 

757 
Figure S1: Assays present in each developability category. Each developability property can be measured 758 
with a variety of different assays, and we present the counts of each collected assay. 759 
 760 
10.2 Descriptions of developability properties 761 
Thermostability ensures an antibody will maintain its structure and function when exposed to 762 
heat, particularly during manufacturing, storage, and administration. Antibodies with high 763 
thermostability are more likely to remain potent over extended periods and under different storage 764 
conditions. Differential scanning fluorimetry (DSF) and calorimetry (DSC) is provided for clinical 765 
stage and germline antibodies, with some datasets including point mutations of a starting antibody 766 
candidate. The datasets range in size - some are a few hundred antibody variants from the same 767 
wildtype6,10,12,31,52,80,89, some are collections of diverse antibodies from other public datasets like 768 
NbThermo99, and some are only 2-3 sequences in dataset size6. 769 
 770 
Expression ensures the production of antibodies in a host cell system, which is necessary to isolate 771 
a molecule for further testing and directly affects production yield and cost of manufacturing. 772 
Expression data is collected from clinical stage therapeutics14,39 and rounds of enrichment of a 773 
starting antibody candidate86. 774 
 775 
Aggregation refers to the process of individual antibodies coming together to form larger 776 
assemblies, or aggregates. Aggregation can be problematic as it leads to reduced therapeutic 777 
efficacy and potentially harmful immune responses. Aggregation data is collected for both 778 
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therapeutic12,39,80 and germline10 antibody datasets, and a breadth of assays for measuring this 779 
property (Fig. S1a). 780 
 781 
Binding affinity ensures the prolonged physical contact during an interaction between an antibody 782 
and target antigen to initiate a mechanism of action: Impacting an antigen’s ability to block 783 
pathways (blocking/antagonist); binding a cell surface receptor to activate some downstream 784 
response (agonist); initiation of cellular cytotoxicity, phagocytosis, or apoptosis; or receptor 785 
internalization and down modulation100. Binding affinity data is collected for therapeutic and 786 
germline antibodies, in varying sequence diversity from completely different isotypes to single 787 
point deep mutational scans. 788 
 789 
Pharmacokinetics refers to how the body of an animal interacts with an administered therapeutic. 790 
A complete pharmacokinetic profile encompasses absorption, distribution, metabolism, and 791 
excretion. The pharmacokinetic data collected measures the clearance of a drug through mice10, 792 
which provides an indication of the drug’s half-life and therapeutic efficacy per dose. 793 
 794 
Polyreactivity refers to the promiscuity of antibodies to bind to multiple antigens. Although 795 
bispecific and trispecific antibodies do exist1 and continue to be explored as powerful clinical drug 796 
candidates, polyreactivity is generally undesirable as it indicates off-target and non-specific 797 
binding. Polyreactivity data is collected for both therapeutic12,39 and germline10 antibodies. 798 
 799 
Immunogenicity refers to the elicitation of an undesirable immune response after administration 800 
of a therapeutic antibody, leading to the generation of anti-drug antibodies (ADAs). ADAs can 801 
recognize and neutralize therapeutic antibodies, reducing their efficacy and potentially causing 802 
adverse effects. Minimizing immunogenicity is important for therapeutic antibodies to maintain 803 
their efficacy and safety. Immunogenicity datasets report the percent of the patient population that 804 
exhibited an ADA response after therapeutic administration79,96. Each therapeutic drug in these 805 
datasets are tested in different patient populations, so the reported ADA response rates are not 806 
directly comparable across drugs. 807 
 808 
10.3 Protein AI model descriptions 809 
Table S2: Model descriptions. A description of each benchmarked model is provided in terms of its 810 
architecture, the model size, the training data, what representations of protein the model has learned, and 811 
the output from the model that is used for zero-shot benchmarking. 812 

Model Architecture Param size Train data Data rep. Zero-shot val 

IgLM40 Autoregressive LM 12889600 Antibody Sequence Perplexity 
ProGen2 Small41 Autoregressive LM 151000000 General  Sequence Perplexity 

ProGen2 Medium41 Autoregressive LM 764000000 General  Sequence Perplexity 
ProGen2 Base41 Autoregressive LM 764000000 General  Sequence Perplexity 
ProGen2 OAS41 Autoregressive LM 764000000 Antibody Sequence Perplexity 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 27, 2025. ; https://doi.org/10.64898/2025.12.27.696706doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.27.696706
http://creativecommons.org/licenses/by/4.0/


   
 

28 
 

ProGen2 BFD9041 Autoregressive LM 2700000000 General  Sequence Perplexity 
ProGen2 Large41 Autoregressive LM 2700000000 General  Sequence Perplexity 

ProGen2 XLarge41 Autoregressive LM 6400000000 General  Sequence Perplexity 

AntiBERTy42 Masked LM 26000000 Antibody Sequence Pseudo-ppl 
ESM2 8M43 Masked LM 8000000 General  Sequence Pseudo-ppl 
ESM2 35M43 Masked LM 35000000 General  Sequence Pseudo-ppl 
ESM2 150M43 Masked LM 150000000 General  Sequence Pseudo-ppl 
ESM2 650M43 Masked LM 650000000 General  Sequence Pseudo-ppl 

ESM2 3B43 Masked LM 3000000000 General  Sequence Pseudo-ppl 
ISM 650M44 Masked LM 650000000 General  Seq and structure Pseudo-ppl 
ISM 650M44 Masked LM 650000000 General  Seq and structure Pseudo-ppl 

ISM 3B44 Masked LM 3000000000 General  Seq and structure Pseudo-ppl 

ESM IF46 Inverse folding model 142000000 General  Seq and structure Perplexity 
ProteinMPNN47 Inverse folding model 1381000 General  Seq and structure Perplexity 

AbMPNN45 Inverse folding model 1381000 Antibody Seq and structure Perplexity 

Chai 149 Structure prediction 3000000000 General  Seq and structure pLDDT 
IgFold48 Structure prediction 1600000 Antibody Seq and structure pRMSD 

BP aromaticity51 Biophysics model NA NA Sequence Unitless 
BP charge pH 7.451 Biophysics model NA NA Sequence Net charge 

