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ABSTRACT

Current generative models of protein sequences, such as protein language
models (pLMs), can generate novel functional sequences, but most strate-
gies do not integrate labeled fitness data from real-world experiments. In
this study, we explore fitness-conditioned generation from an autoregres-
sive pLM, capturing evolutionary information from a protein family, us-
ing direct preference optimization (DPO) with large amounts of real-world
experimental data. Our method leverages MillionFull, a high-throughput
method used to collect over 100,000 unique sequence-fitness pairs for O-
methyltransferases (OMTs) that form isovanillic acid, a non-native reac-
tion. Specifically, we finetune ProGen2 on natural OMTs, after which we
use the MillionFull-collected labeled dataset to align the pLM to gener-
ate sequences with higher fitness. This DPO-conditioned model generates
sequences with significantly higher predicted fitness than the pretrained
model while maintaining high sequence diversity and mutational profiles
consistent with top-performing experimental variants. Impressively, pre-
liminary wet-lab validation confirms that the best-performing DPO variant
has a 16-fold fitness increase from the parent sequence and a 3-fold increase
from the top variant in the training data. Overall, we demonstrate a ro-
bust ”lab-in-the-loop” framework capable of generating diverse, high-fitness
enzyme variants for non-native functional targets.

1 INTRODUCTION

Protein language models (pLMs) are powerful generative models that can produce new func-
tional sequences, including real-world validated enzymes (Lambert et al.; Nijkamp et al.).
These generative approaches are powerful because they enable broad exploration of the
protein design space, unlike local search approaches such as directed evolution (Arnold),
or even machine learning-assisted directed evolution (MLDE) (Wu et al.). However, these
models are unconditional in the sense that they only capture the distribution of natural
proteins, whereas many protein engineering tasks involve engineering enzymatic activity
and function that deviates from native activity. These tasks need assay-labeled fitness data
measuring protein function as well as guidance strategies to incorporate such data to steer
pLMs toward the desired function (Yang et al., b; Xiong et al.).

While existing sequence-fitness datasets have provided valuable insights into protein func-
tion, they are often constrained in scale and scope by the trade-offs between mutational
depth and breadth. Current deep mutational scanning (DMS) or site-saturation mutagenesis
(SSM) libraries typically explore low-order mutations throughout the protein or high-order
mutations at a limited set of positions (Stiffler et al.; Lite et al.; Johnston et al.; Papkou
et al.; Olson et al.). Thus, there are few datasets that capture high-order mutations across
a range of positions. Moreover, measuring the enzymatic function at scale is a challenging
task, with most assays relying on HPLC screening of products, which limits the throughput
to 1,000 sequences, a tiny fraction of sequence space. Consequently, there remains a critical



Published at the GEM workshop, ICLR 2026

A / protocatechuic acid isovanillic acid \
o OH

O_OH
no selection selection
/ \ oMT
OH OH
Oen,
SAM SAH

OH

sequencing sequencing

Long-read ‘ - [ ] \ Deep

v
homocysteine

Sequence-barcode Barcode population —
lookup table growth rate KI)CYS“
— (Cys3)
Sequence-fitness . .
\ relationship serine: CXE | CysK —+cysteine----- »growth /

-

B [~MillionFull data
(n=116,000)
- : le MLP ]
progen2- Finetune | finetuned DPO DPO-uned |_ Designed or:i:nzss __, Fitness-ranked
small Natural OMTs progen2 progen2 OMTs predictor OMTs

(n =34,000)

!

Wetlab testing

Figure 1: Summary of experimental and computational workflows. A) MillionFull enables
collection of large-scale enzyme sequence-fitness data from growth-based selection assays.
Left: Nanopore sequencing maps variant barcodes to sequence reads, while Illumina se-
quencing counts barcode frequencies in pre- and post-selection cultures which are used to
calculate growth rates. Right: Cysteine pathway-knockout E. coli is dependent on OMT for
growth. B) Machine-learning pipeline to align ProGen2 with evolutionary and experimental
data

need for rich, large-scale datasets that capture high-order mutational information across a
wide range of positions to fully navigate the enzymatic fitness landscape.

