De novo generation of functional terpene synthases
using TpsGPT
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Abstract

Terpene synthases (TPS) are a key family of enzymes responsible for generating the
diverse terpene scaffolds that underpin many natural products, including front-line
anticancer drugs such as Taxol. However, de novo TPS design through directed
evolution is costly and slow. We introduce TpsGPT, a generative model for scalable
TPS protein design, built by fine-tuning the protein language model ProtGPT2
on 79k TPS sequences mined from UniProt. TpsGPT generated de novo enzyme
candidates in silico and we evaluated them using multiple validation metrics,
including EnzymeExplorer classification, ESMFold structural confidence (pLDDT),
sequence diversity, CLEAN classification, InterPro domain detection, and Foldseek
structure alignment. From an initial pool of 28k generated sequences, we identified
seven putative TPS enzymes that satisfied all validation criteria. Experimental
validation confirmed TPS enzymatic activity in at least two of these sequences. Our
results show that fine-tuning of a protein language model on a carefully curated,
enzyme-class-specific dataset, combined with rigorous filtering, can enable the
de novo generation of functional, evolutionarily distant enzymes.

1 Introduction

Terpene synthases (TPS) are a specialized family of enzymes that generate hydrocarbon scaffolds for
terpenes—the largest and most diverse class of natural products, encompassing widely used flavors,
fragrances, and frontline medicines [Samusevich et al.| 2025]]. Terpenes exhibit diverse bioactivities,
including analgesic, anticonvulsant, and anti-inflammatory properties [Del Prado-Audelo et al., 2021].
More than 76,000 terpenes have been characterized to date [Rudolf and Chang, [2019]]. Among them,
Taxol, a diterpene, remains a first-line anticancer drug with multi-billion-dollar annual sales [Weaver,
2014].

Despite their importance, terpenes are notoriously difficult to synthesize industrially due to their
structural complexity [Del Moral et al.,2019]. Conventional chemical synthesis requires numerous
steps and incurs high energy and resource costs, making it unsustainable at scale. In contrast, synthetic
biology offers a more efficient route by leveraging TPS enzymes to catalyze key reactions [Zhang
and Hong, 2020].

Here we present TpsGP a terpene synthase sequence generation model fine-tuned on a distilled
protein language model — ProtGPT2 Tiny [Ferruz et al., 2022, protgpt2 tiny}, |2022]. TpsGPT is
trained on a carefully curated 79k homologous TPS dataset mined from large scale repositories like
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UniProt. The mining process initially used a very small 1125 experimentally characterized actual
TPS enzymes from published sources as a seed to identify TPS patterns based on which the mining
process produced 79k homologous TPS sequences. TpsGPT generated evolutionary distant sequences
while conserving key TPS structural features. The resulting de novo sequences exhibit high predicted
structural stability and low sequence identity relative to the training set. Our results demonstrate
that ne-tuning protein language models on a carefully curated, enzyme-class-speci ¢ dataset, can
effectively explore the vast protein sequence space, producing valid enzyme candidates even for
underrepresented protein families like terpene synthases.

2 Related Work

Protein engineering. The design of novel TPS enzymes for terpene biosynthesis remains a complex
and time-consuming task. There are two main approaches for protein engineering: rational design and
directed evolution [Vidal et &l., 2023]. Rational design involves performing chosen point mutations,
insertions or deletions in the coding sequence. Directed evolution, on the other hand, bypasses the
need to determine speci ¢ mutations a priority by mimicking the process of natural evolution in
the laboratory. While promising, these methods have a major disadvantage — the sequences they
generate often remain highly similar to naturally occurring proteins, leaving vast regions of the protein
sequence space unexplored [Yang et al., 2024]. Moreover, robotics-accelerated high-throughput
directed evolution techniques like Phage-Assisted Continuous Evolution are prohibitively expensive,
with costs reaching hundreds of thousands of dollars [Aoudjane et al, 2024]

Computational design of terpene synthases. Machine learning-assisted annotation methods
predict and label likely TPS enzymes in large protein databases like UniProt and UniRef [Samjusevich
et al|, 2025, Bateman, 2018, Suzek €t al., 2014] but such methods only uncover existing proteins in
nature. De novo enzyme design approaches such as RFdiffusion use diffusion-based deep learning
architectures to generate novel protein backbohes [Watson et al], 2023]. Although promising,
RFDiffusion is a structure-based method and requires a comprehensive understanding of a catalytic
site and its activity to generate functional enzymes [Lauko €t al.,|2025]. Instead, our work aims to
design enzymes given only a set of family-speci ¢ sequences.

Protein Language Models (PLMs). PLMs are based on large language models (LLMs) like GPT2,
which leverage the Transformer architecture to model sequential data [Vaswali et &l., 2017]. Prior
work has shown that ne-tuning PLMs can generate de novo proteins within speci ¢ families [Win-
nifrith et all,[2024]. However, existing PLM ne-tuning methods to generate sequences rely on
extensive family-speci ¢ datasets and often require additional inputs such as control tags for model
conditioning. Additionally, the ne-tuning is typically done on large models such as ProGEN with 280
million parameters [Madani et al., 2023]. ProtGPT2 is a state-of-the-art autoregressive Transformer-
based PLM with 738 million parametefs [Ferruz et/al., 2022] and enables high-throughput protein
generation in seconds. Additionally, ProtGPT2 offers a tiny model [protgpt?2 tiny| 2022] with 38.9
million parameters with comparable performance as the original bigger model. Motivated by these
properties, we ne-tune ProtGPT?2 tiny to generate de novo terpene synthase sequences starting from
a small dataset of 1125 TPS sequences.

