(B 200 LR |EE

TSUBAME #RF|A ## 6 FE ZMFA RREHKEE

FARES HEERMSEONKRATIZEITS Low-Rank Adaptation Fine-Tuning IZB89 5H#%E
F 3 : A Study on Low-Rank Adaptation Fine-Tuning under Limited Computational Resources

FRRBETE
KEEH Bia

Kenji Hatano

EEHRZE XL EREH
Doshisha University, Faculty of Culture and Information Science
https://www-mil.cis.doshisha.ac.jp

AERETIE, 2HEFAHD LoRA TETAN, EADEYMENELLIEBET L CERR A RETHINESIIER
SELT-. EFEMICE, BEDOARVEETILERAWVWT, BEYMEANEFESNERETILLTEE SN
QLoRA 7Z7H AN, KYKRELEYMEDEBRETIL L TEEMICEMET H2ELFHLHNICLE. B2, EAF 4 EY
MBS 3 EYMBIZEFELEEBRETILETRELETS TA4THoTH, HRBIZEA% 16 EVYMEIZETTS
Z&ET, EBETILVEEFELEVEED LoRA LIZEREDHRRBEFZZERTESLLERLE. AFkE, 28
FEH QLoRAET ILDMHERER L5, EFLIZK>THONI=REIAEVEFRALIz/\YFH A XDHIEKIZELS LoRA

DFEEREDME LZEISERTRETHS.

In this study, we investigated whether trained LoRA adapters can be transferred across foundation
models with different weight bit-widths. Specifically, we showed that LoRA adapters trained on
foundation models quantized to low bit-widths can still function effectively when applied to foundation
models with higher bit-widths, using multiple tasks and models. We demonstrated that even adapters
trained on 4-bit or 3-bit quantized foundation models can achieve inference accuracy comparable to
standard LoRA trained at 16-bit precision, by restoring the foundation model to 16-bit at inference time.
This approach can be applied to enhance the performance of pre-trained QLoRA models and to
accelerate LoRA training by expanding the batch size using memory savings gained through

quantization.
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16-bit 8-bit QLoRA 4-bit QLoRA 3-bit QLoRA 2-bit QLoRA

Datasets Models LoRA
© QLoRA PLR16 QLoRA PLR8 PLR16 QLoRA PLR4 PLR8 PLR16 QLoRA PLR3 PLR4 PLR8 PLRI16
Llama 3.2-1B  21.60 22.13 21.83 18.19 18.95 19.41 1122 1531 1691 16.53 318 3.11 3.03 2.81 2.43
GSMSK Llama 3.2-3B 4291 43.06 42.07 3775 41.32 42.38 29.56 3450 37.76 37.30 4.17 6.60 15.61 15.39 15.85
Llama 3.1-8B  59.66 58.75 58.98 56.56 58.15 58.00 50.34 5731 58.98 59.59 516 1827 3335 33.73 34.34
Avg. 41.39 41.31 40.96 37.50 39.47 39.93 30.37 3571 37.88 37.81 417 933 1733 1731 17.54
Llama 3.2-1B  69.21 67.29 63.33 25.84  30.11 31.60 2390 2219 37.69 37.63 0.00 0.00 0.22 0.22 0.19
scc Llama 3.2-3B 72.30 83.02 82.79 7522 80.49 80.41 68.65 68.15 75.54 75.44 297 3293 3951 35.83 35.87
Llama 3.1-8B  84.96 84.30 84.21 84.38 84.47 84.46 7735 79.46 80.04 79.94 481 3673 3220 36.13 36.20
Avg. 75.49 78.20 76.78 61.81 65.02 65.49 56.63 56.60 64.42 64.34 259 2322 2398 24.06 24.09
Llama 3.2-1B  45.40 44.71 42.58 22.02 24.53 25.51 17.56 18.75 27.30 27.08 1.59 1.55 1.63 1.52 1.31
A Llama 3.2-3B  57.61 63.04 62.43 56.49  60.91 61.40 49.11 5133 56.65 56.37 357 1977 2756 25.61 25.86
Ve Llama 3.1-8B  72.31 71.53 71.60 7047 7131 71.23 63.85 68.39 69.51 69.77 499 2750 3278 3493 35.27
Avg. 58.44 59.76 58.87 49.66 52.25 52.71 4350 46.15 51.15 51.07 338 1627 20.65 20.69 20.81
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