In addition to high-quality datasets, robust methods are required to integrate functional
information into the pLM framework. To bridge the gap between unconditional generative
modeling and specific functional requirements, researchers have increasingly utilized guid-
ance strategies that steer pLMs toward desired fitness peaks (Yang et al., a; Blalock et al.;
Stocco et al.; Thomas et al.). One such strategy is Direct Preference Optimization (DPO)
(Rafailov et al.), a method related to reinforcement learning that, in the protein domain,
involves finetuning protein language models based on feedback from labeled sequence-fitness
pairs. In the DPO framework, a pLM is treated as a policy mg(x) and trained to shift its
generative distribution from p(z) toward a conditional distribution p(x|y) by maximizing
the likelihood of sampling high-fitness sequences. While DPO builds upon policy-based
methods like PPO, it streamlines the optimization process by eliminating the requirement
for an external reward model, instead utilizing the language model itself to implicitly rep-
resent the reward objective. Since its inception, DPO has been successfully applied to
guide structure-conditioned pLMs toward increased stability (Widatalla et al.), reduce the
immunogenicity of MHC-I epitopes (Gasser et al.), design EGFR binders (Stocco et al.),
and antibodies (Vasan et al.). However, most existing applications rely on computationally
generated preference signals and focus primarily on binding or structural objectives. Conse-
quently, the use of DPO for enzyme engineering — conditioned on large-scale, mutationally
diverse experimental data — remains largely unexplored.

To address these limitations, our work (1) advances the ability to collect real-world enzy-
matic fitness data in high throughput (MillionFull) and (2) explores alignment strategies
for incorporating large amounts of such data into pLMs (DPO) while conserving evolution-
ary information from the protein family. Namely, we introduce MillionFull to construct a
library of over 100,000 unique O-methyltransferase (OMT) sequence-fitness pairs targeting
the non-native formation of isovanillic acid (Figure 1A). We then used this dataset to guide
ProGen2 toward high-fitness variants (Figure 1B). After analyzing the proposed enzyme
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variants in silico, we synthesize and test the top-predicted variants in the wet-lab using a
high-throughput cell-free protein expression (CFPS) and screening methodology and find
an ideal variant with a 16-fold boost in enzyme fitness compared to parent sequence.

2 RESuULTS

2.1 MILLIONFULL CREATES A DIVERSE LIBRARY OF OMTS WITH IMPROVED FITNESS
RELATIVE TO PARENT

We generated a rich dataset of OMTs variants with multiple mutations sampled across
the entire protein sequence. Our library contains roughly 116,000 unique protein variants.
Within the library, approximately ten unique amino acid substitutions are sampled for each
position in the parent protein sequence and there is an even distribution of the identity of
the mutated residue (Fig. 2A). The number of mutations per sequence follows a Poisson
distribution with an average of five, and the maximum number of mutations per sequence
is twenty-six (Fig. 2B, middle).

Within our library, we find that approximately 10% of variants have a higher fitness than
the parent and that improved variants occur across a range of mutational orders, from
one up to fifteen (Fig. 2B, left, middle). The top-performing variants share a common
set of eleven mutations spread across the protein sequence, and these variants are over-
whelmingly mutated to the same residue at a specific position (Fig. 2B, right). These
mutations are distributed both near and far from the active site (Fig. 2C), according to an
AlphaFold3 structure prediction, making structurally-guided prediction of beneficial muta-
tions extremely difficult. Moreover, due to the high-order mutational nature of our library,
specific beneficial mutations tend to co-occur with each other, such as S28T and E50K, or
the combination of L228F, E272V, and F277L. Critically, the combinations of mutations in
top-performing variants are distinct from the top single mutants in the dataset (Appendix,
Fig. A.2). Without the scale, even positional coverage, and high-order mutant information
of our MillionFull-enabled library, these insights would not have been possible, underscoring
the need for such rich mutational datasets to accelerate enzyme engineering.

