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Background: LLMs Suffer Significant Cost
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Background: LLMs Suffer Significant Cost

Training FLOPs Scaling for SOTA CV, NLP, and Speech Models
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Background: LLMs Suffer Significant Cost
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Background: LLMs Suffer Significant Cost
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[1] Performance bottlenecks in deploying LLMs—a primer for ML researchers. 2023
[2] LLaMA: Open and Efficient Foundation Language Models. 2023
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Background: LLMs Suffer Significant Cost

/’\
N~

Memory Cost: 196.52 GB (FP16/BF16, w/o datasets) vs. 141GB (Nvidia H200)
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[1] Performance bottlenecks in deploying LLMs—a primer for ML researchers. 2023
[2] LLaMA: Open and Efficient Foundation Language Models. 2023
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Preliminaries: LORA-Finetuning Quantization

LLMs: NormalFloat (NF) Quantization

@"F* — NFk (9) — NFk ( v ) Y

s absmax(w)

1 ( 1+ 1 Pretrained
i =3 ’ 2
=3 (e(z5)ve(sr) @ o

y =z = & (,lAUNFk: dequant (sFP®, Sgpm)) )

LoRA: Low Rank Adapters

y =1y + axlils, (4)

ETH:zurich [1] QLoRA: Efficient Finetuning of Quantized LLMs. ICLR 2023. 15.07.24
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IR-QLoRA: Overview

Information Calibration Quantization
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IR-QLoRA: Information Calibration Quantization

Degeneration of Quantized LLMs

I(’&JFPIG,’LU) — H(ﬁ)FPlG) . H(ﬁ)FP16 | w), (5)
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IR-QLoRA: Information Calibration Quantization

Degeneration of Quantized LLMs

I(’&JFPIG,’LU) — H(ﬁ)FPlG) . H(ﬁ)FP16 | w), (5)
N N J
/ 0 Pretrained

Weights
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ETH:zurich QLORA: Efficient Finetuning of Quantized LLMs. ICLR 2023. 15.07.24
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IR-QLoRA: Information Calibration Quantization

Degeneration of Quantized LLMs

I(’ﬁ)FPlG; ’LU) — H(@FPIG) . H(ﬁ]FP16 | w), (5)
\ J
e
/ 0 Pretrained
Weights
argmaz H(w' "0 s, sP8, sFP16), (6)
s,sgps,sgpm
2k 1

[1]

H(@w"™;s) = — Y P(g)logy P(g:), (7)
1=1

Reduced bit-width of parameters constrains the representation capabilities of LLMs

ETH:zurich QLORA: Efficient Finetuning of Quantized LLMs. ICLR 2023. 15.07.24 1



IR-QLoRA: Information Calibration Quantization

Information Calibration Quantization (ICQ) for Representation Recovery

WNF* — NFE (E) — NFk ( d ) Y

s absmax(w)

W™ — NFk (w7>. (8)
S
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IR-QLoRA: Information Calibration Quantization

Information Calibration Quantization (ICQ) for Representation Recovery

W™ — NFE (E) — NFk ( d ) Y

s absmax(w)

W™ — NFk (w7>. (8)
S

argmaz H(w™ " s)

S

argmax H (’EUNF]“; T, s)

T,8
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IR-QLoRA: Information Calibration Quantization

Information Calibration Quantization (ICQ) for Representation Recovery

Information Calibration
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IR-QLoRA: Information Calibration Quantization

Information Calibration Quantization (ICQ) for Representation Recovery

1. Solve the 7
Information Calibration Quantization
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IR-QLoRA: Information Elastic Connection

Limitation of Finetunable LoRA

y=1vy +axlils, (4)
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IR-QLoRA: Information Elastic Connection

Limitation of Finetunable LoRA

y =y + axlily, (4)
Low-rank
x — {1 — x' — ¢, — x"
‘ /;
Not Accessible!
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IR-QLoRA: Information Elastic Connection

Limitation of Finetunable LoRA

y =y + axlily, (4)
Low-rank
x — {1 — x' — ¢, — x"
‘ /,\
Not Accessible!

