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Motivation: Technical Debt in ESMs

Architecture Challenges:
- Complex nested hierarchies: Gridcells → Landunits → Columns → PFTs
- Extensive module-level global state with hidden dependencies

ML Integration Barriers:
- Language paradigm mismatch (procedural vs. object-oriented/functional)
- Memory management conflicts (static allocation vs. dynamic tensors)



Why Automatic Differentiation Fails on Legacy Fortran:
1. Array Mutation Incompatibility

● Legacy Fortran makes extensive use of mutating operations 
● Requires architectural redesign, not just translation

2. Memory Explosion
● "Saving all intermediate steps requires prohibitively large RAM"
● Checkpointing needed, balancing memory vs. recomputation
● Trade-off complexity compounds with model size

3. Chaotic System Characteristics
● Gradients "orders of magnitude too large" from ill-conditioned Jacobians
● Exponential error accumulation in long integrations
● Requires specialized numerical stabilization

4. Stiff Differential Equations
● Timescale differences (seconds to years) cause AD errors
● Standard reverse-mode AD fails for many ESM components

Reference: Gelbrecht et al. GMD 2023 "Differentiable programming for Earth system modeling"
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Tool: Fortran-Analyzer (Custom Framework) using Fparse and networkx

● Generic Fortran parsing (F77, F90, F95, F2003, F2008)
● Dependency analysis: Module dependency graphs, circular dependency detection 
● Translation unit decomposition: Break large procedures into manageable chunks 
● Call graph generation: Visualize relationships between modules/procedures 
● Multiple output formats: JSON, YAML, GraphML, interactive HTML

Outputs: 
1.  Module dependencies      

github.com/AyaLahlou/Fortran-Analyzer

2. decomposed translation units

Static Analysis

http://github.com/AyaLahlou/Fortran-Analyzer


Decomposing Translation Units 

Translation Unit 1 is the “root” 
unit that represents the 
function as a whole, and all 
other units are nested
within it. The units are 
annotated with comments 
showing live-in and live-out 
information.

Reference: Nitin et al. 2025 C2SAFERRUST  (arXiv:2501.14257)



Dependency-Ordered Translation

If translated in the wrong order: 
● SoilTemperatureMod translated first, the 

code references undefined types
● LLM must guess structure of 

soil_state_type -> Hallucination risk

Topological Sorting

- Dependencies always translated first → No undefined references
- Context accumulates → Later translation units see previously 

translated code

Reduces LLM errors by 30.8% 

Reference: NetworkX topological sort, RustRepoTrans benchmark (arXiv 2411.13990)



Dependency-Ordered Translation Each node denotes a function, and 
the edges denote calls. The 
functions are sorted in a reverse 
topological order. The numbers 
next to each function denote their 
positional index in the ordering of 
translation units

Reference: Nitin et al. 2025 C2SAFERRUST  (arXiv:2501.14257)



Translation 
Agent 

Iterative Context Accumulation
N+1 LLM Calls

Step 1: Translate Each Unit Independently 
(N calls)

Step 2: Final module assembly
(simplified prompt for illustration) 

Example for SoilTemperatureMod:
- 8 translation units → 8 unit translation calls
- 1 assembly call
- Total: 9 API calls × $0.062 = ~$0.56 per module



Testing
 Agent 

- When legacy unit tests are unavailable
- Builds test suite for future development

Targets:
- Typical operating conditions
- Edge cases (e.g. frozen, dry, saturated) 
- Boundary conditions (e.g. 0°C phase transition)
- Physical constraints (e.g. positive conductivity)



Repair Agent 

Why?
- 45-73% first-pass translation success rate

➢ 25-55% need repair

Iterative Repair process increases accuracy 
● Initial translation: 45-73% success
● After 1 repair iteration: 65-85% success
● After 2-3 iterations: 80-92% success

(reference: TRANSAGENT arXiv 2409.19894) 



Running the End-to-End pipeline
Example: CanopyStateType module 
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Prompt Engineering

Effective Prompts = 3× Better Results

Reference: K3Trans triple knowledge 
augmentation (arXiv), leap-stc/jax-ctsm-agents 
prompts/translation_prompts.py

Context-Augmented Prompt Structure:



Can we achieve differentiability?

Differentiable Translation Example: Mixing length module in CLUBB
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Differentiable Translation Example: Mixing length module in CLUBB



CLM multilayer canopy model 

Computational Cost:
- 5-10× vertical resolution increase vs. big-leaf
- Prime candidate for GPU acceleration with JAX

Practical Advantages:
- Modularity
- Standalone capability: Can run with offline driver for 

tower sites 
- Validation data available

https://github.com/AyaLahlou/clm-ml-jax/

References: Bonan, G.B. et al. 2021 

Work in progress… Results coming soon 

https://github.com/AyaLahlou/clm-ml-jax/tree/CLUBB


Lessons Learned from our Automatic Translation Project

● Pre-modularising is key
● Write very specific prompts for LLM agents
● Test-driven translation: tests guide validation at each step

○ Use ‘crocodile clips’ higher-order function to get real input-output data from Fortran 

● Single test suite that can target Fortran or Python
● Property based testing 



Next steps 
- Offline tests & Validation of JAX CLM-ml_v2
- Coupled runs with CLM 5 & long term simulations 
- Differentiability tests 
- Performance Benchmark: Fortran, JAX CPU, JAX GPU
- … A full CLM6 refactoring?



25-50x GPU speedup

Urgent need for ESM modernization 

AI-assisted translation achieving 75-85% 
time savings and ROI through 
productivity gains, breaking even within 
days while reducing project costs by 
80-90% compared to developer time. 

Refactored JAX CLM-ml should achieve 
25-50x GPU speedup over CPU, making 
previously computationally prohibitive 10 
canopy layer vertical resolution 
calculations practical for long climate 
simulations.

Legacy ESMs face major modernization 
barriers from 100k+ Fortran code lines 
lacking differentiability and 
modularisation, with critical gaps in unit 
testing and fundamental architecture 
incompatibilities preventing ML 
integration and systematic parameter 
optimization.

Fast Cost effective AI agents 

Context-Aware & Accurate Refactoring

Dependency context and topological 
sorting improves LLM code translation 
quality by 19-40%, with context-aware 
approaches (including relevant usage 
examples) achieving 92% compilation 
coverage.

In Summary

Neurosymbolic Translation Pipeline from Fortran to JAX