BP flexibility51 Biophysics model NA NA Sequence Unitless 
BP gravy51 Biophysics model NA NA Sequence Hydropathy 

BP instability51 Biophysics model NA NA Sequence Unitless 
BP pI51 Biophysics model NA NA Sequence pH 

BP mol. weight51 Biophysics model NA NA Sequence Daltons 
PyRosetta50 Biophysics model NA NA Seq and structure Total energy 
LD from GL Immunological model NA NA Sequence Unitless 

 813 
Decoder-only language models 814 
Decoder-only language models have proven to be effective in generating plausible and novel 815 
protein sequences. These models are trained using a next-token prediction objective, where the 816 
probability of the next amino acid is influenced by the entire preceding sequence. During training, 817 
a database of sequences is utilized to predict 𝑝(𝑠!|𝑠"!), enhancing the model’s ability to generate 818 
accurate sequences. We evaluate the zero-shot prediction of therapeutic properties by correlating 819 
to the perplexity of each sequence under those models: 820 

ppl(𝑥)	=	exp -− #
$
∑ ln	𝑝(𝑥!|	𝑥"!)$
!%# 1 ,    (1) 821 

where 𝑥 = 	 (𝑥#, 𝑥&, … , 𝑥$) is a sequence consisting of 𝑛 tokens. 822 
The decoder models we benchmark are IgLM and ProGen2. The ProGen2 models come in various 823 
sizes, ranging from 151M to 6.4B parameters, pretrained on a mixture of UniRef90 and BFD90 824 
databases. IgLM formulates the design task based on text-infilling using a standard left-to-right 825 
decoder (GPT-2), trained on a non-redundant set of 558M antibody sequences obtained from OAS. 826 
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 827 
Encoder-only language models 828 
Encoder-only language models capture comprehensive information in a continuous abstract 829 
representation that can be broadly applied.  A subset of residues is randomly chosen and replaced 830 
with a special mask token. The model is then trained to predict the identities of these masked 831 
residues. 832 
In an encoder-only model, an estimation of perplexity can be obtained by calculating the 833 
exponential of the negative pseudo-log-likelihood, or pseudo-perplexity: 834 

pseudo	ppl(𝑥) = 	exp -− #
$
∑ ln	𝑝9𝑥!:	𝑥{\!};$
!%# 1 ,   (2) 835 

where 𝑥{*!} is the set of all residues except 𝑥!. 836 
In this category of models we focus on AntiBERTy, a 26M parameter model pretrained on 558M 837 
natural antibody sequences from OAS; ESM-2, a suite of models ranging in size from 8M to 3B 838 
parameters pretrained on 65M unique sequences from UniRef50 and Uniref90; and ISM, which 839 
includes the 650M and 3B parameter ESM-2 models distilled with structural representations. 840 
 841 
Inverse folding models 842 
Generative deep learning architectures that predict protein sequences from structures are known 843 
as inverse folding models. For inverse folding models we evaluate the perplexity for each antibody 844 
sequence-structure pair: 845 

ppl(𝑥) = 	exp -− #
$
∑ ln	𝑝9𝑥!:	𝑥{\!},	structure;$
!%# 1 .   (3) 846 

ESM-IF uses an autoregressive encoder-decoder architecture, where the model is tasked with 847 
recovering the native sequence of the protein from the coordinates of its backbone atoms. 848 
ProteinMPNN uses a message-passing neural network with 1.4M parameters that predicts protein 849 
sequences using the protein backbone geometry. AbMPNN uses the same architecture as 850 
ProteinMPNN, with weights obtained from training on antibody PDB structures. Structures of all 851 
antibody mutants are predicted with Chai-1 prior to scoring with inverse folding models. 852 
 853 
Structure prediction models 854 
Protein structure prediction models predict the 3D coordinates of a protein backbone given a 855 
protein sequence. We measure the network's structure prediction confidence for each protein 856 
sequence as a metric for perplexity, which is pLDDT for Chai-1, a general protein structure 857 
prediction model, and pRMSD for IgFold, an antibody-specific structure prediction model. 858 
pLDDT measures per-residue confidence, scaled from 0 to 100 with higher scores indicating 859 
higher confidence, whereas pRMSD measures the predicted root-mean squared deviation (RMSD) 860 
from the hypothetical true crystal structure, where a value approaching 0 indicates less predicted 861 
deviation from the crystal. 862 
 863 
Physics-based models 864 
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We seek to compare the performance of protein AI models versus empirical models of protein 865 
energy, which has been a longstanding approach for protein design efforts. Rosetta, the classic 866 
protein structure prediction and design software, employs an optimized energy function, REF2015, 867 
that assesses the energy of atomic interactions within a globular protein. Score functions within 868 
Rosetta are composed of weighted sums of various energy terms. Some of these terms correspond 869 
to physical forces, such as electrostatics and Van Der Waals interactions, while others represent 870 
statistical terms, like the likelihood of observing specific torsion angles in Ramachandran space: 871 

E({𝑥!}!%#$ ,	structure) 	= 	∑ 𝑤++%{energy	types} 𝜖+({𝑥!}!%#$ ,	structure) ,   (4) 872 
where 𝜖! is a Rosetta energy term, and 𝑤! is the respective weighted number. Rosetta’s energy 873 
calculation does not directly correspond to physical energy units and are instead expressed in 874 
Rosetta energy units (REUs). A lower score indicates a higher likelihood of a structure being closer 875 
to the native structure. Structures of all antibody mutants are predicted with Chai-1 prior to 876 
calculating Rosetta energy. 877 
 878 
We use Biopython to compute physicochemical properties of antibody sequences: Aromaticity 879 
(the frequency of aromatic residues), Charge at pH 7.4 (the net electric charge of the antibody), 880 
Flexibility (backbone flexibility based on empirical parameters from amino acid propensities), 881 
Gravy (average hydropathy index), Instability index (an estimate of protein stability), and 882 
Isoelectric point (pH at which protein carries no net charge). 883 
 884 
Germline model 885 
Antibodies begin as germline-encoded sequences that diversify through somatic mutation as they 886 
mature toward recognizing specific pathogens. We seek to compare the likelihoods generated by 887 
the model to the edit distance of the antibody sequence from its respective germline. For each 888 
antibody sequence, we retrieve the V gene and J gene calls using ANARCI92. The V gene encodes 889 
frameworks (FRs) 1-3, complementarity determining regions (CDRs) 1-2, and part of CDR3; and 890 
the J gene encodes part of CDR3 and FR4. The edit distance between the antibody sequence and 891 
the retrieved sequences from the V and J gene calls are calculated via the Levenstein distance. 892 
 893 
10.4 Zero-shot results 894 
Table S3: Datasets that pass the 5-significant-model cutoff. Datasets that satisfy the 5-significant-895 
model cutoff and are used for the zero-shot model analyses. 896 

