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The Aim
 Something that is already possible with Large Language models. Well, almost.

 Plain text accounting (PTA)

 is a way of doing bookkeeping and accounting with plain 
text files and scriptable, command-line-friendly software, 
such as Ledger, hledger, or Beancount.

 Beancount
 Fava
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Something like this: Post a receipt of retail goods into a warehouse, date: ..., money amount: ….
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Resources
 Security issues with LLMs -> confidental, proprietary data!

 Current state:

 Structured dataset <50K rows

 Double-entry bookkeeping posting scheme examples

 Equipment:

 GPUs on gpu-bigmem node: 4x96GB PG506-232

 mem = 493GB per node
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Possible solutions
 STRATEGY A) Agents.md BUT: AGENTS.md instructions cannot be too large > limited 
with context window size of the LLM

 STRATEGY B) Hugging Face MCP Server and/or semantic search

 constraints: bloating the context window!

 STRATEGY C) Postraining, Supervised finetuning, Learning for spefic task

 QloRA on 20B-100B LMs

 ~2-5h training;

 ~2-13h evaluation;

 STRATEGY D) FFT on ~20B LMs
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Strategies C) and D)
 LMs:

 Reasoning vs Non-reasoning models

 (LLM's that return their CoT inside a key called reasoning_content and then you have 
other LLM's that return their CoT between <think> ... </think> tags.) 

 MoE vs Dense architecture 

 speed

 quality

 Instruct vs Base models

 Agent calling
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Steps
 Creating chat template dataset(s)

 Preprocesses and tokenizes datasets

 Selecting a LM by:

 quality

 size you are capable to train

 Train

 Merge

 Convert to gguf (llama.cpp)

 Quantize to q8_0

 Evaluate

 Inference on gpu-bigmem

An e -tvaluation framework for post rained bookkeeping language models



Training

{'loss': 1.9609, 'grad_norm': 0.11034293472766876, 'learning_rate': 0.0, 'memory/max_mem_active(gib)': 25.68, 'memory/max_mem_allocated(gib)': 25.68, 
'memory/device_mem_reserved(gib)': 29.27, 'epoch': 0.0}
2026-01-22 09:58:31
...
{'loss': 0.1766, 'grad_norm': 0.1368938535451889, 'learning_rate': 6.623759873924939e-11, 'memory/max_mem_active(gib)': 25.68, 'memory/max_mem_allocated(gib)': 25.68, 
'memory/device_mem_reserved(gib)': 29.35, 'epoch': 0.3}
2026-01-22 14:40:37
{'loss': 0.1147, 'grad_norm': 0.13559143245220184, 'learning_rate': 2.943897209339852e-11, 'memory/max_mem_active(gib)': 25.68, 'memory/max_mem_allocated(gib)': 25.68, 
'memory/device_mem_reserved(gib)': 29.35, 'epoch': 0.3}
...
{'train_runtime': 17000.0526, 'train_samples_per_second': 0.888, 'train_steps_per_second': 0.111, 'train_loss': 0.3049940504469313, 'memory/max_mem_active(gib)': 25.68, 
'memory/max_mem_allocated(gib)': 25.68, 'memory/device_mem_reserved(gib)': 29.35, 'epoch': 0.3}
...

Weak training:

 num_epochs: 1-2

 learning_rate: 2e-5

 lora_r: 32
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Evaluation: Gpt-oss-fft-1-epoch
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Evaluation: Seed base vs Seed QLoRA
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Evaluation
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Evaluation
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Evaluation
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QLoRA-finetuned Seed-OSS-36B model demonstrates both successful acquisition of new knowledge and 
preservation/enhancement of general knowledge:

Conclusion

 The model successfully learned the double-entry accounting domain from the finetuning data.
 General Knowledge Preservation & Enhancement
 No catastrophic forgetting
 The model shows significant improvements across general knowledge benchmarks
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Conclusion
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Conclusion
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