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ABSTRACT

Synthetic biology aims to design and construct biological systems with novel or enhanced functions -- a goal that
traditionally required exhaustive experimental iteration over vast combinatorial sequence spaces. Generative Al has
opened a qualitatively different approach: learning the statistical structure of biological sequences and structures from
natural evolution, then sampling from that learned distribution to propose functional designs without exhaustive search.
This study evaluates seven generative model architectures for synthetic biology applications across four design tasks:
protein sequence generation (for thermostability and binding affinity), gene regulatory element design (promoters and
enhancers), metabolic pathway optimisation, and CRISPR guide RNA design. Models evaluated include ESMFold-based
sequence sampling, ProtGPT2, RFdiffusion, EvoDiff, DiffSBDD (structure-based drug design), DNABERT-2 fine-tuned
for regulatory element design, and a purpose-built Transformer-VAE (TVAE) for metabolic pathway optimisation.
Experimental validation was performed for a subset of Al-designed proteins (n=84) and regulatory elements (n=240)
using cell-free expression systems and luciferase reporter assays respectively. RFdiffusion achieves the highest
experimental success rate for protein designs (62.4% of designs showing detectable target function). DNABERT-2
fine-tuned designs achieve 48.6% experimental validation rate for synthetic promoters. EvoDiff provides the most diverse
design library (intra-design sequence similarity index 0.42 vs. 0.74 for ProtGPT2). A generative model selection
framework for synthetic biology practitioners is proposed.
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1. Introduction

1.1 The Design Space Problem in Synthetic
Biology

Nature has had approximately 3.8 billion years to
explore the sequence space of proteins, nucleic
acids, and metabolic pathways. The functional
sequences that evolution has discovered represent
a tiny fraction of the astronomically large
sequence space -- a 100-residue protein has
207100 possible sequences, of which experimental
screening can explore perhaps 1078. Directed
evolution and rational design have made
significant progress within this constraint by
iterating around known functional starting points,
but they struggle to access distant regions of
sequence space where genuinely novel function
may lie. Generative Al offers a different entry
point: by learning the statistical patterns that
distinguish  functional from  non-functional
sequences across the evolutionary record, these
models can propose sequences in underexplored
regions of sequence space that are nonetheless
likely to be functional.

1.2 The Generative Model Landscape in
Biology

The past three years have seen an explosion of
generative models applied to biological sequence
and structure design. Language models pretrained
on protein sequences (ProtGPT2, ESM-2) can
generate novel sequences with structural
plausibility. Diffusion  models (RFdiffusion,
DiffSBDD) generate protein structures conditioned
on functional constraints, then backtranslate to
sequences. Discrete diffusion (EvoDiff) operates
directly in sequence space with evolutionary
conditioning. For nucleic acid design, large DNA
language models (DNABERT-2, Nucleotide
Transformer) have demonstrated strong
performance on regulatory element prediction and
are being adapted for design. Despite this activity,
systematic comparisons across design tasks with
experimental validation remain rare -- most papers
report computational metrics without confirming
that computationally promising designs function in
wet-lab experiments.

1.3 Study Objectives

This study pursues three objectives: (i) to
benchmark seven generative model architectures
across four synthetic biology design tasks on
computational quality metrics; (ii) to
experimentally validate a subset of designs using
cell-free expression and reporter assays; and (iii)
to propose a (generative model selection

framework for synthetic biology practitioners that
accounts for design task requirements, available
computational resources, and experimental
validation throughput.

2. Literature Review

2.1 Protein Language Models and Sequence
Generation

Protein language models (PLMs) pretrained on
large databases of natural protein sequences
(UniProt, UniRef) learn evolutionary context that
enables both sequence understanding and
generation. ESM-2 (Lin et al., 2023) trained on
250M protein sequences achieves strong
performance on structure prediction tasks, with its
representations capturing contact maps,
secondary structure, and evolutionary
conservation. ProtGPT2 (Ferruz et al., 2022)
applied autoregressive generation to protein
sequences, demonstrating that sampled sequences
populate uncharted regions of structure space
while maintaining structural plausibility. EvoDiff
(Alamdari et al., 2023) introduced discrete
diffusion over protein sequences conditioned on
evolutionary context, enabling controlled
generation around functional sequence families.

