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Introduction The framework of QA-LoRA Experiments
LLMs have shown unprecedented performance across a wide range of language understanding LoRA QLoRA QA-LoRA ) | . .
tasks and served as the foundation of state-of-the-art chat systems. The diversity of real-world Table 1. 0-shot and 5-shot accuracy (%) on the Massive Multitask Language Understanding (MMLU) dataset
applications calls for a pipeline in which LLMs can be fine-tuned to fit different scenarios and /@\ /@\ /@\
guantized to be deployed onto edge devices (e.g., mobile phones), and the key issue is to get rid ot Dout Dyt Dout Method Dataset #Bits MMLU (O‘_SIhOt)h MMLU (5;S|hot>h
of the heavy computational burden brought by the large number of parameters of LLMs. E | pretrained \i/ Quantized \B_/ Quantized W Hums. STEM Social Other Avg. Hums. STEM Social Other Avg.
g Weights | Dint Weights | Dint Weights | Dint—— LLaMA-7B - 16 324 266 314 37.2 321 333 29.8 37.8 380 34.4
I QLoRA 4-bit & 16-bi0 2 | werie — W (NE4) —— W (INT4) /A \ QLORA Alpaca 4+16 38.1 31.1 41.6 469 39.4 361 31.9 42.0 44.5 384
QLorA (4-bity ] Qa-LorA (4-bit) QLorA (3-bity [ @a-LorA (3-bit) QLorA 2-bity [ Qa-LorA (2-bit) = m D. ml)in w1 QLoRA w/ GPTQ Alpaca 4 357 30.9 38.0 440 3/.1 33.8 31.3 3/4 422 360
— ; ; in ; ; N R PEQA Alpaca 4 - - - - - 349 289 375 40.1 348
60 60 60 X| ] | | _ | X | ] | | _ | X| ] | L T 7 Dy QA-LoRA Alpaca 4 36.9 314 403 449 38.3 36.6 324 448 449 394
558368 54.4 R T----Lopy. - Te---Lopyo-- QLoRA w/ GPTQ Alpaca 3 315 289 318 368 32.2 31.6 30.1 35.6 39.8 34.0
50 o e e QA-LoRA Alpaca 3 36.0 341 420 423 38.3 35.6 305 415 42.7 374
50 50 s ' 3 > @ o QLoRA w/ GPTQ Alpaca 2 241 221 225 23.7 23.2 234 262 264 284 258
46,12 0 40.4 = \_/" FP16 = \_/" FP16 | = 2 QA-LoRA Alpaca 2 264 255 256 28.7 265 2/.3 261 261 30.3 27.5
S g FP16 | 4 —IP10Q NF4 | 4 | ) INT4 | e N | INT4 |- QLoRA FLANvZ 4+16 40.9 325 4/7.8 495 42.6 41.4 35.0 498 52.0 44.3
40 L N 509 = LN Tl il AN I il — il QLoRA w/ GPTQ FLANV2 4 397 325 464 481 41.6 365 33.7 469 50.3 414
340 25 S — T - - QA-LoRA FLANv2 4 440 353 523 52.6 459 439 38.0 543 53.0 470
B QLORA w/ GPTQ FLANV2 3 367 302 384 401 365 322 317 42.7 42.8 369
30 30 = 20 = -
LLaMA-7B LLaMA-13B LLaMA-33B LLaMA-65B LLaMA-7B LLaMA-13B LLaMA-33B LLaMA-65B LLaMA-7B  LLaMA-13B LLaMA-33B LLaMA-65B Flgure 2An I||UStl'athﬂ Of the gOal O]C QA_LORA Compared to pl’IOI’ adaptathﬂ methOdS, LORA and QLORA, OUI’ Sfol:lioARv\'A/\/ GPTQ Etﬁm x% g ZZLEI__?: gg% g%g gg% gg’g 421_:]3‘8 ggg g%g 2(5)% gg'g

