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Abstract 

The CRISPR-Cas9 system has revolutionized genome engineering, but its clinical and research 
success hinges on the design of highly efficient and specific guide RNAs (gRNAs). This design 
process presents a complex multi-objective optimization challenge. Current computational 
approaches often rely on single-pass prediction models or require researchers to build bespoke, 
difficult-to-maintain scripting pipelines for iterative discovery workflows. Here, we introduce 
GeneForgeLang (GFL), a novel domain-specific language (DSL) designed to declaratively specify and 
orchestrate advanced AI-driven workflows in genomics. We demonstrate GFL's capabilities by 
applying its high-level guided_discovery abstraction to the problem of optimizing gRNAs for the 
human tumor suppressor gene TP53. Our workflow, defined in a single, readable GFL script, 
autonomously orchestrates an iterative cycle of candidate generation, predictive evaluation using 
deep learning models, and active learning-based selection. In just 5 cycles, the system efficiently 
evaluated 100 informative candidates, converging on solutions with near-optimal predicted 
performance scores (top score: 0.9859). GFL represents a new paradigm for enhancing the 
reproducibility, composability, and speed of computational research in the life sciences. 
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1. Introduction 

The discovery of the Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) and 
CRISPR-associated (Cas) protein systems as a tool for programmable gene editing has been a 
watershed moment in molecular biology [1,2]. The adaptation of the Type II CRISPR-Cas9 system for 
targeted cleavage in eukaryotic and human cells [3,4] unlocked unprecedented possibilities for basic 
research, biotechnology, and gene therapy [5]. The system's specificity is conferred by a guide RNA 
(gRNA), which contains a ~20-nucleotide sequence complementary to the target DNA locus. The 
success of any CRISPR-based application is therefore critically dependent on the design of this gRNA 
sequence. 

An ideal gRNA must satisfy two, often conflicting, objectives: maximizing cleavage efficiency at 
the intended on-target site while minimizing activity at unintended loci throughout the genome (off-
target effects) [6]. Off-target mutations are a major safety concern for therapeutic applications, and 
poor on-target efficiency can render an experiment inconclusive or ineffective. Consequently, the 
computational prediction of gRNA performance has become an area of intense research. Numerous 
models, many based on machine learning, have been developed to predict on-target efficiency from 
sequence features, with notable examples including Azimuth 2.0 and DeepCRISPR [7,8]. Similarly, 
algorithms have been created to predict off-target propensities by searching the genome for 
homologous sites and scoring them based on mismatch tolerance, such as the CFD score [9]. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 2 September 2025 doi:10.20944/preprints202509.0193.v1

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from
any ideas, methods, instructions, or products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.0193.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 6 

 

However, these powerful predictive models are typically used for one-shot scoring of pre-
selected candidate lists. A truly optimal design process requires an iterative discovery loop, where 
insights from one round of predictions inform the selection of new candidates to explore. Such 
"closed-loop" or "active learning" approaches are common in fields like materials science and drug 
discovery [10] but are not yet standard in gRNA design due to the complexity of building the 
necessary software pipelines. Researchers are often forced to write complex, ad-hoc scripts, a process 
that is error-prone and difficult to reproduce. This highlights a critical need for a standardized, high-
level language for describing these advanced discovery workflows. Domain-Specific Languages 
(DSLs) have proven effective in other scientific domains for abstracting complexity, such as Nextflow 
and Snakemake in bioinformatics [11,12]. 

2. Methods 

2.1. The GeneForgeLang (GFL) Framework 

GeneForgeLang (GFL) is a declarative, YAML-based language designed to orchestrate complex 
scientific workflows. Its key features, utilized in this project, include: 

 High-Level Abstractions: The guided_discovery block provides a high-level command to define 
an entire AI-driven optimization loop. 

 Extensible Type System: The language supports an import_schemas directive, allowing 
workflows to use custom-defined data types. For this project, we defined GRNA_Sequence_List 
and GRNA_Evaluation_Table to ensure data integrity. 

 I/O Contracts: GFL supports explicit I/O contracts for workflow components, enabling static and 
runtime validation of the data flow between steps. 

