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The issue:

Software should be
mathematically correct

Cruise control, elevator doors, bank software, etc.
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The solution:

Model checking
programming languages

verify a system’s edge cases by ensuring a bad action can never be true
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TLA+: Temporal Language of Actions
A radiation’ = OFF

Invariants must Mg oo, [
never happen

Figure 6. Scenario leading to an unsafe condition: The microwave is initially
radiating with the door closed and several seconds of time remaining. When
the user opens the door, harmful radiation comes out.

Laufer, Konstantin; Mertin, Gunda; Thiruvathukal, George K. (2024). WIP: An Engaging Undergraduate Intro to Model
Checking in Software Engineering Using TLA+IEEE Frointiers in Education, 2024. https://doi.org/
10.6084/m9.figshare.27226500.v1

v
= kM E
https://arxiv.org/abs/2407.21152 %y UNIVERSITY CHICAGO



https://arxiv.org/abs/2407.21152

Large Language Models

ChatGPT Claude deepseek
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The language problem

- Only ~200 verified examples of natural language -> model
checking in TLA+

- Existing LLMs only output correct syntax 26.6% of the time and
output a verifiable model 8.6% of the time (B. Ortiz et. al, 2026).
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Ask for TLA+

The context-repair solution

- Let the model try once
- It might fail, give it the error output fr e e
- Let it try again

| Feed back to ChatTLA-20B |
| With error details |

F—T——'I
|

- This results in a much higher verified result

| |
| Passing | Not Passing |
| |

Applicable to other languages | Return result |

I |

( E . F i rSt et . al y 2 02 3) . https://github.com/LUC-Al4FM/ralph-tla
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Reinforcement learning

Many fine-tuning updates
AB_1+ AB_2 + --- + AB_n (gradient steps)

Fine-tuned
model (6%)

0*=06_base + 2 AB_i

Pre-trained base
0_base (one big vector)

B, (origin)
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- The fine-tuned model achieved better results than base models

- At it's best: 80% syntax, 25% semantic performance on 30 results

Strategy SANY TLC
Few-Shot 18/26 (69.2%) 0/26 (0%)
Half-Completion 3/26 (11.5%)  0/26 (0%)
Progressive 9/26 (34.6%)  6/26 (23.1%)
FIM 5/26 (19.2%)  0/26 (0%)

Metric gpt-oss:20b ChatTLA v9 Gain
SANY 69.2% 80% +10.8 pp (1.16x%)

TLC  23.1% 25% +1.9 pp (1.08x)
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Thank you!

Eric Spencer - Al for Formal Methods in Software Engineering
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