Steering Generative Models with Experimental Data for Protein
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Adaptive optimization with SGPO

and scale to large design spaces In the real world, only ~102- 103 true fitness labels

During evaluation, due to the massive size of the design space, a supervised oracle
are available, as they must be collected through expensive wet-lab assays (screens). J gn sp P

trained on available fithess data was used as an approximation for true fitness.
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scenarios.

comparison to language models steered with direct preference optimization (DPO). The distribution learned by pretrained generative priors, approximated by 1000
Our models are trained or finetuned with naturally occurring sequences belonging generations, largely matches that of the target (naturaII;/ occurring) distribution Interesting directions for future research include enabling sampling from other
to the protein family being optimized. We are also testing masked diffusion The perplex}ties of generated sequences also match the target training | acquisition functions (formulated under a Bayesian perspective, multi-objective,
language models (MDLMs) and other state-of-the-art guidance strategies. distributions (MSAs), as evaluated by passing generations through ProGenz2. etc.) and steering outside the distribution of the generative prior




