
EPIC: An open community challenge for sequence-based prediction of 1 
transcription initiation in five non-model metazoans 2 

Ilya E. Vorontsov1, Nikita Gryzunov2, Bayley R. McDonald3, Vasily Kamenets1, Timur 3 
Salimgareev4, Ivan Kozin1, The EPIC Consortium, Ashley M. Conard5, Dmitry Penzar1, Ivo 4 
Grosse6, Vsevolod J. Makeev7, Philipp Bucher8*, Ivan V. Kulakovskiy1,2*, and Sascha H. Duttke3* 5 

1 Vavilov Institute of General Genetics, Russian Academy of Sciences, Moscow, Russia 6 
2 Institute of Protein Research, Russian Academy of Sciences, Pushchino, Russia 7 
3 School of Molecular Biosciences, College of Veterinary Medicine, Washington State University, 8 
Pullman, WA, USA 9 
4 Higher School of Economics, Moscow, Russia 10 
5 Microsoft Research, Cambridge, MA, USA 11 
6 Institute of Computer Science, Martin Luther University Halle-Wittenberg, Halle, Germany 12 
7 Cancer Research UK National Biomarker Centre, University of Manchester, Manchester, UK 13 
8 Swiss Institute of Bioinformatics, Lausanne, Switzerland 14 
 15 
Correspondence:  16 
Philipp.Bucher@sib.swiss, Ivan.Kulakovskiy@gmail.com and Sascha.Duttke@wsu.edu 17 
 18 
Challenge website: https://epic.autosome.org/ 19 
 20 

Abstract 21 

Predicting gene expression from DNA sequence is a central problem with critical biological and 22 
clinical implications. Recent sequence-to-function models are reported to achieve improved 23 
performance, yet it remains unclear how much of what they learn reflects genuine principles of 24 
eukaryotic transcription initiation and to what extent they are able to generalize beyond humans 25 
and other primary model species. A fair and blind benchmark has likewise been missing. Here we 26 
introduce EPIC, the Eukaryotic Promoter and transcription Initiation prediction Challenge. Teams 27 
receive strand-specific, single-nucleotide-resolution initiation profiles for 80-95% of the genome 28 
and are asked to predict the remainder from DNA sequence alone. To level the field, the challenge 29 
relies on understudied animals spanning three phyla: octopus, oyster, milkweed bug, Indian meal 30 
moth, and shark. EPIC is open to everyone and closes on December 31, 2026. All teams clearing 31 
the dinucleotide precision baseline are invited to join the consortium authorship of the post-32 
challenge publication, and winners are invited for personal authorship. 33 
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1. Introduction 38 

Transcription of DNA into RNA is a first critical step in genome expression and fundamental to life. 39 
RNA is the template from which proteins are made, and often, RNAs are themselves key 40 
regulators or catalysts. Where transcription starts, and how efficiently, is encoded to a substantial 41 
degree in regulatory DNA via a multitude of short sequence motifs [1]. Understanding how these 42 
sequences encode transcription initiation is a central problem in biology and biomedicine, with 43 
critical implications for human health; most disease-associated mutations identified by genome-44 
wide association studies fall outside protein-coding sequence and are enriched in regulatory DNA 45 
[2].  Being able to predict how a DNA sequence controls transcription initiation could therefore 46 
help us understand the molecular consequences of genetic variation, and ultimately identify 47 
mechanisms underlying human disease. The same regulatory code also shapes development 48 
and evolution. Changes in regulatory DNA can alter when, where, and how strongly genes are 49 
expressed, contributing to developmental innovations, evolutionary adaptation, and phenotypic 50 
diversity [3, 4]. Predictive modeling of transcription initiation from DNA sequence is thus of central 51 
importance.  52 

Recent advances in machine learning provide an unprecedented opportunity to crack the 53 
“regulatory code”. Diverse base-pair-resolution models to predict initiation from sequence and 54 
recover interpretable promoter rules in the human genome have been developed [5-7], some 55 
across many modalities [8]. Genome language models trained across domains of life take a 56 
different route, learning sequence representation and conservation to predict function from 57 
sequence [9, 10]. However, where we are at in predicting transcription initiation from sequence is 58 
less clear. Conclusions about relative performance of a model depend heavily on how the 59 
evaluation is set up; results obtained on curated promoter or data subsets overestimate 60 
performance [11, 12], and whether a model actually learned principles that reflect biology or came 61 
to the right conclusion for the wrong reason is rarely tested [13, 14]. The  Eukaryotic Promoter 62 
and transcription Initiation prediction Challenge asks a simple but ambitious question: How well 63 
can we predict transcription initiation directly from DNA sequence? 64 