Name Datapoints Category 
garbinski2023_tm1.csv 86 thermostability 

hie2023efficient_MEDIUCA_Tm.csv 7 thermostability 
hie2023efficient_REGN10987_Tm.csv 2 thermostability 

hie2023efficient_S309_Tm.csv 6 thermostability 
hie2023efficient_mAb114_Tm.csv 10 thermostability 

hutchinson2023enhancement_top200tm1_igg.csv 28 thermostability 
hutchinson2023enhancement_top27tm1_igg.csv 192 thermostability 
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jain2017biophysical_Tm.csv 137 thermostability 
jain2023identifying_Tm.csv 137 thermostability 

rosace2023automated_tm1_adalimumab.csv 14 thermostability 
rosace2023automated_tm1_golimumab.csv 5 thermostability 

shanehsazzadeh2023unlocking_DLS.csv 13 thermostability 
sulea2019assisted_sdAb_tm.csv 33 thermostability 
tresanco2023nbthermo_tm.csv 672 thermostability 

ginkgo2025gdpa1_tm1_nanodsf_avg.csv 237 thermostability 
adams2018measuring_exp.csv 10970 expression 

garbinski2023_exp.csv 94 expression 
jain2017biophysical_HEK.csv 137 expression 

koenig2017mutational_er_g6.csv 4275 expression 
adams2017measuring_4420-fluorescein_exp_er.csv 10970 expression 

jain2017biophyscial_HICRT.csv 137 aggregation 
jain2017biophysical_ACSINS.csv 137 aggregation 
jain2017biophysical_CSIBLI.csv 137 aggregation 
jain2023identifying_ACSINS.csv 137 aggregation 

jain2023identifying_CSI.csv 137 aggregation 
jain2023identifying_HIC.csv 137 aggregation 
jetha2019homology_RT.csv 97 aggregation 

shanehsazzadeh2023unlocking_ACSINS.csv 13 aggregation 
ginkgo2025gdpa1_sec_pctmonomer_avg.csv 244 aggregation 

ginkgo2025gdpa1_smac_rt_avg.csv 244 aggregation 
ginkgo2025gdpa1_hic_rt_avg.csv 244 aggregation 

ginkgo2025gdpa1_acsins_dLmax_ph74_avg.csv 244 aggregation 
ginkgo2025gdpa1_acsins_dLmax_ph60_avg.csv 244 aggregation 

kraft2019herapin_relrt.csv 128 aggregation 
jain2017biophysical_CICRT.csv 137 aggregation 

phillips2021binding_cr9114_h1_kd.csv 32392 binding 
phillips2021binding_cr9114_h3_kd.csv 32767 binding 
phillips2021binding_cr6261_h1_kd.csv 953 binding 
phillips2021binding_cr6261_h9_kd.csv 921 binding 

shanker2024unsupervised_Ly1404-BQ.1.1_IC50.csv 50 binding 
shanker2024unsupervised_Ly1404-BQ.1.1_Kd.csv 36 binding 

shanehsazzadeh2024igdesign_Osocimab-FXI_kd.csv 47 binding 
shanehsazzadeh2024igdesign_Tezepelumab-TSLP_kd.csv 127 binding 

garbinski2023_kd.csv 81 binding 
hie2023efficient_CoV2_S309_Kd.csv 20 binding 

hie2023efficient_CoV2omicron_REGN10987_Kd.csv 8 binding 
hie2023efficient_MEDIUCA_H1Solomon_Kd.csv 21 binding 
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hutchinson2023enhancement_singlekd_fab.csv 22 binding 
hutchinson2023enhancement_singlekd_igg.csv 23 binding 
hutchinson2023enhancement_top200kd_fab.csv 50 binding 
hutchinson2023enhancement_top200kd_igg.csv 182 binding 
hutchinson2023enhancement_top27kd_fab.csv 28 binding 

koenig2017mutational_kd_g6.csv 4275 binding 
makowksi2022cooptimization_iso_ant.csv 126 binding 
makowski2022cooptimization_igg_ant.csv 96 binding 
makowski2022cooptimization_igg_ova.csv 96 binding 
makowski2022cooptimization_iso_ova.csv 126 binding 

shanehsazzadeh2023_trastuzumab_zero_kd.csv 422 binding 
shanehsazzadeh2023unlocking_zerokd_trastuzumab.csv 422 binding 

warszawski2019_d44_Kd.csv 2048 binding 
zimmerman2020antibody_4420_kd.csv 21 binding 

adams2017measuring_4420-fluorescein_kd-titeseq.csv 11052 binding 
peterson2024integrated_ab_H1HA_kd.csv 1040 binding 

peterson2024integrated_ab_H1HA_binary.csv 1071 binding 
erasmus2024aintibody_binding.csv 142 binding 

tsuruta2024sarscov2_binary.csv 77003 binding 
krawczyk2025naturalantibody_1BJ1_bind.csv 68 binding 

krawczyk2025naturalantibody_1MHP_bind.csv 131 binding 
krawczyk2025naturalantibody_1N8Z_bind.csv 42 binding 
krawczyk2025naturalantibody_1NMB_bind.csv 8 binding 
krawczyk2025naturalantibody_1VFB_bind.csv 65 binding 
krawczyk2025naturalantibody_1XGR_bind.csv 4 binding 
krawczyk2025naturalantibody_1XGT_bind.csv 4 binding 
krawczyk2025naturalantibody_1YY9_bind.csv 21 binding 
krawczyk2025naturalantibody_3HFM_bind.csv 46 binding 
krawczyk2025naturalantibody_5F9W_bind.csv 58 binding 
krawczyk2025naturalantibody_5GGS_bind.csv 51 binding 
krawczyk2025naturalantibody_5GGV_bind.csv 66 binding 
krawczyk2025naturalantibody_6MFP_bind.csv 36 binding 
krawczyk2025naturalantibody_6NMS_bind.csv 48 binding 
krawczyk2025naturalantibody_6NMU_bind.csv 46 binding 
krawczyk2025naturalantibody_7BEJ_bind.csv 34 binding 
krawczyk2025naturalantibody_7JMO_bind.csv 60 binding 
krawczyk2025naturalantibody_7KF0_bind.csv 36 binding 