B Variants by Fitness Histogram of Mutation Count and Fitness Most Frequent Mutations in Top 10% of Variants

Fitness (Normalized Growth Rate)

o

Figure 2: The MillionFull dataset. A) Top: the number of unique amino acid substitutions
per position of the OMT protein. Bottom: the fraction of amino acid substitutions per
position, colored by amino acid identity. B) Left: Variants ranked by fitness. Middle:
Histogram of the number of mutations per sequence, colored if the variant fitness is higher
(green) or lower (red) than the parent. Right: The most frequent mutations in the top 10%
of variants, colored by amino acid identity. C) AlphaFold3 structure of the parent OMT.
Blue spheres represent the positions of the most common mutations in top variants. The
cofactor SAH is shown in magenta.
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2.2 DPO ENABLES GENERATION OF SEQUENCES WITH IMPROVED ACTIVITY

Starting from a base pLM, namely ProGen2 finetuned on OMTs (Figure 1B), we performed
DPO to align the base model based on the labeled sequence-fitness data from MillionFull.
We then generated new preference-aligned sequences from the DPO-tuned model, hereby
referred to as DPO-generated sequences. To evaluate the quality of DPO-generated se-
quences, we scored all sequences with a supervised oracle to obtain corresponding predicted
fitness values. First, we ensured sufficient performance of our oracle on our evaluation set of
sequences (Appendix, Fig. A.4). As a baseline, we compared the oracle-predicted fitness of
randomly generated sequences, sequences generated after pretraining ProGen2 on natural
OMTs, and DPO-generated sequences. Overall, the predicted fitnesses of DPO-generated
sequences are significantly higher than sequences generated after pretraining and also ran-
dom sequences (Fig. 3A). DPO-generated sequences have an average of 5 mutations from
the parent, while pretrained variants have an average of approximately 240 mutations per
sequence (Fig. 3B). This demonstrates that the process of conditioning a pLM on exper-
imental data shifts its distribution to reflect high-quality examples in the training data.
Indeed, the most frequent mutations in the top 10% of DPO-generated variants reflect an
identical subset of mutations to the most frequent mutations in the training data (Fig.
3C). Overall, these in silico evaluations suggest that the process of conditioning a pLM on
experimental data with DPO shifts generation toward high-fitness variants.

Next, we selected the top 300 DPO-generated variants, based on predicted fitness from our
oracle, for wet-lab testing using CFPS to streamline the screening and validation process.
Impressively, 132/300 sequences have a higher fitness than the parent, and of these, 24
sequences have a higher fitness than the top variant in the MillionFull dataset (Fig. 3D).
Specifically, the best DPO-generated variant has a 16-fold fitness increase from the parent
sequence and a 3-fold increase from the top variant in the training data (Fig. 3E). The
best-performing DPO variants contain a combination of beneficial mutations in the training
data (mutations in Fig. 2B right and Fig. 3C) with some surprising additions unaccounted
for in the top variants, such as D76N, Q13H, T58S, among others (Fig. 3F). More work
is needed to validate these wetlab results, interpret the model predictions, and understand
the individual and combinatorial effects of mutations in different contexts.
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Figure 3: DPO-generated sequences. A) Variants ranked by oracle-predicted fitness of DPO-
generated (orange), finetuned (green), and random (blue) sequences. B) Comparing the
number of mutations vs. oracle predicted fitness of DPO-generated sequences vs pretraining
sequences. C) The most frequent mutations in the top 10% of DPO-generated variants. D)
Isovanillic acid activity in the 300 DPO sequences selected for wetlab testing. E) Isovanillic
acid activity, M, of top DPO-generated variants compared to the parent sequence and
the top experimental variant. F) Mutations relative to the parent of the top three DPO-
generated sequences and the top experimental variant.
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3 CONCLUSION