3 Materials and Methods

We developed TpsGPT, a scalable in silico framework for de novo TPS enzyme design (Rigure 1).
The approach combines protein language model ne-tuning with principled sequence generation and
multi-stage validation to produce viable, evolutionarily distant TPS candidates.

3.1 Dataset Preparation

As a starting point, we used a dataset of 1125 experimentally validated TPS sequences, which was
later extended to 79k computationally-mined TPS seque(@as(inova and Pluskal, 2024]. In the
mining process, HMMER's hmmsearch was used with merged and indexed TPS-speci ¢ Pfam and
SUPERFAMILY databases to identify terpene synthadses [Finn| et al.| 2011, Mistry et al., 2020,/ Wilson
et al., 2006]. For the preclustered Big Fantastic Database (BFD), only representative sequences were
mined rst, with full clusters analyzed if hits were found [Jumper et al., 2021]. Post-mining, several
Itering steps enhanced reliability: removing sequences outside the 300-1100 amino acid range,
excluding those with stronger hits to non-TPS domains, requiring characteristic TPS catalytic motifs



Figure 1: Overview of our approach. Part 1: We collected 1125 experimentally characterized TPS enzymes
from all published sources to mine the 79k TPS dataset from UniBadb[inova and Pluskal, 2024]. We created

an 80/20 split using SpanSeq [Florensa et al., 2024] with at most 30% sequence identity between the splits and
ne-tuned the distilled ProtGPT?2 tiny [protgpt2 tiny, 2022] model to create TpsGPT. Part 2: We generated 28k
sequences using TpsGPT and lItered them using seven validation metrics: Sequence lters: Perplexity and
max sequence identity to training set. Function Iters: EnzymeExplorer TPS score [Samusevich et al., 2025],
CLEAN enzyme classi cation [Yu et al., 2023], and InterPro domain prediction [Blum et al., 2024] Structure
Iters: pLDDT using ESMFold [esmfold, 2025] and max Foldseek TM-score to training set [Van Kempen et al.,
2023]. Above lters reduced the 28k sequences to seven putative TPS sequences. Wet-lab validation using
yeast expression followed by liquid chromatography coupled with mass spectrometry (LC-MS) showed TPS
enzymatic activity in two sequences [Pitt, 2009].

(DDXXD and NSE/DTE motifs of Class | TPSs and the DXDD motif of Class Il TPSs), discarding

sequences with incomplete or atypical domain architectures, and ltering out sequences with >80%
identity to known isoprenyl diphosphate synthases [Liu et al., 2025, Jiang et al., 2019]. The remaining
sequences were designated as candidate terpene synthases and were used to ne-tune ProtGPT2.

To avoid data leakage and ensure generalization, the mined TPS sequences were clustered using
SpanSeq [Florensa et al., 2024] into six partitions at 30% sequence identity between partitions.
We combined ve patrtitions (63k sequences) for training while the remaining partitiori §k
sequences) was reserved for validation, resulting in an 80/20 split.

3.2 Model Fine-Tuning

The original ProtGPT2 model contains 738 million parameters, making full ne-tuning computa-
tionally expensive [protgpt2, 2022]. Hence, we ne-tuned the distilled ProtGPT2 tiny model with
38.9 million parameters. The distilled tiny model retains comparable perplexities to the original
large model while offering up to six times faster inference, enabling high-throughput sequence
generation [protgpt2 tiny, 2022]. Fine-tuning was performed using Lightning Al on a single NVIDIA
L4 tensor core [lightning, 2025].

3.3 TPS Sequence Generation and Filtering

After ne-tuning, we generated 28k protein sequences. A multi-stage Itering pipeline was applied to
identify putative TPS enzymes from the 28k sequences:

Sequence Filters: The 28k sequences were ranked by perplexity, and the top 10% (2,800 sequences)
were retained. Maximum pairwise sequence identity (maxID) to the training set was computed, and
only sequences with maxID 60% were retained to encourage evolutionary distance.

Function Filters: We used EnzymeExplorer with a TPS detection threshold of 0.7 (range 0-1) to
select sequences likely to possess TPS activity [Samusevich et al., 2025]. CLEAN (Contrastive
Learning Enabled Enzyme ANnotation) is a ML model that assigns EC (Enzyme Commission)
number to protein sequences [Yu et al., 2023]. We used CLEAN to predict EC numbers and selected
only those with a terpenoid/terpene biosynthetic pathway in BRENDA [brenda, 2025]. InterPro is
another model that predicts domains given a sequence [Blum et al., 2024]. We selected only those
sequences when the InterPro predicted domain was a terpene synthase speci ¢ domain or a domain
with an overlapping superfamily containing a TPS domain.

Structure Filters: We computed Predicted Local Distance Difference Test (pLDDT) scores from
ESMFold [esmfold, 2025] and retained only sequences with pLDDRO indicative of accurate
backbone modeling and valid 3D structures. To ensure conservation of TPS structure, we used Fold-
seek to do structural comparison of the generated sequences relative to their respective top structural
matches in the training set and retained those with TM-scores between 0.6 and 0.9 [Van Kempen
etal., 2023].
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