2.2. The GFL Genesis Workflow Implementation 

The complete scientific methodology for this study was formally encapsulated in a single GFL 
script, genesis.gfl (provided as Supplemental File 1). This script is processed by a proprietary, GFL-
compliant execution runtime. The runtime interprets the GFL specification and orchestrates the 
necessary modular software components—referred to as plugins—to perform the defined scientific 
tasks. The GFL Genesis workflow is built upon three such plugins, which are defined by their 
scientific function: 

1. A Candidate Generator Plugin: This component is responsible for generating potential gRNA 
sequences. For this study, it was configured to perform a combinatorial search within the 
exons of the TP53 gene (Ensembl: ENSG00000141510) against the GRCh38 human reference 
genome, identifying all sequences adjacent to a valid "NGG" PAM. 

2. An Active Learning Plugin: This component implements the optimization strategy. It takes 
the full set of generated candidates and the history of previous evaluations to select the most 
informative subset of candidates for the next evaluation cycle. 

3. A gRNA Evaluator Plugin (gfl-crispr-evaluator): This component functions as a scientific 
black box that assesses the quality of a given gRNA candidate. Internally, it computes a unified 
performance score by leveraging established predictive models: the DeepHF model for on-
target cleavage efficiency (8) and the CFD (Cutting Frequency Determination) score for 
aggregate off-target risk (9). 

The GFL script below dictates the precise interaction and configuration of these functional 
components, defining the logic of the entire discovery process: 
# --- GFL Genesis: gRNA Design for TP53 --- 
import_schemas: 
  - ./schemas/grna_schema.json 
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guided_discovery: 
  design_params: 
    design_type: "combinatorial_generation" 
    combinatorial_generation: 
      target_gene: "TP53" 
      candidates_per_cycle: 100 
  active_learning_params: 
    strategy: "active_learning" 
    active_learning: 
      experiments_per_cycle: 20 
  objective: 
    maximize: "combined_score" 
  budget: 
    max_cycles: 5 
  run: 
    analyze: 
      tool: "gfl-crispr-evaluator" 
      input: generated_grna_candidates 
      output: evaluated_grna_scores 
      contract: 
        inputs: 
          generated_grna_candidates: { type: "GRNA_Sequence_List" } 
        outputs: 
          evaluated_grna_scores: { type: "GRNA_Evaluation_Table" } 
  output: top_tp53_grnas 

3. Results 

The scientific workflow, fully defined in the genesis.gfl script, was successfully executed using 
a GFL-compliant runtime. The execution demonstrated the robustness of the language and the power 
of the guided_discovery abstraction to orchestrate a complex, multi-plugin AI workflow from start 
to finish. 

3.1. Workflow Execution and Performance 

The orchestrator initialized correctly, loading the custom schemas and all three required plugins 
(combinatorial-generator, active-learning-selector, and gfl-crispr-evaluator) as specified in the GFL 
script. The main execution loop proceeded for the budgeted 5 cycles. 

In each cycle, the generator plugin produced a pool of 100 new gRNA candidates. The active 
learning selector plugin then analyzed this pool along with the results from previous cycles to select 
the 20 most informative candidates for full evaluation. This strategy focused the computational cost 
of the expensive predictive models (encapsulated in the gfl-crispr-evaluator) onto only the most 
promising candidates, resulting in a total of 100 unique, high-value evaluations over the course of 
the run. As confirmed by the execution logs, the I/O Contracts at each step of the internal loop were 
successfully validated at runtime, ensuring data integrity as information flowed between the 
selection and evaluation plugins. 
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3.2. Convergence of the Optimization Process 

The effectiveness of the guided discovery process is best demonstrated by its convergence 
towards high-scoring candidates over time. We tracked the maximum combined_score found within 
the set of evaluated candidates at the conclusion of each cycle. The workflow exhibited rapid learning 
in the initial cycles, quickly identifying candidates that surpassed a score of 0.98 by the third cycle. 
The final two cycles served to refine the search within this high-quality region of the design space, 
making marginal improvements and confirming that the process had successfully converged near an 
optimal solution.  

