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Abstract: Artificial intelligence (AI) is profoundly reshaping the research paradigm of synthetic biology, shifting the

design of living systems from empirically driven approaches to model-driven ones. Traditional synthetic biology relies
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on screening mutants for trial-and-error optimization, making it difficult to address multiscale, high-dimensional, and
strongly coupled biological processes. With the explosive growth of omics data, the widespread adoption of automated
experimental platforms, and the rapid development of deep learning technologies, Al provides a new pathway to
uncover sequence-structure-function relationships, build predictive biological models, and enable large-scale design of
living systems. So far, Al-driven synthetic biology has established a systematic framework at four levels: the
biomacromolecular level with protein language models and generative structural models to make de novo design of
enzymes, receptors, and self-assembling materials possible; the genomic level with deep learning to advance the
modeling of mutational mechanisms, large-fragment sequence generation, and inference of phylogenetic dynamics,
laying foundation for programmable genome construction; the cellular level with the integration of AI with mechanistic
models to accelerate virtual cell development, enabling quantitatively predictive descriptions of cellular behavior; the
platform level with multi-agent systems and automated “design-build-test-learn” (DBTL) cycles to support the end-to-
end automation of pathway planning, enzyme function prediction, and experimental scheduling. Overall, Al is
revolutionizing synthetic biology from local optimization to system-level generation, and from empirical exploration to
predictive design as well, providing a core driving force for the controllable reprogramming of living systems and

innovation on biomanufacturing.

Al-Driven paradigm for synthetic biology
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Fig. 1 Artificial intelligence methods for designing biomolecules

(a) Schematic illustration of the hallucination-based design workflow for the transmembrane region of tmFAP: membrane-facing residues are
redesigned at the sequence level while the backbone of the ligand-binding pocket is fixed, and the sequences of the remaining residues are also kept
unchanged. During the iterative process, the sequence is repeatedly fed into AF2 for structure prediction, and loss functions are calculated based on
the predicted structure, pTM, and related metrics to guide the sequence optimization™. (b) Schematic illustration of a hierarchical crystal design
strategy: a three-level design hierarchy, from monomers to cyclic oligomers, two-component cage-like assemblies, and finally to three-dimensional
lattices, is used to construct tetrahedral units composed of C, dimers and C, trimers and to form a diamond-like lattice. Interfaces at different levels
sequentially drive the oligomer assembly, cage formation, and crystal packing, with progressively reduced buried interface area and binding energy to
enhance a cooperative assembly ', (c) Architecture of the Pythia-Pocket and Pythia models: both models visualize apo protein structures as graphs.
Pythia-Pocket takes the whole-protein graph as input, uses MPNN to generate residue representations, and predicts the probability that each residue
belongs to a ligand-binding pocket. Pythia takes the local structural environment as input, updates residue interactions through attention-based
message passing, and ultimately predicts the amino acid distribution probability of the central residue ', (d) Workflow of the StarFunc method:
StarFunc performs integrated protein function inference by combining five functional prediction modules, including sequence homology, structural

templates, protein-protein interaction partners, Pfam family matching, and deep learning models %!
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(a) Schematic illustration of the overall architecture and training workflow of the MuRaL model. The model consists of two modules, a local module
and an expanded module: The local module splits the sequence surrounding the central nucleotide into overlapping k-mers, which are then processed
through an embedding layer and fully connected networks to predict the probabilities of no mutation or three possible base substitutions. The
expanded module one-hot encodes a broader sequence context and uses ResNet to learn long-range sequence-dependent mutation propensities, also
outputting four-class mutation probabilities. The predictions from the two modules are fused with equal weights to obtain the final probability.
During the model training, the true mutation status corresponding to each input sequence is provided simultaneously *'\. (b) An interpretable DNA
double-strand break prediction model based on the graph contrastive learning. The model integrates epigenetic features and Hi-C information to
construct a graph network, combines graph attention networks with multi-level contrastive learning to refine node representatives, and performs
prediction through four coordinated modules: the input layer, embedding generation, contrastive learning, and output layer. GNNExplainer is further

used to interpret the association between three-dimensional chromatin architecture and DNA double-strand breaks **
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Fig.3 Artificial intelligence methods for designing cells ?***!

(a) Schematic illustration of the D2Cell model. This model is used to predict the effects of genetic modifications on the product yield. It takes the
target product, the structure of a genome-scale metabolic model, and a set of genetic modifications as inputs to predict the impact of these
modifications on the production performance of the corresponding cell factory . (b) In discriminator A, positive and negative sample sequences are
first embedded using ProtTrans, and then fed into a neural network containing three convolutional layers to assess their contributions. In generator B,
ProtGPT2 is fine-tuned using positive sample sequences to generate candidate positive sequences. The generated sequences are subsequently
screened by the discriminator to identify the most likely positive candidates ™\, (c) Schematic illustration of the mechanical unfolding mechanism of
proteins. The figure shows protein structures represented by Ig-like domains in human muscle and their force-induced unfolding process, highlighting
the mechanical unfolding mechanism of the load-bearing B-strands in the 127 domain, which are stabilized by backbone hydrogen bonds under the

mechanical stretching **!
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Fig. 4 Applications of artificial intelligence methods in synthetic biology
(a) Binding affinity between SHCS CTLA4 1 and CTLA-4 at different nanomolar concentrations measured by biolayer interferometry, together with
the crystal structure of the complex reveals the designed interaction interfaces between SHCS CTLA4 1 (green) and CTLA-4 (white) ™. (b) Pink,
green, and orange represent the holo conformation, initial apo and model-predicted conformations, and orange predicted ligand, respectively. The

model takes protein-ligand features and the current conformations as inputs to predict the updates of protein and ligand translation, rotation, and

torsion angles, as well as binding affinity and confidence. During training, the model learns the transition from the apo to the holo conformation;
129]
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[28-29]

during reasoning, the structure is progressively updated through multiple iterative rounds
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