jain2024assessment_Hen_Lys_kd.csv 31 binding 
kothiwal2025htp_DCC_ec50.csv 23 binding 

kothiwal2025htp_DKK¬†1.00_ec50.csv 18 binding 
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kothiwal2025htp_IL23R_ec50.csv 56 binding 
kothiwal2025htp_PDL1_spr.csv 29 binding 
kothiwal2025htp_PDL2_spr.csv 23 binding 

kothiwal2025htp_ROBO1_ec50.csv 45 binding 
kothiwal2025htp_ROBO1_spr.csv 39 binding 

kothiwal2025htp_ROBO2N_hROBO2N_spr.csv 22 binding 
kothiwal2025htp_TIGIT_spr.csv 22 binding 

jain2023identifying_FcRnRelRT3.csv 132 pharmacokinetics 
jain2023identifying_HEPRT3.csv 130 pharmacokinetics 

makowski2022cooptimization_pI.csv 126 pharmacokinetics 
jain2017biophysical_BVPELISA.csv 137 polyreactivity 
jain2017biophysical_SMACRT.csv 137 polyreactivity 

jain2023identifying_BVP.csv 137 polyreactivity 
jain2023identifying_CIC.csv 137 polyreactivity 

jain2023identifying_FVC32.csv 115 polyreactivity 
jain2023identifying_FvFVIII2.csv 115 polyreactivity 
jain2023identifying_FvLysM2.csv 115 polyreactivity 

jain2023identifying_SMAC.csv 137 polyreactivity 
shanker2024unsupervised_APC-MFI_Elotuzumab-Ixekuzimab.csv 6 polyreactivity 

shanker2024unsupervised_APC-MFI_Ly1404.csv 18 polyreactivity 
ginkgo2025gdpa1_hac_rt_avg.csv 94 polyreactivity 

ginkgo2025gdpa1_polyreactivity_prscore_cho_avg.csv 197 polyreactivity 
marks2021humanization_immunogenicity.csv 217 immunogenicity 

naturalantibody2025therapeutics_ada_prevalence_all.csv 3456 immunogenicity 
naturalantibody2025therapeutics_ada_incidence_all.csv 820 immunogenicity 
naturalantibody2025therapeutics_ada_baseline_all.csv 579 immunogenicity 

  897 
Table S4: Zero-shot performance summary across all models. Tabulated correlation between model 898 
confidence and actual fitness score, averaged across all models. Some of the assay labels are inverted so 899 
that a positive correlation between fitness and assay value always indicates improved model performance. 900 

All Categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
0.01 0.06 0.22 -0.07 0.05 -0.06 0.02 0.07 

 901 
Table S5: Zero-shot performance summary for each individual model. Tabulated correlation between 902 
model confidence and actual fitness score, for each model. 903 

Scoring Method All Categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
IgLM -0.01 -0.05 0.17 -0.16 0.08 -0.18 -0.02 0.21 

ProGen2 Small 0.00 0.13 0.39 -0.15 0.17 -0.05 -0.07 0.10 
ProGen2 Medium 0.08 0.09 0.36 -0.19 0.18 -0.13 -0.03 0.34 

ProGen2 Base -0.02 0.02 0.38 -0.15 0.01 -0.16 -0.02 0.16 
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ProGen2 OAS 0.04 0.09 0.12 -0.18 0.11 -0.18 -0.03 0.12 
ProGen2 BFD90 -0.02 0.14 0.35 -0.17 0.12 -0.15 -0.04 0.33 
ProGen2 Large 0.00 0.01 0.36 -0.15 0.09 -0.13 -0.04 0.17 

ProGen2 XLarge -0.01 0.07 0.32 -0.15 0.10 -0.19 -0.03 0.28 
AntiBERTy 0.00 -0.14 0.24 -0.11 0.06 -0.16 0.00 0.17 
ESM2 8M -0.04 0.01 0.26 -0.08 -0.03 -0.10 -0.05 -0.10 
ESM2 35M -0.04 0.14 0.30 -0.10 -0.06 -0.10 -0.02 -0.14 
ESM2 150M -0.04 0.00 0.44 -0.12 0.01 -0.15 -0.07 -0.03 
ESM2 650M 0.04 0.15 0.37 -0.07 0.12 -0.07 0.04 -0.01 

ESM2 3B 0.03 0.16 0.34 -0.05 0.14 -0.12 0.02 -0.04 
ISM 650M 0.06 0.16 0.34 -0.11 0.13 -0.12 0.07 0.01 

ISM 3B 0.06 0.05 0.38 -0.08 0.13 -0.12 0.08 0.09 
ESM IF 0.01 0.25 0.29 -0.05 -0.04 -0.08 0.08 0.10 

ProteinMPNN 0.04 -0.05 0.09 -0.07 0.04 -0.08 0.09 0.08 
AbMPNN 0.00 -0.08 0.14 -0.11 0.06 -0.12 0.13 0.07 

Chai 1 0.01 0.45 0.38 -0.17 0.01 -0.12 0.04 0.11 
IgFold 0.12 0.08 0.23 -0.17 0.18 -0.16 0.16 0.08 

PyRosetta -0.02 -0.01 -0.13 -0.04 0.07 -0.06 -0.04 0.03 
BP aromaticity 0.06 0.01 0.07 0.10 0.04 0.11 0.15 -0.02 

BP charge at pH 7.4 0.00 -0.08 0.05 0.29 -0.11 0.59 0.18 0.01 
BP flexibility -0.07 0.11 -0.14 -0.13 -0.03 -0.23 0.00 0.02 

