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Decoding the genetic code to unveil its genome functionality is a monumental 

task which would greatly advance the understanding of disease mechanisms 

and development of targeted treatment approaches. Although large language 

models (LLMs) have transformed natural language processing across diverse 

domains, translating the complex language of DNA into human-readable form 

remains challenging due to genomic data complexity and unexplored regions of 

the human genome. Current (genomic) language models either are capable of 

processing natural language or the genomic code. Models fusing both aspects 

are largely lacking1. 

A multimodal LLM regarding gene functionality

Genolator is a finetuned Llama2 model, designed to fuse natural language with 

genomic language. It receives a question, formulated in natural language 

(English) and information from DNA-sequences, amino acid sequences and 

protein structures in tandem. Each modality is presented to Genolator in the 

form of an embedding, a latent representation of the encoded information, from 

a machine learning model trained on the specific modality. It can handle 

confirmative/denial questions, as well as openly formulated questions regarding 

gene functionality.

Genolator was fine-tuned on over 365,000 question-answer pairs generated 

using abstracted Gene-Ontology (GO)6 terms. To obtain genomic 

representations, we utilized Evo2 7B3. Amino acid sequence embeddings were 

generated using the ESMFold4 (3B) model. Structural protein embeddings 

were generated using a Graph Convolutional Autoencoder5. For the Language 

Model part we selected Bio-Medical-Llama-3 8B provided by ContactDoctor on 

Hugging Face. To enable multimodal integration within the Llama2 architecture, 

we mapped the modality embeddings into Llama’s2 native token embedding 

space. This was achieved by designing three separate virtual token projectors. 

Each projector applied a learnable linear transformation to map the input 

embedding dimension to the hidden size expected by Llama2 (4098). For each 

sample, eight virtual tokens per modality were produced, yielding a total of 24 

multimodal virtual tokens, which were concatenated and prepended to the 

textual input tokens.

Genolator effectively answers comfirmative and denial queries regarding 

protein subcellular localization, molecular function and biological processes. 

Evaluation demonstrates high accuracy and MCC7 in confirming or denying 

protein function associations, outperforming baseline models such as openly 

available allrounder LLMs like GPT 4.18 as well as smaller domain specific 

models integrating knowledge from foundation models like Evo23 and ESM24.

Results 1: Answering Protein Function Queries

To assess whether the model effectively integrated natural language and 

biological information, we investigated the features learned by Genolator. We 

extracted the hidden states from the final layer of the Llama2 model prior to 

the output layer and projected them into a two-dimensional space using t-

distributed stochastic neighbour embedding (t-SNE)9. For most GO6 terms, 

Genolator achieved a clear separation between confirmed and denied 

associations in the t-SNE9 space, producing distinct clusters across all GO-

term6 aspects. Additionally, within each GO6 aspect, Genolator clustered 

related terms in close proximity, while clearly separating less related terms. 
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