Current pLM alignment strategies are often limited by a lack of real-world experimental data
capturing the complex fitness landscapes required for enzyme engineering. We addressed this
by developing MillionFull, a platform that generated over 100,000 unique sequence-fitness
pairs for O-methyltransferase (OMT) activity on a non-native target. Unlike traditional
DMS or SSM libraries, the mutational diversity of this data set captures the high-order
combinatorial effects critical to identifying superior variants. By applying DPO to ProGen2
after finetuning on natural OMTSs, we successfully aligned the generative model with this
experimental landscape while incorporating evolutionary information, producing sequences
with significantly higher predicted fitness than fine-tuned baselines. Preliminary wet-lab
characterization demonstrates that DPO-generated sequences outperform the best variant
in the training data and achieve substantially higher fitness than the parent sequence. These
results show how large-scale, functional data effectively enable the conditioning of pLMs to
generate proteins with desired target properties while preserving the distribution of natural
sequences, and we expect that this strategy can be extended to a range of other protein
engineering applications.
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A  APPENDIX

A.1 DATA AND CODE AVAILABILITY

The MillionFull dataset is released at https://zenodo.org/records/17282389. Code for
this project will be released upon publication.

A.2 METHODS

To generate the MillionFull dataset, we utilized a growth-based selection assay in FE. coli
that couples O-methyltransferase (OMT) activity to cysteine biosynthesis, where the methy-
lation byproduct S-adenosyl-L-homocysteine (SAH) serves as the essential precursor for cell
growth (Luo et al.). Starting from the promiscuous A. thaliana OMT1 template (UniProtID
QIFK25), we employed two rounds of error-prone PCR and an intermediate selection step
to produce a high-diversity final library. We implemented a barcoding strategy — mapping
25bp random tags to protein sequences via Nanopore long-read sequencing — and quantified
variant frequencies across triplicate growth selections using Illumina deep-sequencing. After
filtering for quality, removing indels, and processing growth rates through the DiMSum suite
(Faure et al.), we averaged the growth rates of degenerate nucleotide sequences to define
a fitness value for over 100,000 unique protein sequences, normalized to the parent growth
rate. We validated the MillionFull fitness values by measuring individual growth rates and
HPLC-quantified isovanillic acid production from 34 variants across a range of fitness values
(Appendix, Fig. A.1). For additional details, see Li et. al.

To implement the machine-learning pipeline, we first fine-tuned the ProGen2-small model on
a curated set of 37,544 natural OMT homologs identified via HMMER (Potter et al.) search
of the parent protein against the UniRef90 database. To account for phylogenetic bias,
sequences were clustered using MMseqs2 (0.4 identity threshold) and weighted by cluster
size during training. For functional alignment, we applied DPO using a ranked-loss objective
on a training set of approximately 112,000 variants from the MillionFull dataset, reserving
a 5,000-sequence universal test set (variants with > 5 mutations) for evaluation. Optimal
guidance parameters were determined through a grid search of 8 values, where g = 0.5
maximized the predicted fitness of generated variants (Appendix, Fig. A.5). Finally, we
trained a supervised multi-layer perceptron (MLP) oracle on one-hot encoded sequences
using the same train-test split to score in-silico designs. All DPO-generated sequences were
filtered to ensure uniqueness and novelty relative to the training data.

To experimentally characterize the DPO-generated sequences, we scored all sequences with
our oracle and ordered the top 300 variants as linear expression templates (LETSs) containing
flanking regions of pJL1. The LETs were amplified using PCR and then expressed using
cell-free protein synthesis (CFPS) in a 384 well plate according to Landwehr et al. CFPS
was then purified using magnetic Nickel-NTA beads in a 384 well plate and assayed in 96
well plates with 5mM PCA, 10mM SAM, 2mg/mL GsMTN, 20mM KCL, and 10mM MgCls.
The reaction was run in 100mM TrisHCI at pH 8 and 25C for 18 hrs. The isovanillic product
was screened via HPLC using UV absorbance at 290nm.
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Figure A.1: MillionFull fitness validation. A) The number of mutations per sequence in

the 34 sequences chosen for validation. B) MillionFull fitness, as normalized growthrate, vs
isovanillic acid.
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Figure A.2: Top 20 single mutants in the MillionFull dataset
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Figure A.3: Mutation map of the top 20 variants in the MillionFull dataset
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