BP gravy 0.04 0.02 0.05 -0.01 0.06 -0.08 -0.05 0.03 
BP instability index -0.06 0.04 0.07 0.13 -0.15 0.15 0.00 -0.14 
BP isoelectric point 0.01 -0.08 0.04 0.18 -0.13 0.54 0.16 0.04 

BP molecular weight 0.02 -0.04 0.11 0.08 -0.06 0.06 0.06 -0.08 
LD from GL 0.00 0.04 0.14 -0.18 0.11 -0.19 -0.07 0.19 

 904 
Table S6: Zero-shot performance across architectures. Autoregressive language models include IgLM 905 
and the ProGen2 suite. Masked language models include AntiBERTy, the ESM2 suite, and the ISM suite. 906 
Inverse folding models include AbMPNN, ESM IF, and ProteinMPNN. Structure predictors include Chai-907 
1 and IgFold. Sequence-based physics models include BioPython. Structure-based physics models include 908 
PyRosetta.  909 

Architecture All Categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
Autoregressive LMs 0.01 0.06 0.31 -0.16 0.11 -0.15 -0.03 0.21 

Masked LMs 0.01 0.07 0.33 -0.09 0.06 -0.12 0.01 -0.01 
Inverse folding 0.02 0.04 0.17 -0.08 0.02 -0.09 0.10 0.08 

Structure predictors 0.07 0.27 0.30 -0.17 0.09 -0.14 0.10 0.10 
Seq-based physics 0.00 0.00 0.04 0.09 -0.05 0.16 0.07 -0.02 

Struc-based physics -0.02 -0.01 -0.13 -0.04 0.07 -0.06 -0.04 0.03 
 910 
Table S7: Zero-shot performance across sequence-only and structure-informed models. Masked 911 
language modes without structure are AntiBERTY and the ESM2 suite. Masked language models with 912 
structure include the ISM suite. Inverse folding models are ESM-IF, ProteinMPNN, and AbMPNN. 913 
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Structure predictors are Chai-1 and IgFold. Sequence-only masked language and causal language models 914 
are the ESM2 suite, AntiBERTY, IgLM, and ProGen2. 915 

Learned rep. All Categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
MLMs w/o structure -0.01 0.05 0.33 -0.09 0.04 -0.12 -0.01 -0.02 
MLM w/ structure 0.06 0.11 0.36 -0.10 0.13 -0.12 0.08 0.05 

Inverse folding 0.02 0.04 0.17 -0.08 0.02 -0.09 0.10 0.08 
Structure predictor 0.07 0.27 0.30 -0.17 0.09 -0.14 0.10 0.10 
MLMs and CLMs 0.01 0.06 0.32 -0.13 0.09 -0.13 -0.01 0.10 

 916 

Table S8: Zero-shot performance across general protein and antibody-specific AI models. General 917 
protein AI models include the ProGen2 suite, the ESM2 suite, the ISM suite, ESM IF, ProteinMPNN, and 918 
Chai-1. Antibody specific models include IgLM, AntiBERTy, AbMPNN, and IgFold. 919 

Protein family All categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
General protein 0.01 0.11 0.32 -0.12 0.07 -0.12 0.00 0.09 

Antibody specific 0.03 -0.05 0.19 -0.14 0.09 -0.16 0.07 0.13 
 920 

921 
Figure S2: Distribution of zero-shot prediction performances for each model compared to parameter 922 
size. Models are colored based on their architecture, and the y-axis displays the range of Spearman’s 923 
correlations between model confidence and developability label, where a correlation approaching 1.0 is 924 
ideal. We only report Spearman’s correlations with datasets that exhibit at least five significant dataset-925 
model p values to ensure our conclusions are statistically sound. 926 
 927 
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 928 
Figure S3: Distribution of zero-shot prediction correlations with germline. Models are colored based 929 
on their architecture, and the y-axis displays the range of Spearman’s correlations between model 930 
confidence and distance from germline. A correlation approaching 1.0 indicates the model is highly 931 
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confident in germline sequences and highly unconfident in sequences far from germline. We only report 932 
Spearman’s correlations with datasets that exhibit at least five significant dataset-model p-values to ensure 933 
our conclusions are statistically sound. 934 
 935 
Table S9: Zero-shot correlation with germline signal. Tabulated correlation between model confidence 936 
and distance from germline. A correlation approaching 1.0 indicates the model is highly confident in 937 
germline sequences and highly unconfident in sequences far from germline. 938 

Scoring Method All Categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
IgLM 0.74 0.87 0.86 0.86 0.54 0.74 0.89 0.89 

ProGen2 Small 0.63 0.69 0.68 0.68 0.33 0.79 0.68 0.72 
ProGen2 Medium 0.72 0.79 0.84 0.82 0.36 0.79 0.82 0.85 

ProGen2 Base 0.67 0.73 0.77 0.76 0.39 0.71 0.80 0.76 
ProGen2 OAS 0.75 0.78 0.78 0.78 0.38 0.78 0.78 0.78 

ProGen2 BFD90 0.80 0.81 0.87 0.85 0.43 0.81 0.85 0.87 
ProGen2 Large 0.73 0.74 0.78 0.75 0.45 0.74 0.79 0.62 

ProGen2 XLarge 0.73 0.80 0.88 0.88 0.45 0.68 0.87 0.85 
AntiBERTy 0.63 0.64 0.64 0.63 0.44 0.56 0.73 0.73 
ESM2 8M 0.11 0.11 0.21 0.12 0.12 0.05 0.11 0.14 
ESM2 35M 0.18 0.19 0.27 0.18 0.17 0.60 0.14 0.11 
ESM2 150M 0.20 0.24 0.25 0.20 0.30 0.79 0.19 0.08 
ESM2 650M 0.38 0.27 0.45 0.45 0.27 0.79 0.38 0.38 

ESM2 3B 0.40 0.44 0.43 0.45 0.40 0.79 0.40 0.47 
ISM 650M 0.46 0.46 0.46 0.47 0.32 0.61 0.46 0.57 

ISM 3B 0.48 0.49 0.51 0.50 0.28 0.82 0.48 0.59 
ESM IF 0.30 0.38 0.38 0.35 0.09 0.50 0.35 0.58 

ProteinMPNN 0.13 0.14 0.23 0.20 0.01 0.19 0.17 0.42 
AbMPNN 0.13 0.27 0.28 0.28 0.04 0.08 0.27 0.39 