Low-rank transformations distort the information of representation extracted by LLMs

E'HZUFiCh 15.07.24 18



IR-QLOoRA: Information Elastic Connection

Information Elastic Connection (IEC) for Information Enhancement

Ux (ZB) = xl1+
ged ((r‘h,r) gcd (h,?”)
ged (h,r) (i=1) ot e 1
B H ( ; ;:1 a;[ zed () e ()~ )
Ug(a}/) = wlﬁg-l-
gcd(o.r) ged(o,7)
ng(07 /r) r|(i=1) rC 'r'o T 2 'C ro.T‘ —1
Bs H (T ;lw[ sedtory " geatory 1)

E'HZUFiCh 15.07.24 19



IR-QLOoRA: Information Elastic Connection

Information Elastic Connection (IEC) for Information Enhancement
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IR-QLoRA: Information Elastic Connection

Parametric Transformation m Non-Parametric Transformation

Information Elastic Connection (IEC) for Information Enhancement
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IR-QLORA: Experiments

Quantitative Results: Ablation Study

Table 4: Accuracy (%) ablation on MMLU Table 6: Efficiency ablation on the different sizes of LLaMA

Method #Bit MMLU Method 4Bit #Params(GB) Timem)
Hums. STEM Social Other Avg. ctho B 13B B 13B
LLaMA-7B 16 333 208 378 38.0 34.6
Vanilla 4361 319 420 445 384 LLaMA 16 1255 2424 -
ICQ 4 37.9 33.6 439 46.7 40.3 Vanilla 4 2.34 413 1533 26.18
IEC (Uy) - 379 319 434 448 394 ICQ 4 2.39 422 1540 26.26
IEC 4 38.3 33.0 445 457 40.2 ’
IR-QLORA (oursy 4  38.6 346 452 455 408 IR-QLoRA 4 239 422 1540 26.26
Accuracy Efficiency

E'HZUFiCh 15.07.24 22



IR-QLORA: Experiments

Quantitative Results: Main Results

Method #Bit MMLU
Hums. STEM Social Other Avg.
LLaMA-7B 16 333 298 37.8 38.0 34.6
PEQA T 4349 289 375 401 348
NormalFloat 4 33.1 30.6 38.8 38.8 35.1
QLOoRA w/GPTQ 4  33.8 313 374 422 36.0
QLORA 4  36.1 319 420 445 384
QA-LoRA 4 36,6 324 448 449 394
IR-QLORA (oursy 4 | 38.6 346 452 455 40.8]
LLaMA-13B 16 40.6 367 489 48.0 433
‘NormalFloat =~~~ 4777430 345 518 514 450
PEQA 4 430 377 536 49.0 45.0
QLoRA 4 454 374 557 543 48.0
QLORA w/GPTQ 4 484 383 549 552 492
QA-LoRA 4 484 383 549 552 492
IR-QLORA (ours) 4 | 472 390 56.5 55.0 49.3]
LLaMA-30B 16 562 459 67.1 639 582
‘NormalFloat - 4 553447 662 633 573
QLoORA 4 554 460 664 636 57.7
QLORA w/GPTQ 4 558 464 670 64.0 58.1
QA-LoRA 4 558 464 670 64.0 58.1
IR-QLORA (oursy 4 | 567 467 66.5 63.2 58.2]
LLaMA-65B 16 614 519 73.6 67.6 634
OATaRA L eNE R e e T 6y s
NormalFloat 4 607 523 726 673 63.0
QLoRA wGPTQ 4 604 525 73.0 672 63.0
QLORA 4 603 527 729 674 63.1
IR-QLORA (ours) 4 | 60.1  50.1 744 68.7 63.1]
ETH:zurich