(a) QLoRA vs QA-LoRA in 4-bit (b) QLoRA vs QA-LoRA in 3-bit (c) QLoRA vs QA-LoRA in 2-bit approach is computationally efficient in both the fine-tuning and inference stages. More importantly, it does not QA-LoRA FLANV? 2 341 300 372 398 352 318 381 345 385 332

| | o - o suffer an accuracy |o§s becauge post-training quantization is not required. We display INT4 quantization in the | LaMA-13B _ 16 406 367 489 480 433 440 359 532 520 4473
Figure 1. The comparison of 5-shot MMLU accuracy (%) with different quantization bit widths based on the LLaMA figure, but QA-LoRA is generalized to INT3 and INT2. QLORA Alpaca 4+16 452 38.3 550 54.6 48.1 460 37.3 55.8 551 48.4
model family QLoRA w/ GPTQ Alpaca 4 447 380 544 540 47.6 454 374 557 54.3 480

QALoRA NPoca 4 443 380 551 55.5 47.9 484 385 249 552 492
- - , -Lo Alpaca . 0O 55.1 555 : . 3 54.9 55. :
There are two lines of research for this purpose: Methodology QLORA w/ GPTQ Alpaca 3 435 362 523 526 459 436 361 530 52.7 461
QA-LoRA Alpaca 3 439 3/.3 531 543 46.9 443 38.8 534 538 47.3
= The first one is parameter-efficient fine-tuning (PEFT) which introduced a small number of LoRA: 8'I£FE§RVX\/ GPTQ ﬁlpggg % %g; %gg ﬁ%g ﬁgg :23;8 %Zg %6% ggg S’é% ggg
learnable parameters while keeping most pre-trained parameters unchanged. Among them, P ' ' ' ' ' ' ' ' ' '
, , : : . . . QLoRA FLANv2 4+16 48.0 39.2 58.2 56./7 50.3 49.9 40.1 60.2 5/.9 51.9
low-rank adaptation (LoRA), a popular PEFT algorithm, proposed to fine-tune low-rank _r:he key |deig LORIA) s to ('jﬂ%OdUCeDa pair of m%trlTeS,Tﬁ and B, tg.Supg!emeﬂﬁ VVI A anSt B SKOFEARV,X\/ GPTQ Etﬁm v% j j;g icii %2 29(2) 2(1)(1) ggg j(l)g 28; ggi E%Z
matrices to complement the pre-trained weights. Despite the comparable performance to ave sizes of Uiy X Dipg and Dipg X , respectively. The intermediate dimensionality Is often -LO \ : : : : : : : : : :
o ﬁp | hp 5 o RAp. " Parabie ﬁ) e cmal (e, Di. < mm{%- 5 1?; o A 3 lowtank mattx combared 1o W QLORA w/ GPTQ FLANV2 3 466 379 559 557 489 465 382 572 561 493
ull-parameter fine-tuning, the memory usage of Lo s still large, especially when the base €., Uint iny Hout s/, 8 9 : QA-LoRA FLANV? 3 474 394 577 560 499 493 400 600 575 51.5
LLM is large (e.g., LLaMA-65B). QLoRA w/ GPTQ FLANv2 2 36.2 30.3 408 44.1 37.8 36.6 320 438 44.2 38.9
| o | | S * Fine-tuning, y = W 'x + s - (AB) Tx QA-LoRA FLANV2 2 40.8 364 39.3 50.1 43.9 409 36.1 50.7 46.7 44.1
= The second one studies parameter quantization where the trained weights are quantized into ’

. , , , = Inference, y = (W—|—S _ AB)TX LLaMA-33B - 16 510 427 63.3 604 541 56.2 459 6/7.1 63.9 58.2
low-bit integers or floating point numbers. Although these methods can alleviate the ’ QLORA Alpaca 4+16 52.2 449 64.3 61.8 555 554 460 664 63.6 57.7
computational burden, they often report unsatisfying accuracy especially when the QLoRA w/ GPTQ Alpaca 4 51.7 447 634 61.0 54.9 53.9 46.6 66.3 629 57.1

S A : ization: QA-LoRA Alpaca 4 51.6 449 650 618 554 558 464 6/.0 64.0 58.1
quantization bit width is low. Quantization QLoRA W/ GPTQ Abaca 3 495 433 631 610 538 533 450 641 614 508