Chai 1 0.18 0.32 0.12 0.42 0.22 -0.02 -0.04 0.43 
IgFold 0.33 0.25 0.38 0.38 0.14 0.23 0.38 0.39 

PyRosetta 0.04 0.02 0.02 0.06 0.01 0.18 0.05 0.09 
BP aromaticity 0.08 -0.02 0.09 0.21 -0.03 -0.52 0.16 0.24 

BP charge at pH 7.4 -0.07 -0.09 -0.06 -0.09 -0.01 -0.14 -0.07 -0.20 
BP flexibility 0.18 0.21 0.19 0.23 0.00 0.53 0.23 0.18 

BP gravy -0.10 -0.11 -0.12 -0.36 0.08 0.39 -0.36 -0.33 
BP instability index -0.08 -0.08 -0.08 -0.08 -0.05 0.11 -0.08 -0.31 
BP isoelectric point -0.05 -0.06 -0.03 -0.06 -0.02 -0.03 -0.06 -0.16 

BP molecular weight 0.07 0.06 -0.02 0.07 0.04 -0.36 0.08 0.01 
LD from GL 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

 939 
Table S10: Zero-shot correlation to germline signal across sequence-only and structure-informed 940 
models. Masked language modes without structure are AntiBERTY and the ESM2 suite. Masked language 941 
models with structure include the ISM suite. Inverse folding models are ESM-IF, ProteinMPNN, and 942 
AbMPNN. Structure predictors are Chai-1 and IgFold. Sequence-only masked language and causal 943 
language models are the ESM2 suite, AntiBERTY, IgLM, and ProGen2. 944 
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Learned rep. All Categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
MLMs w/o structure 0.32 0.31 0.37 0.34 0.28 0.60 0.32 0.32 
MLM w/ structure 0.47 0.47 0.49 0.49 0.30 0.72 0.47 0.58 

Inverse folding 0.19 0.26 0.30 0.28 0.05 0.26 0.26 0.46 
Structure predictor 0.26 0.29 0.25 0.40 0.18 0.11 0.17 0.41 
MLMs and CLMs 0.54 0.56 0.60 0.59 0.35 0.69 0.59 0.59 

 945 

 946 
Figure S4: Zero-shot prediction correlations with germline compared to parameter size. Models are 947 
colored based on their architecture, and the y-axis displays the range of Spearman’s correlations between 948 
model confidence and the distance from germline. A correlation approaching 1.0 indicates the model is 949 
highly confident in germline sequences and highly unconfident in sequences far from germline. We only 950 
report Spearman’s correlations with datasets that exhibit at least five significant dataset-model p-values to 951 
ensure our conclusions are statistically sound. 952 
 953 
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954 
Figure S5: Average zero-shot prediction performance across datasets with varying directions of 955 
germline and fitness. Each point represents one developability dataset. The x-axis is the correlation 956 
between the distance from germline and the fitness, where a correlation approaching -1.0 indicates the 957 
sequences closer to germline have lower fitness, and a correlation approaching 1.0 indicates the sequences 958 
closer to germline have higher fitness. The y-axis is the average correlation of perplexity to fitness across 959 
all benchmarked protein AI models. a) Protein AI models, and b) PyRosetta. We only report Spearman’s 960 
correlations with five significant dataset-model p-values to ensure our conclusions are statistically sound. 961 
 962 
Partial correlation calculation 963 
The partial correlation coefficient60 measures the relationship between two variables (𝐴	, 𝐵	) while 964 
eliminating influence of a third variable 𝐶	. 965 

𝑟56,8 =
𝑟56 − 𝑟58  𝑟68

I1 − 𝑟58&  I1 − 𝑟68&
 966 

We calculate the partial correlation between the protein AI model perplexity (𝐴	) and the 967 
developability label (𝐵	) accounting for germline signal (𝐶	). For a given developability dataset, 968 
we calculate the Spearman’s correlations between the AI model perplexity and the developability 969 
label (𝑟56), between the AI model and germline signal (𝑟58), and between the developability label 970 
and germline signal (𝑟68). 971 
 972 
Table S11: Partial correlation datasets. Datasets for which at least five models show statistically 973 
significant correlations and for which the mean Spearman correlation across models is at least 0.3. 974 

Name Datapoints Category 

hie2023efficient_MEDIUCA_Tm.csv 7 thermostability 
hie2023efficient_REGN10987_Tm.csv 2 thermostability 

hie2023efficient_S309_Tm.csv 6 thermostability 
hutchinson2023enhancement_multitm1_igg.csv 15 thermostability 

rosace2023automated_tm1_adalimumab.csv 14 thermostability 
rosace2023automated_tm1_golimumab.csv 5 thermostability 
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shanehsazzadeh2023unlocking_DLS.csv 13 thermostability 
shanehsazzadeh2023unlocking_DSF1.csv 13 thermostability 

garbinski2023_exp.csv 94 expression 
shanehsazzadeh2023unlocking_ACSINS.csv 13 aggregation 
shanehsazzadeh2023unlocking_NRCGE.csv 13 aggregation 

shanehsazzadeh2023unlocking_SEC.csv 13 aggregation 
garbinski2023_kd.csv 81 binding 

hie2023efficient_CoV2_S309_Kd.csv 20 binding 
hie2023efficient_CoV2omicron_REGN10987_Kd.csv 8 binding 

hie2023efficient_MEDIUCA_H1Solomon_Kd.csv 21 binding 
hie2023efficient_MEDIUCA_H4Hubei_Kd.csv 12 binding 
hutchinson2023enhancement_multikd_fab.csv 15 binding 

kothiwal2025htp_DCC_ec50.csv 23 binding 
kothiwal2025htp_PDL2_spr.csv 23 binding 

kothiwal2025htp_ROBO2N_hROBO2N_spr.csv 22 binding 
kothiwal2025htp_TIGIT_spr.csv 22 binding 