EPIC follows those lessons and tries to address this need directly. Scoring is genome-wide over 65 
the whole eligible sequence rather than over a curated dataset, and results are evaluated against 66 
an unbiased, biological ground truth currently unknown to all participants, revealed at the end of 67 
the challenge. The DREAM [15] and CAGI [16] challenges established the format in regulatory 68 
genomics, and the recent IBIS challenge applied it to transcription factor binding specificities [17]. 69 
EPIC applies the same design to transcription initiation. 70 

EPIC asks a deliberately narrow question. Given the genome sequence of five little-studied 71 
animals, including shark, oyster and octopus, and transcription initiation data for 80-95% of that 72 
genome, how accurately can models predict initiation for the remainder (Fig.1)? The main goal is 73 
to assemble a community-driven, open benchmarking suite for DNA sequence-to-transcription 74 
initiation prediction models. EPIC will further provide insights into how far the DNA syntax 75 
orchestrating transcription initiation is shared across animals and learned by models. Through 76 
these efforts, we may also learn where promoter architecture and initiation mechanisms are 77 
conserved and where they are plastic across the tree of life, and to what extent models learn 78 
transferable biological principles.  79 



 80 

Figure 1 | EPIC - a community benchmark for predicting transcription initiation from 81 
sequence. The EPIC species span approximately 675 million years of animal evolution and 82 
represent three phyla. Approximate divergence times are shown at each node. Together, these 83 
species allow testing how well models generalize across genomes with very different composition 84 
and evolutionary history, rather than to a single well-studied species. The cnidarian Nematostella 85 
vectensis (starlet sea anemone; green box), whose transcription initiation profile is published, can 86 
be used for developing and validating pipelines against the challenge scoring before the sealed 87 
data are released. 88 

EPIC is enabled by capped small RNA sequencing (csRNA-seq), which captures active RNA 89 
polymerase II transcription initiation events at single-nucleotide resolution [18, 19]. Unlike 90 
approaches such as CAGE or 5′ scRNA-seq, which primarily measure stable, steady-state RNA 91 
5′ ends, csRNA-seq directly captures active transcription initiation. It therefore detects not only 92 
stable protein-coding and non-coding genes, but also transient enhancer, promoter-antisense, 93 
and primary microRNA transcripts that are often missed by other approaches. This advance is 94 
critical: steady-state RNA 5′ ends reflect the combined effects of transcription initiation, elongation, 95 
and RNA degradation. By contrast, csRNA-seq provides a direct readout of transcription initiation 96 
itself, providing a more stringent test of sequence-to-function models and an opportunity to 97 
discover how the regulatory code of the genome controls transcription. 98 

 99 



2. Challenge design 100 

2.1 Experimental data 101 

EPIC uses unpublished, strand-specific, single-nucleotide-resolution initiation csRNA-seq data 102 
from five evolutionarily diverse and largely understudied animals: two insects from different 103 
orders, an octopus, the Pacific oyster, and a cartilaginous shark (Fig. 1). The data are intentionally 104 
minimally processed. Reads are aligned to the respective species’ genomes and filtered for 105 
unique mapping, after which the 5′ ends of reads are tallied to generate strand-separated, 106 
genome-wide, single-nucleotide read-count profiles. No peak calling, cluster merging, or 107 
smoothing is applied [20]. The prediction target is the relative number and position of RNA 108 
polymerase II transcription initiation events with single-nucleotide and strand-specific resolution. 109 
EPIC does not target tRNAs or other small RNAs transcribed by RNA polymerase III, which are 110 
governed by distinct regulatory mechanisms and not captured by csRNA-seq. Highly abundant 111 
processed microRNAs and other small RNAs may be encountered. These can typically be 112 
identified and removed using matched small-RNA input data [19]. Small-RNA data are provided 113 
but for simplicity, and because such occurrences are rare, not necessary for this challenge: EPIC 114 
does not use this additional small-RNA filtering step for preprocessing or scoring. Participants, 115 
however, may use the small-RNA data to test and improve model performance. 116 

2.2 Species and genomes 117 

The benchmark spans three phyla (Fig.1); Assemblies and RepeatMasker annotations were taken 118 
from the UCSC GenArk hubs [21] so that every participant works from an identical reference. 119 
Genome sizes, contig counts, effective post-masking sizes, GC content, class balance, and 120 
train/test base-pair totals are distributed with the data package and are reproduced on the 121 
challenge website.  122 

