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01 What are we comparing?
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R = Pᵀ G Q  ·  P, Q from SVD(G)

02 Task, corpus & setup

title + abstract → LLaMA 3.1 8B Instruct → type (6 classes)
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Spanish academic corpus raw, imbalanced real-world data non-CUDA hardware

03 National-scale compute
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04 Head-to-head results

0.657 14.1 GB 5.7 h

100% 8,030M 0.6418 ±.0097 0.8490 0.8418 6.50 61.20

4.01% 335.5M 0.6477 ±.0073 0.8595 0.8592 6.17 25.68

1.05% 85.3M 0.6570 ±.0053 0.8507 0.8436 16.59 22.86

4.01% 335.5M 0.6486 ±.0091 0.8576 0.8572 5.62 14.14

4.03% 336.9M 0.6541 ±.0058 0.8561 0.8529 9.46 14.14

100% 8,030M 0.5987 ±.0056 0.8297 0.8213 25.88 37.01

100% 8,030M 0.5889 ±.0127 0.8208 0.8120 5.69 37.01
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05 Where imbalance bites
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06 The SVD bottleneck
torch.linalg.svd

torch.svd_lowrank

1,220.4
min

4.7 min

260× 18.16 s → 0.07 s

25.9 h → 5.7 h
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So — parameter efficiency, or efficient full fine-tuning?
QUALITY → PEFT MEMORY → 4-BIT PEFT SPEED → GALORE rSVD

≠
LOSS ≠ F1

github.com/malekcamilo
/tesis_maestria

huggingface.co/malekca
milo

hf.co/spaces/malekcami
lo/sedici-llama-peft

Estrategias de
adaptación eficiente para modelos de lenguaje abiertos

LoRA: Low-rank adaptation of large language models.

DoRA: Weight-decomposed low-rank adaptation.

QLoRA: Efficient finetuning of quantized LLMs.

GaLore: Memory-efficient LLM training by gradient low-rank projection.

GaLore 2: Large-scale LLM pre-training by gradient low-rank projection.

The Llama 3 herd of models.
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