krawczyk2025naturalantibody_1DQJ_bind.csv 20 binding 
krawczyk2025naturalantibody_1NMB_bind.csv 8 binding 
krawczyk2025naturalantibody_2NYY_bind.csv 20 binding 
krawczyk2025naturalantibody_3N85_bind.csv 9 binding 
krawczyk2025naturalantibody_5GGV_bind.csv 66 binding 
krawczyk2025naturalantibody_7JMO_bind.csv 60 binding 
krawczyk2025naturalantibody_7KF0_bind.csv 36 binding 

makowksi2022cooptimization_iso_ant.csv 126 binding 
shanehsazzadeh2023unlocking_adcc_ec50.csv 13 binding 

shanehsazzadeh2023unlocking_kd_hher2_mab.csv 13 binding 
shanker2024unsupervised_Ly1404-BQ.1.1_IC50.csv 50 binding 
shanker2024unsupervised_Ly1404-BQ.1.1_Kd.csv 36 binding 
shanker2024unsupervised_SA58-BA.1_IC50.csv 19 binding 
shanker2024unsupervised_SA58-BQ.1.1_Kd.csv 7 binding 

jain2023identifying_FVC32.csv 115 polyreactivity 
jain2023identifying_FvFVIII2.csv 115 polyreactivity 
jain2023identifying_FvLysM2.csv 115 polyreactivity 

rosace2023automated_CICRT1_golimumab.csv 5 polyreactivity 
rosace2023automated_CICRT2_golimumab.csv 5 polyreactivity 

shanker2024unsupervised_APC-MFI_Ly1404.csv 18 polyreactivity 
shanker2024unsupervised_APC-MFI_SA58.csv 15 polyreactivity 

 975 
Table S12: Partial correlations of protein AI models after accounting for germline signal. 976 

Scoring Method Original corr. Adjusted corr. Diff. 
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IgLM 0.50 0.26 0.47 
ProGen2 Small 0.47 0.29 0.38 

ProGen2 Medium 0.46 0.23 0.51 
ProGen2 Base 0.48 0.30 0.37 
ProGen2 OAS 0.48 0.23 0.52 

ProGen2 BFD90 0.48 0.23 0.52 
ProGen2 Large 0.49 0.21 0.57 

ProGen2 XLarge 0.47 0.17 0.63 
AntiBERTy 0.49 0.30 0.39 
ESM2 8M 0.46 0.39 0.16 
ESM2 35M 0.53 0.38 0.27 
ESM2 150M 0.54 0.43 0.21 
ESM2 650M 0.50 0.35 0.31 

ESM2 3B 0.49 0.32 0.35 
ISM 650M 0.50 0.35 0.30 

ISM 3B 0.52 0.37 0.28 
ESM IF 0.46 0.38 0.18 

ProteinMPNN 0.51 0.46 0.09 
AbMPNN 0.51 0.41 0.20 

Chai 1 0.53 0.42 0.20 
IgFold 0.52 0.36 0.31 

PyRosetta 0.48 0.40 0.16 
BP aromaticity 0.48 0.40 0.16 

BP charge at pH 7.4 0.48 0.45 0.06 
BP flexibility 0.49 0.37 0.25 

BP instability index 0.49 0.45 0.09 
BP isoelectric point 0.51 0.48 0.05 

BP molecular weight 0.46 0.38 0.17 
 977 
10.5 Few-shot results 978 
Table S13: Datasets that pass the 5-significant-model cutoff. Datasets that satisfy the 5-significant-979 
model cutoff and are used for the few-shot model analyses. 980 

Name Datapoints Category 
tresanco2023nbthermo_tm.csv 672 thermostability 
adams2018measuring_exp.csv 10970 expression 

koenig2017mutational_er_g6.csv 4275 expression 
adams2017measuring_4420-fluorescein_exp_er.csv 10970 expression 

ginkgo2025gdpa1_acsins_dLmax_ph74_avg.csv 244 aggregation 
phillips2021binding_cr9114_h1_kd.csv 32392 binding 
phillips2021binding_cr9114_h3_kd.csv 32767 binding 
phillips2021binding_cr6261_h1_kd.csv 953 binding 
phillips2021binding_cr6261_h9_kd.csv 921 binding 

engelhart2022dataset_scFv-SARS-CoV-2_affinity.csv 352140 binding 
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shanehsazzadeh2024igdesign_Tezepelumab-TSLP_kd.csv 127 binding 
koenig2017mutational_kd_g6.csv 4275 binding 

makowksi2022cooptimization_iso_ant.csv 126 binding 
shanehsazzadeh2023_trastuzumab_zero_kd.csv 422 binding 

shanehsazzadeh2023unlocking_zerokd_trastuzumab.csv 422 binding 
warszawski2019_d44_Kd.csv 2048 binding 

adams2017measuring_4420-fluorescein_kd-titeseq.csv 11052 binding 
peterson2024integrated_ab_H1HA_kd.csv 1040 binding 

peterson2024integrated_ab_H1HA_binary.csv 1071 binding 
tsuruta2024avida-hIL6_binary.csv 573891 binding 
tsuruta2024sarscov2_binary.csv 77003 binding 

naturalantibody2025therapeutics_ada_prevalence_all.csv 3456 immunogenicity 
naturalantibody2025therapeutics_ada_incidence_all.csv 820 immunogenicity 
naturalantibody2025therapeutics_ada_baseline_all.csv 579 immunogenicity 

 981 
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982 
Figure S6: Count of significant correlations per few-shot model. Count of significant (p-value < 0.05) 983 
correlations each protein AI model had within each developability category. We only report Spearman’s 984 
correlations with five significant dataset-model p values to ensure our conclusions are statistically sound. 985 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 27, 2025. ; https://doi.org/10.64898/2025.12.27.696706doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.27.696706
http://creativecommons.org/licenses/by/4.0/


   
 

44 
 

 986 
Table S14: Few-shot performance summary across all models. Tabulated correlation between model 987 
confidence and actual fitness score, averaged across all models. Some of the assay labels are inverted so 988 
that a positive correlation between fitness and assay value always indicates improved model performance. 989 

All Categories Tm. Exp. Agg. Bind. Imm. 
0.49 0.61 0.53 0.32 0.43 0.44 

 990 
Table S15: Few-shot performance summary for each individual model. Tabulated correlation between 991 
model confidence and actual fitness score, for each model. 992 