2.3 Train and test partition 123 

For smaller genomes, approximately 80% of the eligible sequence of each genome is released 124 
for training, and approximately 20% GC-matched sequence is held out for evaluation. For the 125 
large genomes of Octopus bimaculoides and Squalus suckleyi we use 90%:10% and 95%:5% 126 
splits, respectively, to keep the submission file size manageable. Specifically, 127 

1. Repeat-overlapping regions were removed, and remaining intervals shorter than 100 bp 128 
were discarded. Scoring uses only these repeat-free intervals, which are provided to 129 
participants as bed files. 130 

2. Contigs are assigned to the training or the test set so that GC composition, computed 131 
on repeat-free sequence only, is balanced between the sets. GC content is the strongest 132 
global confounder for initiation prediction, and matching it prevents teams from being 133 
rewarded for learning the compositional idiosyncrasies of the test contigs. 134 

3. The test set is then split into two equal parts, one used during the Leaderboard stage 135 
(continuously updated online) and the other assigned for the final evaluation. 136 

Training data are released as gzipped BED files of per-position read counts (contig, start, end, id, 137 
readcount, strand), one file per replicate, in (1) a repeat-filtered version that matches how the test 138 



data will be scored and, as it might be beneficial to include repetitive regions in training, (2) an 139 
unfiltered version covering all positions of the training contigs.  140 

For model training, per-replicate and pooled-replicate repeat-filtered tracks (gzipped bed and 141 
gzipped plain text) are provided together with the corresponding genome FASTA, its index, and 142 
the assembly report. 143 

The target set of repeat-free genome regions for the test contigs is provided, but the experimental 144 
signal on those is withheld until the end of the challenge. For the test data, only the pooled-145 
replicate track will be used for scoring and ranking the challenge solutions, although individual 146 
replicates might be used in the post-challenge assessment. 147 

2.4 Prediction task and submission format 148 

For each species, participants receive an ordered, strand-specific list of eligible genomic positions 149 
in BED format, for which they must predict the initiation strength. A submission is a plain gzipped 150 
text file with one prediction per line in template order (all plus strand predictions followed by all 151 
minus strand predictions; the participants should follow the provided templates carefully). Each 152 
line must contain a single non-negative real value in [0, 1] with up to five decimal places. One 153 
prediction file must be submitted per species; only gzipped .txt files which exactly match the 154 
template will be accepted. An offline validator script is provided to help participants check their 155 
submissions before uploading them. BED-formatted prediction files are not accepted. The same 156 
submitted predictions are used to evaluate both challenge tasks (see next section). Thus, a single 157 
prediction track must simultaneously distinguish initiating from non-initiating positions and 158 
accurately rank initiation strength among positions that are actively initiating. 159 

2.5 Evaluation and ranking 160 

Two tasks are scored per species: 161 

• Classification (binary). Positions with non-zero transcription initiation counts are positives, 162 
and positions with no reads are negatives. Performance is measured as the area under 163 
the precision-recall curve (average precision). We adopted this measure as positives are 164 
a small fraction (<0.3%) of eligible strand-specific positions. 165 

• Regression (quantitative). Restricted to the ground truth positives, the Spearman 166 
correlation between predicted and observed initiation levels ('dense' ranks). 167 

Per-species scores from the two tasks are combined by log-rank aggregation, and species-level 168 
ranks are aggregated the same way into an overall ranking [17]. Gold, silver, and bronze medals 169 
are awarded on this basis for overall performance across species. Only a random half of the test 170 
labels contribute to the online leaderboard, which limits the gain available from fitting the 171 
leaderboard itself. Ground-truth profiles for test contigs will be announced with the winners at the 172 
end of the challenge. Clearing the simple basic dinucleotide predictor baseline threshold (Fig. 2) 173 
is required for joining the EPIC consortium. 174 

 175 



 176 
Figure 2 | Example of a simple dinucleotide predictor model. A. Base-line predictor scores: 177 
Initiation numbers were assigned to each dinucleotide based on input data. B. UCSC genome 178 
browser view of the challenge data and base-line predictions. C. Numerical data for the tracks 179 
shown in B. In yellow, positions that are used for computing correlation measures. D. AUPRC 180 
(Area Under the Precision-Recall Curve) for replicate and dinucleotide baseline predictor. 181 
Replicate 1 serves as ground truth. All positions were used for this analysis. E. Correlation of 182 
predictors with ground truth. Only yellow-marked positions in C (non-zero in ground truth) are 183 
used for this analysis. 184 

