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Why Yeast Is an Ideal Model for Regulatory 
Grammar

• Saccharomyces cerevisiae is the premier eukaryotic model organism 

to understand eukaryotic regulatory grammar

• With ~7,000 genes controlled by hundreds of transcription factors.
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Luo et al, Nature 2018

Shorkie_LM Shorkie: transfer learning Shorkie: benchmarkIntroduction

Engel et al, Genetics 2025 Nagalakshmi et al, Science 2008



Understanding Regulatory Grammar via Seq2func 
models

• Supervised deep learning can, in principle, learn regulatory features 

directly from DNA sequence.
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Gene locus (DNA)

RNA-Seq expressionAvsec et al. Nat. Methods (2021) Linder et al. Nature Genetics (2025) Žiga et al. Nature (2026)
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The Yeast Data Bottleneck Motivates DNA Language 
Models

• The Bottleneck: The compact 12 Mb genome provides too few independent 

training examples to support large supervised models without overfitting

• The Paradigm Shift: DNA Language Models

• Self-supervised LMs overcome this by training on diverse, unlabeled genomes.

• The Unresolved Gap (The "Catch"): The Unresolved Gap: Despite these 

advances, the mechanistic basis for how Masked Language Modeling (MLM) 

pretraining improves downstream Seq2func performance remains unclear.
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Shorkie LM
A Fungal DNA Language Model for Yeast
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The Language Model Solution
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Sequence Preprocessing
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Sequence Preprocessing
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Sequence Preprocessing
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Finding the Evolutionary "Sweet Spot"

• The Core Question: What evolutionary scope best supports transfer 

learning to S. cerevisiae? 

• The Four Training Corpora
• Species-level: Single S. cerevisiae reference (R64). 

• Strain-level: 80 S. cerevisiae strains. 

• Order-level: 165 Saccharomycetales genomes. 

• Kingdom-level: 1,341 fungal genomes spanning the entire kingdom.
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Order-Level Pretraining Gives the Best Transfer to Yeast

• The kingdom-level model suffered from extreme heterogeneity and 

noisier training dynamics, while the species/strain models overfit.
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Zero-Shot Regulatory Grammar:
Shorkie LM predicts motifs in RP gene promoter regions
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start codon (ATG)
5’  spl ice si te (donor site)

br anch point
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Zero-Shot Regulatory Grammar:
motifs are enriched in promoter & genic regions



Shorkie
Fine-tuning Shorkie LM with thousands of RNA-Seq
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Calico In-house Large-Scale TF-Induction RNA-seq 
Enables Dynamic Modeling
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● Genome-scale transcription 

factor perturbation

    (1340 experiments;

     3054 RNA-Seq readouts)

● Aggregating dynamics 

across many time-courses

3054 RNA-Seq 

readouts

TF induction experiments

RNA-seq at different T
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Pretraining Substantially Improves RNA-seq Prediction

chrIV:305,657-310,505 (RNA-Seq tracks); 

fold 3

chrVII:495,374-499,965 (RNA-Seq tracks); fold 

6

chrVII:362,180-366,023 (RNA-Seq tracks); 

fold 3

RNA-Seq tracks
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Pretraining Sharpens Interpretable Regulatory Motifs in 
Ribosomal genes & RRB genes

Shorkie motif 
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Shorkie Captures Time-Dependent Regulatory Logic

chrII:515214-515714 (Promoter region of ATG42)
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Shorkie predicts average temporal motif changes
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Shorkie Benchmark
Zero-shot prediction on MPRA and eQTL
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Shorkie Performs Well on Zero-Shot MPRA Prediction
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Caudal et al. eQTL dataset

Caudal et al. eQTL Renganaath et al. eQTL

Caudal et al., Nature genetics (2024)

Kita et al., Nature genetics (2024)

Renganaath et al., eLife 2020
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Motif gain → increased expression
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•Repressor motif loss → increased expression

Interpreting Variant Effects via Regulatory Motif Changes



Conclusion

• The Takeaway: For small-genome organisms, phylogenetically informed pretraining combined 

with transfer learning is a promising framework to decode complex gene regulation and noncoding 

variants. Shorkie improved dynamic RNA-seq prediction and enabled strong zero-shot variant-

effect prediction on MPRA and eQTL benchmarks.

• Shorkie → learns native yeast regulatory grammar through phylogenetically informed pretraining 

and transfer learning. 

• (Chao et al, bioRxiv, Sep 2025)

• Yorzoi → shows that exogenous sequence expression can be learned directly. 

• (Schneider et al, bioRxiv, Sep 2025)

• ExoShorkie → shows that the Shorkie framework can be transferred into the exogenous setting. 

• (Mandl et al, bioRxiv, Jan 2026)
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Selected Genomes for LM

White button mushroom

Oyster Mushroom

Shiitake

Black truffle

Fission yeast

Brewer's yeast

Saccharomycet

ales

InterpretabilityIntroduction Fungal LM Transfer LM (Shorkie) Applications
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Inference of Shorkie LM Across Species with Varying 
Evolutionary Distances
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Shorkie LM t-SNE(t-distributed stochastic neighbor 
embedding)
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Shorkie LM, trained on different dataset
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Shorkie LM, four models we trained
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Shorkie, Shorkie LM, Shorkie_Random_Init Attention Maps 
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