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Abstract (600 word limit): 

 

In order to rationally engineer proteins, it is necessary to understand protein function holistically. 
We apply deep learning to unlabeled amino acid sequences to distill the fundamental properties of 
proteins into a structurally, evolutionarily, and biophysically grounded statistical representation. 
Based on this unified representation (UniRep), we show that the simplest models are broadly 
applicable and generalize to regions of sequence space previously unexplored. Our data-driven 
approach predicts the stability of natural and de novo designed proteins, as well as the quantitative 
function of molecularly diverse mutants, competitively with state-of-the-art methods. UniRep also 
increases the efficiency of protein engineering tasks by two orders of magnitude. UniRep provides a 
versatile summary of fundamental protein features that can be used across the protein engineering 
informatics domain. Protein engineering has the potential to transform synthetic biology, medicine, 
and nanotechnology. A traditional approach to protein engineering relies on random variation and 
screening/selection without modeling the relationship between sequence and function. Although 
proteins share a number of engineering-relevant properties, there is a smaller group of fundamental 
properties that make them work. An existing quantitative protein modeling approach aims to 
approximate one or a small subset of these. One example is biophysical modeling, which consists of 
structural approaches.  Deep learning is a machine learning paradigm for learning data 
representations from raw input data. Recently, this flexibility has been demonstrated in the 
prediction of protein structure by replacing complicated informatics pipelines with models that 
predict structure directly from sequence. Raw sequence data for proteins are widely available. As 
the number of these sequences increases, so does their variety. There has been no evaluation of 
either of these approaches on a comprehensive collection of protein informatics problems, nor have 
they been applied to learning representations at scale. Using recurrent neural networks (RNN), we 
construct statistical representations of proteins based on 24 million UniRef50 sequences. 
Multiplication-based long-/short-term memory (mLSTM) RNNs develop rich representations of 
natural language to achieve state-of-the-art performance on critical tasks. As a measure of how 
semantically related proteins are represented, we evaluated UniRep's ability to partition structurally 
similar sequences that share limited sequence identity and enable unsupervised clustering of 
homologous sequences.  Protein stability is a fundamental factor in their function, as well as an 
engineering endpoint affecting yield, reaction rate, and shelf life of protein catalysts, sensors, and 
therapeutics. Next, we evaluated UniRep's ability to predict the stability of a large collection of de 
novo designed mini proteins.  This result was unexpected, since de novo designed proteins represent 
a small proportion of the UniRep training.  

About Research Topic (200 word limit) 

Building models that generalize from local data to distant regions of sequence space where more 
functional variants are present is a core challenge of rational protein engineering. In general, deep-
learning models cannot generalize beyond their domain of training. The reason we hypothesized 
UniRep captures general features of protein fitness landscapes extends beyond task-specific training 
data is that UniRep is trained in an unsupervised manner on a wide variety of proteins and is 
relatively compact. Known characteristics of proteins are encapsulated in UniRep features . Since 
UniRep is derived from raw data, it is not constrained by existing mental models for understanding 
proteins, so it may also approximate yet unknown features, enabling protein engineering prediction 
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tasks beyond those examined here. In contrast to other methods, UniRep does not require 
experimentally determining or computationally folding a structural intermediate. UniRep may 
improve protein engineering workflows or, at best, help discover sequence variants not accessible by 
experiments or structural approaches while enabling rapid generalization to distant, unseen regions 
of the fitness landscape. Additionally, UniRep offers several natural extensions. Similarly to previous 
work with proteins and small molecules, it can already be used generatively for deep protein 
design. As well as in engineering, our results suggest UniRep distance may aid vector-parallelized 
semantic protein comparisons, even without any training data, regardless of evolutionary 
depth. Using sequence likelihood-based scoring, we also envision future work on data-free UniRep 
variant-effect prediction. 
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