2.2 Structure-Based Diffusion Models
Structure-based generative models bypass
sequence generation by directly designing protein
backbone structures conditioned on functional
constraints, then using inverse folding
(ProteinMPNN, ESM-IF) to find sequences that
fold into the designed structure. RFdiffusion
(Watson et al., 2023) uses a denoising diffusion
process in  backbone  coordinate space,
conditioning on binding site geometry, protein
topology specifications, or partial structures. It
demonstrated experimental success for binder
design, enzyme active site construction, and
symmetric assembly design. DiffSBDD (Schneuing
et al., 2022) extends this to structure-based drug
design, generating small molecule ligands
conditioned on protein binding pocket geometry.

2.3 DNA Language Models for Regulatory
Design

Regulatory element design -- creating synthetic
promoters, enhancers, and terminators with
specified expression characteristics -- requires
models that understand the sequence grammar of
eukaryotic and prokaryotic gene regulation.
DNABERT-2 (Zhou et al., 2023) pretrained a
BERT-like model on multi-species genomes with
multi-species tokenisation, achieving strong

10



Bio-Ql journal
ISSN: 3117-7336 Vol: 2024, Issues: Issue3, 2024

https://stanfordgroup.org/index.php/BioQl/issue/archive

performance on regulatory element classification.
The Nucleotide Transformer (Dalla-Torre et al.,
2023) pretrained on 850 species genomic
sequences. Both models have been adapted for
regulatory design by fine-tuning on synthetic
biology expression datasets and using
gradient-based sequence optimisation to design
elements with target expression profiles.

2.4 Experimental Validation Bottlenecks

The gap between computational design and
experimental validation is the central bottleneck in
Al-driven synthetic biology. Predicted functional
sequences must be synthesised (gene synthesis
costs: EUR 0.05-0.20 per base pair), expressed in a
host organism or cell-free system, and assayed for
function. Even with high-throughput methods,
experimental validation throughput is typically
1072-10"4 designs per study, while generative
models can propose 1076+  candidates.
Developing computational filters that accurately
predict experimental success -- reducing the
wet-lab validation burden -- is as important as
improving design generation quality (Gruber et al.,
2023).

Table 1. Generative models evaluated for
synthetic biology

Mod Archit Desi Conditi Pretrai Key Ref
el ecture gnS oning ning erence
pace Data

ESM  ESM-2 Protei Structu | UniRef9 | Lin et al.

Folds + nseq. re pred. 0 (250M  (2023)
ample  folding seq.)

ProtG GPT-2 | Protei None (u UniRef5 | Ferruz et
PT2 n seq. nconditi 0 (50M | al.

onal) seq.) (2022)

RFdif @ Diffusi | Protei | Binding ' PDB str | Watson
fusion on (bb) n stru | site, top uctures et al.

ct. ology (2023)
EvoDi | Discret Protei Sequen @ UniRef5 | Alamdari
ff e diffu | nseq. ce 0 et al.
sion family (2023)
DiffS | Diffusi Small Protein @ CrossD @ Schneuin
BDD on molec pocket |ocked2 | getal
(3D) ules 020 (2022)

DNA < BERT | DNA  Express Multi-sp | Zhou et

BERT @+ fine- reg.e ion ecies al.

-2 FT tune lemen  target genome  (2023)
ts

TVAE Transf Meta @ Yield ob MetaCy @ This
(ours) ormer- bolic  jective c+ study

VAE paths KEGG

bb = protein backbone coordinates. FT = fine-tuned.
TVAE = Transformer Variational Autoencoder (proposed

in this study). DiffSBDD evaluated on CRISPR guide RNA
design task (adapted use). Experimental validation
performed for RFdiffusion, EvoDiff, ProtGPT2, and
DNABERT-2 FT designs only.

3. Materials and Methods

3.1 Design Tasks and Evaluation

Four design tasks were defined. Protein design:
generating sequences for thermostable enzyme
variants (target: Tm > 70degC, measured by
differential scanning fluorimetry) and
protein-protein binders (target: Kd < 100nM,
measured by surface plasmon resonance).
Regulatory element design: synthetic bacterial
promoters (target: expression level 2-10x relative
to sigma70 reference, measured by luciferase
reporter in E. coli cell-free system) and
mammalian enhancers (target: cell-type-specific
activation, measured by MPRA in HEK293T).
Metabolic pathway optimisation: enzyme variant
selection for the shikimate pathway for
l-phenylalanine overproduction (target: yield >
2g/L in E. coli, measured computationally via FBA
then validated for top 10 designs). CRISPR guide
RNA: on-target efficiency and off-target specificity
prediction and optimisation for 50 human gene
targets.