- - TR Lend - - L -Lo Alpaca 50.6 446 640 61. J 543 458 652 62.6 :
Mathemahcally, given the bit width NV and a pre-trained weight matﬂx W, we compute the min QLORA w/ GPTQ Albaca 2 320 316 358 328 329 375 349 453 449 404
Contributions imum and maximum values across all elements of W, denoted as min(W) and max(W), respec- QA-LoRA Alpaca 2 384 382 50.7 49.7 43.6 44.2 38.8 539 52.3 47.0

i : : : - ST - S LoRA w/ GPT FLANvZ2 4 549 464 682 63.6 580 574 48.6 69.2 64.9 598

It san mportqnt t.op|c to integrate PEFT vvl.th quanhzahon: A naive solution is to perform post- W o W B W -5 QA?Lon'X\/ Q AN xz 4 549 470 697 655 587 579 488 710 655 606

training quantization (PTQ) after PEFT, but it reports unsatisfying accuracy especially when the =a-W+fi=a- o + 0, QLoRA w/ GPTQ FLANV2 3 540 443 65.8 62.7 565 557 474 67.9 640 585

quantization bit width is low. QA-LoRA addresses the issue by introducing group-wise oper- QA-LoRA FLANVZ -8 981 450 669 630 56.7 50.8 46.9 08.9 63./ 58.9

, , A : , where a = (max(W) —min(W))/(ZN— 1) and B8 = min(W) are called the scaling and zero factors QLoRA w/ GPTQ FLANv2 2 379 350 476 429 40.6 42.8 370 543 51.5 46.1

ators to increase the number of parameters for low-bit quantization (each group is quantized v - & ! QA-LoRA FLANvV2 2 494 404 59.8 565 514 496 4277 60.7 57.8 524

individually) and decrease that of LoRA (each group shares the adaptation parameters). QA- respectively. LLaMA-65B - 16 564 452 680 64.1 583 614 51.9 73.6 67.6 634

LoRA enjoys two-fold benefits: QA-LoRA: QLORA Alpaca 4+16 555 493 704 66.9 60.1 60.3 52.7 72.9 67.4 63.1

. ) . QLoRA w/ GPTQ Alpaca 4 548 48.9 698 66.1 594 604 525 /3.0 6/.2 63.0

= An efficient fine-tuning stage thanks to the LLM’s weights being quantized into low-bit . . . . . QA-LoRA Alpaca 4 571 482 /0.7 64.9 60.0 60.8 50.5 72.5 66.7 62.5
tegers: Our ObJGNCJEIVG s efficient adaptation and deployment. The key to achieving the second goal lies SKOFEARV,X\/ GPTQ ﬁlpaca g g;g jéz 2;% 22& 2(9)(3) ggg 282 ;(1)8 22% 2%2

. - . . . ' ' ' , ' ' o - ici _ -Lo paca . . . . : . . . . :

= A lightweight, fine-tuned model without the need for PTQ which often incurs loss of in that W (i.e., the quantized W) and s - AB .can be mgrged without u5|ng.h|g.h Precision hum QLoRA w/ GPTQ Alpaca 2 439 38.0 42.6 51.1 46.2 47.3 40.8 58.9 57.0 50.7
B bers (e.g., FP16). QA-LoRA ntroduce group-wise operations for both quantization and the input QA-LoRA Alpaca 2 486 425 60.7 586 52.2 51.3 434 634 60.7 54.4
features of LoRA, such that LoRA parameters can be merged. QLORA FLAN V2 4+16 58.8 52.5 74.0 674 62.8 59.8 52.9 750 69.6 63.9

, 0.8pt/1pt] QLoORA W/ GPTQFLANV2 4 578 519 735 678 623 592 525 750 69.3 63.5

B =p0F+s-AB, QA-LoRA FLANvV2 4 641 526 748 69.1 651 5/.6 51.1 /3.9 674 62.1

QLoRA w/ GPTQ FLANvZ2 3 585 502 715 66.9 615 599 51.7 /34 6/.9 630

QA-LoRA FLANvVZ2 3 575 495 724 669 61.2 61.7 51.1 /3.8 684 63.6

QLoRA w/ GPTQ FLANvV2 2 479 431 60.1 56.0 514 526 43.8 62.8 585 54.3

QA-LoRA FLANv2 2 559 446 656 634 571 555 468 6/.3 63.2 58.0
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