Scoring Method All Categories Tm. Exp. Agg. Bind. Imm. 
AntiBERTy 0.54 0.60 0.55 0.52 0.47 0.45 
ESM2 8M 0.51 0.57 0.55 0.25 0.39 0.47 
ESM2 35M 0.50 0.70 0.56 0.28 0.42 0.47 
ESM2 150M 0.55 0.61 0.55 0.48 0.52 0.49 
ESM2 650M 0.51 0.63 0.54 0.40 0.48 0.43 

ESM2 3B 0.56 0.63 0.54 0.27 0.56 0.44 
ISM uc30 650M 0.55 0.75 0.55 0.42 0.55 0.44 

ISM uc30pdb 650M 0.54 0.72 0.55 0.66 0.45 0.45 
ISM 3B 0.56 0.74 0.56 0.37 0.61 0.45 
ESM IF 0.29 0.50 0.46 0.18 0.20 0.47 

IgFold BERT 0.48 0.54 0.55 0.43 0.41 0.47 
IgFold GT 0.40 0.51 0.47 -0.03 0.33 0.40 

IgFold structure 0.41 0.51 0.54 -0.03 0.37 0.34 
One Hot 0.42 0.51 0.47 0.32 0.30 0.36 

 993 
Table S16: Few-shot performance across architectures. Masked language models include AntiBERTy, 994 
the ESM2 suite, and the ISM suite. Inverse folding models include ESM IF. Structure predictors include 995 
IgFold. 996 

Architecture All Categories Tm. Exp. Agg. Bind. Imm. 
Masked LMs 0.54 0.66 0.55 0.41 0.49 0.45 

Inverse folding 0.29 0.50 0.46 0.18 0.20 0.47 
Structure predictors 0.43 0.52 0.52 0.12 0.37 0.40 

One Hot 0.42 0.51 0.47 0.32 0.30 0.36 
 997 
Table S17: Few-shot performance across sequence-only and structure-informed models. Masked 998 
language modes without structure are AntiBERTY and the ESM2 suite. Masked language models with 999 
structure include the ISM suite. Inverse folding models are ESM-IF, ProteinMPNN, and AbMPNN. 1000 
Structure predictors are Chai-1 and IgFold. Sequence-only masked language and causal language models 1001 
are the ESM2 suite, AntiBERTY, IgLM, and ProGen2. 1002 

Architecture All Categories Tm. Exp. Agg. Bind. Imm. 
MLM w/o structure 0.53 0.62 0.55 0.37 0.47 0.46 
MLM w/ structure 0.55 0.74 0.55 0.48 0.54 0.45 
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Inverse folding 0.29 0.50 0.46 0.18 0.20 0.47 
Structure predictors 0.43 0.52 0.52 0.12 0.37 0.40 

One Hot 0.42 0.51 0.47 0.32 0.30 0.36 
 1003 
Table S18: Few-shot performance across general protein and antibody-specific AI models. General 1004 
protein AI models include the ESM2 suite, the ISM suite, and ESM IF. Antibody specific models include 1005 
AntiBERTy and IgFold. 1006 

Protein family All Categories Tm. Exp. Agg. Bind. Imm. 
General protein 0.51 0.65 0.54 0.37 0.46 0.46 

Antibody specific 0.46 0.54 0.53 0.22 0.39 0.42 
 1007 
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 1008 
Figure S7: Distribution of few-shot prediction correlations with germline. Models are colored based 1009 
on their architecture, and the y-axis displays the range of Spearman’s correlations between predicted 1010 
developability and the distance from germline. A correlation approaching 1.0 indicates the model is highly 1011 
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confident in germline sequences and highly unconfident in sequences far from germline. We only report 1012 
Spearman’s correlations with datasets that exhibit at least five significant dataset-model p-values to ensure 1013 
our conclusions are statistically sound. 1014 
 1015 
Table S19: Few-shot correlation with germline signal. Tabulated correlation between model confidence 1016 
and distance from germline. A correlation approaching 1.0 indicates the model is highly confident in 1017 
germline sequences and highly unconfident in sequences far from germline. 1018 

Scoring Method All Categories Tm. Exp. Agg. Bind. PK. Poly. Imm. 
AntiBERTy -0.05 -0.05 -0.21 -0.15 0.01 -0.12 -0.06 0.27 
ESM2 8M 0.04 0.05 -0.03 0.07 0.04 -0.09 0.04 0.25 
ESM2 35M 0.03 -0.11 -0.09 0.19 -0.03 -0.26 0.05 0.28 
ESM2 150M 0.03 -0.08 -0.01 0.04 -0.01 0.15 -0.14 0.29 
ESM2 650M 0.04 -0.16 -0.17 0.15 -0.08 0.02 0.04 0.28 

ESM2 3B -0.01 -0.22 -0.17 0.03 -0.07 0.01 -0.01 0.26 
ISM uc30 650M -0.02 -0.20 0.02 0.02 -0.07 0.07 -0.20 0.29 

ISM uc30pdb 650M -0.04 -0.05 -0.17 -0.14 -0.04 -0.30 -0.01 0.27 
ISM 3B -0.03 -0.08 -0.19 -0.04 0.07 -0.08 -0.09 0.26 
ESM IF 0.03 -0.37 -0.18 -0.13 -0.10 0.31 0.19 0.23 

IgFold BERT -0.06 -0.01 -0.22 -0.25 -0.02 0.39 -0.12 0.26 
IgFold GT -0.19 -0.06 -0.04 -0.32 -0.03 -0.75 -0.25 0.33 

IgFold structure -0.07 -0.36 -0.21 -0.18 0.00 0.02 -0.08 0.34 
One Hot 0.00 -0.07 -0.09 0.01 0.05 -0.02 0.01 0.36 

 1019 

1020 
Figure S8: Distribution of few-shot prediction correlations with germline compared to parameter 1021 
size. Models are colored based on their architecture, and the y-axis displays the range of Spearman’s 1022 
correlations between predicted fitness and the distance from germline. A correlation approaching 1.0 1023 
indicates the model is highly confident in germline sequences and highly unconfident in sequences far from 1024 
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germline. We only report Spearman’s correlations with datasets that exhibit at least five significant dataset-1025 
model p-values to ensure our conclusions are statistically sound. 1026 
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