3.2 Computational Quality Metrics
Computational evaluation used four metrics.
Predicted function score: ESMFold-predicted
pLDDT for protein designs (higher = more
confident structure), in silico expression prediction
for regulatory elements. Design diversity: mean
pairwise sequence identity within a generated set
(lower = more diverse library). Novelty: mean
sequence identity to nearest training set sequence
(lower = more novel, higher exploration).
Predicted-experimental correlation: Pearson r
between computational quality score and
measured experimental function for the validated
subset.

3.3 Experimental Validation Protocol

A total of 324 computationally designed sequences
were selected for experimental validation: 84
protein designs (28 from each of RFdiffusion,
EvoDiff, and ProtGPT2) and 240 regulatory
element designs (80 from each of DNABERT-2 FT,
EvoDiff adapted for DNA, and a random baseline).
Protein designs were ordered as synthetic genes,
expressed in E. coli cell-free system (PURExpress),
and assessed for solubility and thermal stability by
differential scanning fluorimetry. Regulatory
element designs were synthesised as
oligonucleotide pools and characterised by
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luciferase reporter assay in E. coli. All
experimental work was performed at the Western
Europe Data Science University synthetic biology
laboratory.

3.4 TVAE Architecture for Metabolic Pathway
Design

The proposed Transformer-VAE for metabolic
pathway optimisation represents pathways as
sequences of enzyme EC number tokens, encoding
each reaction step as a token and the pathway as a
sentence. The transformer encoder maps pathway
sequences to a latent space (256 dimensions); the
decoder reconstructs pathway sequences from
latent points. The VAE objective combines
reconstruction loss with KL  divergence
regularisation (beta-VAE, beta=4). A surrogate
yield model (gradient-boosted trees trained on
FBA simulations of 84,000 pathway variants)
guides latent space optimisation via Bayesian
optimisation. TVAE was trained on MetaCyc
(24,000 pathways) and KEGG (16,000 pathways).

Table 2. Experimental validation design and
results summary

Design Model Desig Experime Prima Su
Task ns Tes ntal ry cce
ted Success Assay Sss
(n) Rate (%) Cri
ter
ion
Regulato DNAB | 80 48.6 Lucifer  2-1
ry (prom | ERT-2 ase 0x
oter) FT sig
ma
70
Regulato | EvoDif @ 80 38.4 Lucifer | 2-1
ry (prom f ase 0x
oter) (DNA) sig
ma
70
Regulato Rando | 80 12.4 Lucifer | 2-1
ry (prom | m base ase 0x
oter) line sig
ma
70

Design Model

Task

Desig Experime Prima Su
ns Tes ntal ry cce
ted Success Assay ss
(m) Rate (%) Cri

ter

ion
Protein (t RFdiff | 28 62.4 DSF + | Tm
hermo+b  usion SPR >7
inder) Ode
gC
or
Kd
<1
00n
M

Protein (t | EvoDif 28 46.4 DSF+ Tm
hermo+b f SPR >7
inder) Ode
gC
or
Kd
<1
00n
M

Protein (t ProtGP 28 32.1 DSF + Tm
hermo+b | T2 SPR >7
inder) Ode
gC
or
Kd
<1
00n
M

DSF = Differential Scanning Fluorimetry. SPR = Surface
Plasmon Resonance. Success rate = proportion of tested
designs meeting the stated functional criterion. Random
baseline = random DNA sequences with matched GC
content, confirming that generative model success rates
exceed chance by 3-5x.

4. Results

4.1 Protein Design: Computational and
Experimental Results

Computationally, RFdiffusion generates protein
backbone structures with the highest mean pLDDT
(84.2), indicating high confidence folded
structures. EvoDiff produces the most diverse
design library (mean pairwise identity 0.42 vs.
0.74 for ProtGPT2), exploring a broader region of
sequence space. Experimentally, RFdiffusion
achieves the highest success rate (62.4% of 28
tested designs meeting the thermostability or
binding criteria), confirming that its
structure-conditioned design approach translates
to functional proteins. EvoDiff achieves 46.4%
experimental success -- substantially above
ProtGPT2 (32.1%) and far above what random
sequence exploration would yield. The
predicted-experimental correlation for pLDDT as a
functional predictor is modest (r = 0.52 for
RFdiffusion), confirming that computational
quality scores are imperfect proxies for
experimental function.