 185 
2.6 Rules, permitted resources, and reproducibility 186 

The goal of this challenge is clean sequence-to-signal comparison. Only the genome sequences 187 
and the EPIC-provided transcription initiation tracks may be used. Existing annotations, orthology 188 
relationships, expression data, other experimental tracks, or any other external data are not 189 
permitted. The exception is pretrained genomic models, such as (but not limited to) AlphaGenome 190 
[8] or Evo 2 [9] published in some form prior to the challenge start date, to allow comparison of 191 
these models against models trained from scratch. 192 

Teams of one to ten members register through GitHub. A designated spokesperson must submit 193 
all predictions for the team. Every team willing to join the EPIC consortium must submit a method 194 
write-up accompanying the final submission together with training and scoring code sufficient to 195 
reproduce the submitted predictions. A leaderboard is live for the duration of the challenge; the 196 
final ranking will be made public after the deadline. Organizers are ineligible for medals. 197 



To provide teams with the option of validating their pipelines before submitting, scoring scripts 198 
together with a published csRNA-seq dataset for the sea anemone Nematostella vectensis [19], 199 
processed identically to the challenge data, are provided. 200 

 201 

3. Timeline and participation 202 

The submission deadline is December 31, 2026. Registration, data access, and submission are 203 
handled at https://epic.autosome.org. Technical questions are answered in the EPIC Telegram 204 
group linked from the site. 205 

 206 

4. Anticipated outcomes 207 

We expect EPIC to produce: 208 

• A ranking of approaches using identical, blind data; the first head-to-head comparison of 209 
sequence-based initiation prediction across phylogenetically distant animals. 210 

• A calibrated estimate of where the field stands in predicting initiation from sequence. 211 
• A test of transfer. Whether large pretrained genomic models retain useful information 212 

about initiation in genomes unlike their training data, and how this information transfer 213 
compares to compact models trained from scratch on the challenge data. 214 

• A peek into what the models have learned. The core initiation machinery is broadly 215 
conserved across animals, while parts of the sequence grammar around it are not. A model 216 
that has captured general principles of initiation should perform consistently across 217 
species; one that rides on genome-specific composition should not. Five distant species, 218 
together with post-challenge analyses of promoter architecture, replicate agreement, and 219 
direct cross-species transfer, should provide an opportunity to disentangle these. 220 

• A persistent benchmark. Data, templates, scoring code, and submitted predictions will 221 
be released alongside the post-challenge publication, so that later methods can be 222 
evaluated on the same terms. 223 
 224 

5. Known limitations of the benchmark 225 

Several design decisions constrain what EPIC can measure, and we state them explicitly. 226 

• Repeat masking removes transposon-derived promoters from both training and scoring, 227 
so the benchmark deliberately scores the more tractable part of the genome. 228 

• A single read creates a positive, so AUPRC is partly a function of species and library 229 
complexity. Thus, the resulting numerical values have different scales and are not directly 230 
comparable across species. 231 

• Each species is represented by a single sample. Nothing in the benchmark tests 232 
condition-dependent or tissue-specific initiation. 233 

https://epic.autosome.org/


• GC matching is performed at the level of whole contigs and therefore balances the 234 
marginal composition of the training and test sets rather than local composition around 235 
initiation sites. 236 

 237 

6. Call for participation 238 

Anyone is invited and can participate! No prior work or knowledge of transcription initiation is 239 
required. Data are provided in a standard and convenient format. None of the five species 240 
selected for EPIC have been previously studied for this purpose, so no participant starts with 241 
valuable species-specific knowledge that others lack. The task is self-contained: sequence in, 242 
per-position score out. Single participants and small teams are welcome alongside groups of up 243 
to ten. Registration and data access are at https://epic.autosome.org. 244 

Consortium authorship 245 

Every team clearing the baseline and providing the method write-up is eligible to join the EPIC 246 
Consortium and will be listed as consortium authors on the post-challenge publication. The 247 
challenge winners are invited as named individual co-authors on the EPIC challenge manuscript. 248 

Data usage policy 249 

Training data, genome references, submission templates, and scoring scripts are distributed 250 
through the challenge website upon registration. The training and test data derive from 251 
unpublished experiments, and participants are asked not to redistribute the data outside this 252 
challenge without permission from the organizers. Teams intending to publish a method 253 
developed on the EPIC benchmark are asked to wait until the challenge and data preprints are 254 
posted. The test-set ground truth will be released upon the challenge completion and verification 255 
of the winning solutions. 256 

Data and code availability 257 

Scoring and offline validation scripts are available at https://github.com/autosome-258 
ru/EPIC_scoring 259 

The EPIC data are available at Zenodo: https://doi.org/10.5281/zenodo.22285753 260 
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