Alpaca

Method #Bit MMLU

Hums. STEM Social Other Avg.
LLaMA-7B 16 333 298 37.8 38.0 34.6
N D AR S SR ei
QLORA w/GPTQ 4 338 313 374 422 360
QLORA 4 414 350 498 520 443
QA-LoRA 4 439 380 543 53.0 47.0
IR-QLORA (oursy 4 [442 393 545 520 47.4)
LLaMA-13B 16 40.6 367 489 48.0 433
NormalFloat - 4 430 345 518 514 450
QLORA w/GPTQ 4 484 383 549 552 492
QLORA 4 499 401 602 579 519
QA-LoRA 4 500 415 60.5 584 524
IR-QLORA (ours)y 4 [492 412 62.1 59.2 52.6|
LLaMA-30B 16 562 459 67.1 639 582
St SRNS R P RN RS s
QLORA w/ GPTQ 4 55.8 46.4 67.0 64.0 58.1
QLORA 4 572 486 698 652 60.0
QA-LoRA 4 579 488 710 655 60.6
IR-QLORA (oursy 4 [581 494 70.7 65.8 60.8]
LLaMA-65B 16 614 519 736 67.6 634
N D i AR S e
QLORA w/ GPTQ 4 60.4 52.5 73.0 67.2 63.0
QLoORA 4 598 529 750 69.6 639
QA-LoRA 4 576 51.1 739 674 62.1
IR-QLORA (oursy 4 [61.6 520 75.6 68.9 64.3]

Flanv2

15.07.24
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IR-QLORA: Experiments

Quantitative Results: More Evaluation Benchmark

Table 6: Accuracy (%) comparison on the Commonsense QA datasets

Method 4Bit CommonsenseQA

HellaSwag PIQA WinoGrande ARC-e ARC-c BoolQ OBQA Avg.
LLaMA-7B 16 56.3 78.2 67.1 67.3 38.2 72.9 28.4 58.3

N g B g g et e . G st AR

QLoRA w/GPTQ 4 57.4 77.6 66.2 70.9 41.8 73.5 31.2 59.8
QLoRA 4 61.8 78.1 68.4 75.8 43.6 73.7 32.8 62.0
QA-LoRA 4 58.6 78.0 66.9 71.2 43.9 79.9 34.0 61.8
IR-QLoRA (ours) 4 54.7 78.8 72.6 76.6 45.1 80.6 37.2 63.7

ETHzirich
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IR-QLORA: Experiments

Analysis: Information Entropy
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IR-QLORA: Experiments

Analysis: Information Entropy
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IR-QLORA: Experiments

Analysis: Real Cases

[1] Input: Alice has 15 apples. She buys 10 more from the market and then gives 7 apples to her friend. How many apples does

Alice have now?

Answer: Alice have 18 apples now.

Model

Output

QLoRA-7B

22

IR-QL0RA-7B (ours)

Alice now has 18 apples.

QLoRA-13B

Alice had 15 apples. Alice buys 10 more apples. Alice has 15 + 10 = 25 apples. Alice gives 7 apples to
her friend. Alice has 25 - 7 = 18 apples.

IR-QL0oRA-13B (ours)

Alice started with 15 apples and then bought 10 apples from the market, so her total apples inventory is
now 25 apples (15 + 10 = 25). Then she gave 7 apples to her friend, so her total apples inventory is now
18 apples (25 - 7 = 18). Alice now has 18 apples.

ETHzirich

15.07.24
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IR-QLORA: Experiments

Analysis: Real Cases

[3] Input: Imagine you are a historian living in ancient Rome, describe a day in your life.

Model

Output

QLoRA-7B

I wake up in my bed and eat breakfast. I put on my clothes and walk to school. I take my lunch and sit
in my desk. We have a history lesson and a math lesson. I walk home and play with my friends.

IR-QL0RA-7B (ours)

My day begins with waking up early to tend to my animals. I then head to the forum to listen to the
debates between my fellow Romans. Afterwards, I might head to the library to research some more,
before I finally return home to my family in the evening.

QLoRA-13B

You wake up in your apartment in the center of the city. You roll out of your bed and stretch your arms
and legs. You yawn and open your eyes. You sit up and put your feet on the floor. You get up and walk
to the bathroom. You wash your face, your hands and your body. You then brush your teeth. You return
to your bedroom and get dressed in your clothes. You then put on your shoes and walk out of your
apartment.

IR-QL0RA-13B (ours)

As a historian living in ancient Rome, I would wake up in the morning when my slave would bring me
coffee. Then I would go to the library and read ancient texts to see how Rome developed over time.
Later, I would visit a slave market where I would buy my slaves. Then, I went to bed.

ETHzirich
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