
Figure 3. Comparison of model performance in MSE (log; normalized to 1). CornBERT performs the best among all models 
and all tissues

Baseline Models
● const_mean: predict average in each tissue
● hand_eng: hand-engineered features based 

on common promoters + tree-based model
● BOW_5mer: Bag-of-words (5-grams) + linear 

regression

Accomplishments
● In this project, we developed  CornBERT, an 

end-to-end language model that can 
predict gene expression levels in maize

● The model also learned to place higher 
importance on regions that are closer to the 
gene region, which is backed by our biology 
knowledge.

Future steps
● Train for a longer time with a larger dataset
● Use the attention mechanism of BERT to 

visualize region importance and potentially 
discover new motifs
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Table 1. Schematic of the Gene 
Expression Level Matrix
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Figure 4. 
Importance of the 
locations of 
5-mers for all 
tissues, based on 
permutation 
importance. The 
bottom is the end 
of each promoter 
sequence.

Algorithm:
1. Tokenize sequence with 

byte-pair encoding
2. Extract BERT embeddings 

using pre-trained CornBERT 
base

3. Average embeddings and 
predict gene expression 
with feed-forward neural 
network

Figure 2. Progressive unfreezing and linear warmup

Accurate predictions of gene expression 
levels would allows Inari to better engineer 
more resilient, high-yield crops.
DNA is like a language and can be 
modelled using cutting-edge NLP 
techniques.

CornBERT Transformer Model

Training process:
1. Pre-training on all plant genomes with 

masked language model task (Devlin et 
al., 2018)

2. Further pre-training on just maize 
genomes

3. Fine-tuning on B73 maize gene 
expression with multi-task regression

Model Comparison
● CornBERT MSE relative improvement over 

constant mean baseline: 13%

Figure 1. CornBERT model schematic with RoBERTa base (Liu et al., 2019)

PROBLEM STATEMENT
To build a transformer-based language 
model that can accurately predict gene 

expression levels from maize promoter DNA 
sequences.

https://plants.ensembl.org/index.html
https://www.ncbi.nlm.nih.gov/refseq/
https://www.maizegdb.org/

