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o2 What are we Comparing? Full fine-tuning (FFT) of an 8B-parameter LLM updates every weight — effective, but prohibitively expensive. Two efficient philosophies compete.
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PEFT — the LoRA family (DoRA - QLoRA - QDoRA) Galore — efficient full fine-tuning (+ rSvD variant)
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Figure from the thesis, adapted from Zhao et al. [4].

Figure from the thesis, adapted from Hu et al. [1].
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o2 Task, corpus & setup oz National-scale compute

SEDICI — the open-access institutional repository of UNLP. We take all 19,974 Computer-Science records and classify
each document's resource type, formulated as conditional text generation:

Intel Data Center GPU Max 1550 accelerators (Xe-HPC, XPU backend) — no CUDA anywhere. Compute awarded

Run on Clementina XXI, Argentina's supercomputer

through IPAC, the competitive national call for accelerated-computing projects (PCI category — Intensive
Computing Projects, call PCI-146), open to Argentina's entire science & technology system.

Class imbalance is severe — test set, n = 3,000:

IPAC 2025 selected projects, by UNESCO area
Conference object - 78.1% Physics I 22

i istry .
@ Conference object — 2,343 records (78.1%) | Che.mlstry 17
B Article - Thesis - Other — 595 (19.8%) Life Sciences " 13
rticle esis er .8% Earth / Space T 10
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» Training: 5 epochs - bflé - 3 seeds (mean * o) - raw bibliographic metadata, no synthetic cleanup - HF
transformers/peft/trl + galore-torch.

2 /81 projects selected nationwide are Computer Science — this work is one of them.
» Metrics: F1-Macro (primary — robust to imbalance) - Accuracy - Exact Match - wall-clock time - peak VRAM -
trainable parameters.

Why it matters: these results transfer to any lab adapting open LLMs on limited or non-mainstream hardware — the

<Spanish academic corpus> Craw, imbalanced real-world data) (non-CUDA hardware) common case outside big tech.
o« Head-to-head results os Where imbalance bites
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n=28
Best F1-Macro — DoRA (r = 32) Peak VRAM — QLoRA & QDoRA Fastest run — GalLore rSVD Book
Beats FFT (0.642) while training 1.05% of the -44% memory; F1 within 1o of full precision. Updates 100% of the weights — ~3x faster than n=34 Q
| weights. h | DoRA. J Article PP O
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TECHNIQUE TRAINABLE F1-MACRO ACCURACY EXACT MATCH TIME (H) VRAM (GB)
Oth
FFT baseline 100% 8,030 0.6418 +.0097 0.8490 0.8418 6.50 61.20 . @ *O
Conference object 0
LORA =128 - all 4.019% 335.5M 0.6477 +.0073 0.8595 0.8592 6.17 25.68 n=2,343
0.4 0.5 0.6 0.7 0.8 0.9 1.0
% DoRA r=32 - all 1.05% 85.3M 0.6570 +.0053 ©.8507 0.8436 16.59 22 .86 _ . _ , o ,
FFT's gradient signal is dominated by the majority class and overwrites the subtle
QLORA r=128 - all - 4-bit A4.01% 335.5M 0.6486 +.0091 0.8576 0.8572 5.62 14 .14 representations minority classes need. Frozen-base adapters act as implicit
regularizers — DoRA recovers low-support classes best, while GalLore's instability
QDORA =128 - all - 4-bit 4.03% 336.9M 0.6541 +.0058 0.8561 0.8529 9.46 14.14 hits them hardest.
Galore r=128 - g=500 100% 8,030M 0.5987 +.0056 0.8297 0.8213 25.88 37.01
o The SVD bottleneck
Galore rSVD r=128 - g=500 100% 8,030M 0.5889 +.0127 0.8208 0.8120 5.69 37.01
Galore refreshes its projections via exact SVD (torch.linalg.svd) — which has no
% best F1-Macro in the study; bold = best per column. Rank saturates: growing LoRA from r = 32 to r = 128 quadruples trainable parameters for a gain of just +0.0004 native XPU kernel. The silent CPU fallback consumed 78.6% of GaLore's wall-
F1-Macro. clock (20.3 of 25.9 h). Randomized SVD (torch.svd_lowrank) stays on the GPU:
. . , 1,220.4
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| -
= h d better than FFT
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: "Efficient" is hardware-relative: on emerging accelerator stacks, one missing kernel can
: dominate the entire training budget.
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| What's next
0.60 Galore g=500 I . . . _ o
' O | » Hybrid schemes — combine frozen-base adapters with gradient-projection
|
O | updates of selected layers.
Galore rSVD g=500 : : . :
0.58 : » Data-centric work on minority classes — augmentation and class-aware
: sampling over the raw metadata.

» Broader validation — other open models and SEDICI fields; re-test GalLore as

20 30 40 50 60
Peak VRAM (GB) — XPU kernels mature.
So — parameter efficiency, or efficient full fine-tuning? on real, imbalanced, Spanish-language data: parameter efficiency.
QUALITY - PEFT MEMORY - 4-BIT PEFT SPEED - GALORE xSVD LOSS # F1
DoRA (r=32) sets the study's best F1-Macro with 1.05% QLoRA / QDoRA runin 14.1 GB — commodity-GPU 100% of weights trained in 5.7 h — %-trainable # speed. PEFT validation loss diverges +0.13-0.43 vs. FFT while
of the weights. The frozen base is an implicit regularizer: territory — with F1 inside one o of full precision. But it underfits this corpus: F1 ends ~0.05 below FFT. F1 holds or improves. Judge classifiers on task metrics,
minority classes survive. not cross-entropy.
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