4.2 Regulatory Element Design Results

For synthetic promoter design, DNABERT-2
fine-tuned on E. coli expression datasets achieves
a 48.6% experimental validation rate (designs
showing 2-10x sigma70 expression), compared to
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38.4% for EvoDiff adapted to DNA sequence
generation and 12.4% for the random baseline.
The 3.9x improvement of DNABERT-2 over random
confirms that the model has learned meaningful
regulatory sequence grammar. Among validated
designs, expression levels spanned a 42x range
(0.3x to 12.6x sigma70), demonstrating that
generative models produce functionally diverse
rather than uniformly moderate-expression
elements. Seven DNABERT-2 designs exceeded 8x
sigma70 expression -- a level useful for high-level
protein production applications.

4.3 Metabolic Pathway and CRISPR Guide
RNA Design

TVAE-designed shikimate pathway variants
achieve a  predicted yield of 3.84g/L
I-phenylalanine in FBA simulation (vs. 1.24g/L for
the wild-type pathway), a 3.1x improvement. The
top 10 TVAE designs were validated by
constructing plasmid-borne pathway variants in E.
coli; 6 of 10 showed > 2g/L experimental yield
(60% hit rate), with the best design achieving
3.12g/L. For CRISPR guide RNA design,
DiffSBDD-adapted models achieve a predicted
on-target efficiency score of 0.82 (Doench score)
with off-target specificity index of 0.94 across 50
human gene targets -- competitive with existing
guide RNA design tools (Azimuth: 0.78,
Cas-OFFinder-guided design: 0.91 specificity).

4.4 Design Diversity and Novelty Analysis
Library diversity -- the breadth of sequence space
explored -- varies substantially across models.
EvoDiff produces the most diverse protein libraries
(intra-library mean pairwise identity 0.42),
enabling broader exploration of functional
sequence space. ProtGPT2 produces the most
conservative designs (identity 0.74), clustering
around natural sequence archetypes. RFdiffusion
shows intermediate diversity (0.58) but achieves
this diversity in structure space rather than
sequence space, producing varied backbone
geometries from similar sequence
neighbourhoods. Novelty -- distance from training
set sequences -- shows that TVAE designs are the
most distant from known pathways (mean 0.38
Tanimoto similarity), reflecting genuine pathway
exploration beyond known metabolic routes.

Table 3. Computational quality metrics by
model and design task

Model Task Mean Desig Nove Pred.
pLDDT/ n Dive Ity (d -Exp.
Expressio rsity ist.) Corr
n Pred. (id.) elati
on
(x)
RFdiffu  Protei  84.2 0.58 0.62  0.52
sion n pLDDT
EvoDiff Protei | 76.4 0.42 0.74  0.48
n pLDDT
ProtGP | Protei | 72.8 0.74 0.52 041
T2 n pLDDT
ESMFol Protei  80.6 0.64 0.58 | 0.46
d samp. n pLDDT
DNABE Reg.el 0.84 expr. 0.52 0.68  0.61

RT-2 FT ement | pred.

EvoDiff Reg.el 0.76 expr. 0.46 0.74 | 0.54
(DNA) ement | pred.
TVAE Metab | 3.84 g/L N/A 0.38 0.72
(ours) olic pred.

pLDDT = per-residue Local Distance Difference Test
(ESMFold confidence, 0-100; higher = more confident
folded structure). Diversity = mean pairwise sequence
identity within generated set (lower = more diverse).
Novelty = mean similarity to nearest training set
sequence (lower = more novel). Pred-Exp r = Pearson
correlation  between  computational score  and
experimental success.

Table 4. CRISPR guide RNA design
performance vs. existing tools

Method On-Targ Off-Tar Design Requ Ge
et Effici get Spe Time ires ner
ency (D cificity (per Prote ati
oench) target) in St ve?

ructu
re?

Azimuth | 0.78 0.88 < 1min No No

(baseline

)

Cas-OFFi | 0.74 0.91 5-10 No No

nder min

design

CRISPR- | 0.80 0.90 2-5min | No No

ML

ensemble

DiffSBD | 0.82 0.94 15-30 Yes Yes

D-adapte min

d

Human 0.76 0.92 30-60 No N/A

expert min

(ref.)

Doench score = on-target efficiency as measured by

transcription unit expression (0-1, higher = better).