3.3. Analysis of Top-Ranked gRNA Candidates 

Upon completion of the 5 cycles, the orchestrator produced a final ranked list of all 100 evaluated 
candidates. The top candidates were tightly clustered with performance scores greater than 0.97, 
suggesting the identification of a robust set of high-quality solutions. The top 5 gRNA candidates are 
detailed in Table 1. 

The highest-scoring candidate, SEQ_61, achieved a near-optimal score of 0.9859. An analysis of 
the genomic positions of these top candidates reveals that three of them (SEQ_61, SEQ_44, and 
SEQ_30) target exons within the critical DNA-binding domain of the TP53 protein. Disruption within 
this domain is highly likely to result in a functional knockout of the protein, making these candidates 
particularly valuable for therapeutic and research applications. The ability of the GFL workflow to 
not only find high-scoring candidates but to also autonomously identify sequences in functionally 
critical regions underscores the power of this approach. 

Table 1. The top 5 gRNA candidates for the TP53 gene as identified by the GFL Genesis workflow. The score 
reflects a combined metric of predicted on-target efficiency and low off-target risk. The targeted exons are critical 
for TP53 function. 

Sequence 
ID 

Combined 
Score 

Example Genomic Position 
(GRCh38) 

Target Exon 
(TP53) 

SEQ_61 0.9859 chr17:7675088 Exon 5 
SEQ_44 0.9818 chr17:7674232 Exon 7 
SEQ_30 0.9807 chr17:7673836 Exon 8 
SEQ_66 0.9801 chr17:7675100 Exon 5 
SEQ_86 0.9707 chr17:7676054 Exon 4 

4. Discussion 

In this study, we have successfully demonstrated the utility and power of GeneForgeLang for a 
relevant and complex genomic design task. The GFL framework enabled us to declaratively define 
and execute an AI-driven workflow that identified high-quality gRNA candidates for the TP53 gene. 
The entire scientific strategy was encapsulated in a single, human-readable GFL script, which 
orchestrated a series of modular, reusable plugins. 

The primary advantage of the GFL paradigm is the clear separation of concerns between the 
scientific logic and the computational implementation. This abstraction has profound implications 
for the scientific process. It enhances reproducibility, a critical issue given that many published 
research findings may not be replicable [13], as the GFL script serves as an unambiguous, executable 
description of the methodology. It also promotes modularity and rapid iteration. This aligns with the 
growing need for FAIR (Findable, Accessible, Interoperable, and Reusable) principles in scientific 
data and software management [14]. 

Our work fits into the broader vision of "self-driving laboratories" and the "automation of 
science" [15]. While our current implementation is entirely in silico, the GFL orchestrator could be 
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connected to robotic platforms for automated experimental validation, truly closing the loop between 
prediction and experimentation, similar to efforts seen in automated chemical synthesis [16]. The 
declarative nature of GFL makes it an ideal candidate for the planning and control language of such 
an automated system. 

However, we must acknowledge the limitations of this study. The identified gRNA candidates 
are the result of computational predictions and have not yet been experimentally validated. The 
translation from in silico prediction to wet-lab efficacy is a well-known challenge, often referred to as 
the "valley of death" in preclinical research [17]. The next crucial step is to synthesize our top 
candidates and assess their on-target efficiency and off-target activity in a relevant cell line using 
established, genome-wide methods like GUIDE-seq or Digenome-seq [18,19]. Success in this 
validation step would provide strong evidence for the real-world utility of GFL-driven discovery. 

Looking forward, the GFL ecosystem will be expanded to further lower the barrier to entry for 
computational biology. The development of a Language Server Protocol (LSP) for GFL will provide 
a modern, interactive development experience [20]. Furthermore, we are establishing the "GeneForge 
Hub," a community-driven repository for sharing and discovering GFL plugins, inspired by 
successful bioinformatics communities like Bioconda [21]. 

In conclusion, GeneForgeLang provides a robust and extensible framework for the next 
generation of bioinformatics research. By treating the scientific workflow as a first-class citizen of the 
language, GFL empowers researchers to design and execute sophisticated AI-driven discovery 
campaigns with unprecedented ease and reliability. 
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