
Master Seminar Course - Large Language Models: Bausteine, Training und Steuerung
TUM School of Computation, Information and Technology
Technical University of Munich

Binding-Bench Challenge:
Unsupervised prediction of
TF binding sites

Jannis-Alexander Arnold, Katharina Miller,
Ana Cunha, Arjun Bommadevara

Technical University of Munich

July 2026



Outline

1 Introduction

2 Methodology

3 Results

4 Limitations & Future Work

5 References



Introduction
Motivation

■ Biology: Transcription Factors (TFs) regulate gene expression by binding specific
promoter DNA sites.

■ Bottleneck: binding-site annotations are sparse for most species and TFs (ChIP is
costly and condition-specific).

■ Need: methods should generalize beyond available ChIP data.

■ Goal: develop generalizable methods that leverage information encoded in the genome
to predict individual TF binding sites.
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Motif Baselines
STREME and JASPAR+FIMO

STREME
■ Discovers motifs from the benchmark

sequences.

■ Convert motif-supported sites to
BindingBench predictions.

JASPAR+FIMO
■ Scan promoters with curated PWMs

(JASPAR).

Takeaway

Both approaches predict binding from short local sequence motifs and provide inter-
pretable baselines.



Method 1: Sparse Autoencoder (SAE)

■ Train a TopK SAE on mean-centered SpeciesLM L10 embeddings (no binding labels).

■ Expansion factor 8: 768 → 6144 latent features, keep TopK k = 32 activations per
position.

■ Evaluate: per TF pick best feature on a training split, report AUROC on held-out genes.
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Method 2: DNA-only Models

■ Input: one-hot DNA or SpeciesLM L11 embeddings.

■ Shared backbone: motif stem + dilated conv residual stack + local self-attention.

■ Single-head: only merged occupancy target.

■ Multi-head: TF-specific auxiliary heads + merged occupancy head (evaluated on
held-out TF benchmark).



Method 2: DNA-only Architecture



Method 3: DNA + Protein Embeddings

■ Shared scorer combines DNA features with protein embedding representation.

■ Protein representation generates FiLM parameters that modulate DNA encoder.
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SAE Results

■ Gene-held-out evaluation avoids same-gene leakage.
■ Median best-feature AUROC across 164 held-out TFs: 0.659.
■ Strongest recovery for high-occupancy TFs (e.g. abf1, hap5).



Protein-aware Results

Model AP AUROC

Late fusion 0.0106 0.8351
FiLM, shuffled proteins 0.0059 0.8318
FiLM conditioning 0.0107 0.8581

Takeaways

■ AP almost the same between FiLM and late fusion

■ shuffling proteins hurts AP strongly → TF identity in protein embeddings matters

■ Absolute AP still low!



BindingBench Comparison: Merged held-out TFs



BindingBench Comparison: TF-specific
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Limitations

■ Scope: only S. cerevisiae promoters (1kb upstream of ATG) and ChIP-exo derived sites.

■ Matched evaluation: SAE export used lower top-k peak caps than supervised models
(runtime constraints).

■ TF-specific setting: DNA-only/SAE rely on post hoc best-assignment (no TF identity at
test time).

■ Protein embedding: mean pooling may dilute DNA-binding-domain signal; embedding
anisotropy can obscure specificity.



Future Work

■ More matched comparisons: unified top-k and NMS parameters; rerun SAE exports at
full scale.

■ Stronger generalization tests: stricter gene/TF holdouts; similarity-aware splits.

■ Better protein representations: focus on DNA-binding domains (e.g., InterPro-guided
subsequences).

■ Hybrid models: combine motif priors with dense predictors; explore cross-attention and
fine-tuning.
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