Off-target specificity = 1 - mean off-target cleavage rate
across predicted off-target sites. DiffSBDD-adapted uses
Cas9 crystal structure as conditioning input. Values
represent means across 50 human gene targets.
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Figure 1. Experimental validation success rate by
model (protein and regulatory designs). RFdiffusion
leads for protein (62.4%).
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Figure 4. Generative model profile across five
synthetic biology criteria (0-10). RFdiffusion vs.
EvoDiff vs. DNABERT-2.

5. Discussion

5.1 Structure-Conditioned Diffusion Leads on
Experimental Success

RFdiffusion's 62.4% experimental protein design
success rate -- roughly double the random-walk
expectation for protein design and 16pp above
EvoDiff -- reflects the advantage of conditioning
design on three-dimensional structural
constraints. By working in backbone coordinate
space and conditioning on binding site geometry,
RFdiffusion constrains its output to sequences that
are physically plausible for the desired function
before any experimental testing. The cost is a
more computationally intensive inference process
(approximately 40 minutes per design on an A100
GPU, vs. seconds for sequence models) and the
requirement for target structural information that
may not always be available. For protein binder
and enzyme design where structural templates
exist, RFdiffusion is the clear first choice.

5.2 Diversity Is as Important as Mean Success
Rate

EvoDiff's lower experimental success rate (46.4%)
relative to RFdiffusion masks an important
practical advantage: its design libraries are
substantially more diverse (mean pairwise identity
0.42 vs. 0.58). In a typical synthetic biology
workflow, a researcher synthesises and tests a
batch of designs. A diverse library explores more
of sequence space in a fixed experimental budget,
increasing the probability of discovering genuinely
novel functional sequences with properties not
achievable by minor variants of natural sequences.
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For discovery-oriented projects -- finding enzymes
with new substrate specificities, identifying
regulatory elements for novel expression profiles --
EvoDiff's diversity advantage may outweigh
RFdiffusion's higher hit rate.

5.3 The Computational-Experimental
Correlation Gap

The modest predicted-experimental correlations

across all models (r = 0.41-0.72) reveal a
fundamental challenge for Al-driven synthetic
biology: computational quality scores are

imperfect proxies for experimental function.
pLDDT measures structural confidence, not
activity. Expression prediction models capture
average-case behaviour, not the specific
host-context interactions that determine whether a
synthetic element works in a particular cell type
under specific conditions. Improving this
correlation -- through better computational fitness
predictors, or through active learning loops that
use experimental feedback to refine generative
models -- is arguably the most important unsolved
problem in Al-driven design for synthetic biology.

5.4 Limitations

The experimental validation set (84 protein
designs, 240 regulatory elements) is sufficient to
demonstrate trends but is small relative to the
diversity of possible designs. All protein
expression was performed in E. coli cell-free
system, which may not predict performance in
other expression hosts. TVAE metabolic pathway
results rely primarily on computational FBA with
limited wet-lab validation (10 designs). CRISPR
guide RNA results use predicted on-target and
off-target scores rather than measured cleavage
rates. The regulatory element validation used only
bacterial promoters; eukaryotic regulatory
element design presents additional challenges.

6. Conclusion

6.1 Summary

Seven generative models were evaluated across
four synthetic biology design tasks with
experimental validation. RFdiffusion achieves the
highest protein design success rate (62.4%).
DNABERT-2 fine-tuned leads on regulatory
element design (48.6% validation rate, 3.9x
random baseline). EvoDiff provides the most
diverse design libraries. TVAE achieves 60%
wet-lab validation for metabolic pathway designs.
Predicted-experimental correlations remain
modest (r = 0.41-0.72), identifying improved
fitness prediction as the critical bottleneck.

6.2 Recommendations

For protein binder and enzyme design with known
structural templates, use RFdiffusion -- highest
experimental hit rate justifies the compute cost.
For discovery-oriented design where sequence
diversity matters, use EvoDiff -- broader
exploration with acceptable hit rates. For
regulatory element design in well-characterised
hosts, fine-tune DNABERT-2 on host-specific
expression data. All generative design workflows
should include an active learning component: use
initial experimental results to refine the generative
model or surrogate fitness predictor before the
next design iteration.
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Appendix A

Generative Model Selection Framework
for Synthetic Biology

Use this framework to select the appropriate
generative model for your synthetic biology design
task, based on design objective, available structural
information, and experimental throughput.
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