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Figure 1: Different finetuning methods and their memory requirements. QLORA improves over LoRA by
quantizing the transformer model to 4-bit precision and using paged optimizers to handle memory spikes.
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« Divergent Token Metrics: Measuring degradation to prune away LLM components - and

optimize quantization
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Goal

« Full fine-tuning® QLORA fine-tuning At0|2| A5 X}0|7} LSt

* LOFTQ(=20M X|etst= 22 Quantization framework) 2 0|2{8t Xt0| & £| ATt



Abstract

+ Downstream task|A{ Full fine-tuning2t QLoRA fine-tuning2| A Xt0|7t LIEFE
=

Sfst SA|0f| M&SE Low-rank X7|$} 2f2 &

-

» =20|M M2 LoftQe LLMS YRzt
+ 0|28t £7|3H= Quantized 222t Full-precision model 2t2| X}0| £ 2tslst
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* Quantized 22| Downstream tasks &

o Al A1t 7|&9| Quantization 7H9|

+ E3| 2-bit, 2/4-bit mixed precision0fA] 4




Background - Quantization

X™T = round ((QN —1)F (X))

* Quantization
* F= 3t g4 (FO| 2t Uniform / Normal Float Quantization@ 2 L&)
+ Normal Float Quantization2 X(?&XI)7t Zal=ede|of et BE ¢ 2XLE 20D Opge

» Dequantization2 olif 2PHS QO 2 ML
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Background - LoRA

Y = XW + XABT

« A% WBHY = XW 2| Pre-trained 7H5X| 2 Woil £ 42| 22 75| %2 A, BO| £8

+ A~N(0,0*2), B=0 2 X7|3} £|0, Fine-tuning =2t si% 242 AUCI0|E



Background - LoRA
Y = XW|+ XAB'
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Introduction

+ 2 =20 M= LoftQ(LORA-Fine-Tuning-aware Quantization)2 Qe

 Quantization Low-rank approximation2 5822 21l



Method

Jauin [|W - Q- AB|

* LoRA Aware Quantization

o UXISHE Q2 O{HE A, BS £7| kS 3822 £|X3}
o IZH|L|RA Norm At

* W=Q+AB =5 £z}




Method

Q:=aqn(W — A_1B/ )

* Alternating Optimization - Quantization

d
_ T
R = g Ot,iUt Vs ;
i=1

« Alternating Optimization - SVD

+ W -Qoj Clist 2k R off S0} 2ol XHE
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Method

Algorithm 1 LoftQ

inpnt Pre-trained weight W, target rank r, N-bit quantization function gy (-), alternating step T’
. Initialize Apg 0, B[p —
2 fort=1to 7T do
3: | Obtain quantized weight Q; «— gn (W — 4,_1 B, ;)
Obtain low-rank approximation 4, B, « SVD(IW — @Q,) by (9)
5: end for
output Qr, Ap, Br

e




Experiments - Settings

* Models
+ DeBERTaV3-base (Encoder ONLY), BART-large (Encoder-Decoder), LLAMA-2 series (Decoder ONLY)
* Quantization Methods

+ Uniform Quantization

* NF4, 2-bit variant NF2



Experiments - Results

an| Metho S8 0! STS SQu Al
Rank | Method | MNLI QNLI RTE SST MRPC CoLA  QQP STSB SQuAD NLI
m/mm Acc Acc Acc Acc Matt Acc P/S Corr EM/FL Acc

| Full FT | 90.500.6 940 820 953 89.5033 692 02.4/808 916011 885928 598
16 | LoRA | 90.4/90.5 946 851 95.1 89.9/93.6 699 920/894 917911 8734931 602
6 |FQLoRA | 754756  £24 S50 865 TIME NASOR/R2A U828 61S/712 NA

| LoftQ | 84.7/85.1 866 614 902 83.8/88.6 37.4  90.3/86.9 87.1/86.9 815886  47.1|
3y |(OLoRA | 785787 804 567 869 738827 NA, 871827 BI6EI3 646738 NA,
77 || LofiQ | 86.0/86.1 899 617 920 83.6/87.2 475 9LO/879 BT.5/87.0 82.9/89.8  49.0

* DeBERTa V3-base (Encoder ONLY) / NF2 Quantization / GLUE, SQUADv1.1

* N.AA.= 2H0| converge™
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Experiments - Results

Rank | Method MNLI QNLI RTE SST MRPC CoLA QQpr STSB SQuAD
m/mm Acc Acc  Acc Acc Matt Acc P/SCor  Em/Fl

| Full FT | 90.5/90.6  94.0 820 953 895933 692 924/80.8 01.6/91.1 8859238
16 | LoRA | 904/905 946 851 951 899936 699 920/894 91.7/91.1 87.3/93.1

| QLoRA L IR SI63 238 S6L 6.6 L 84 DA ST 1R 6 835/83 4 L9507 6
1o |[Lofig [ 87.3/871 906 611 940 87.0/90.6  S9.1 _ 90.9/88.0 8§7.9/87.6 84.4/91.2]
2 | _QLoRA | 799/793 23 5718 869 6.5/843 NA AR6/R4T 84.1/840 716/802
2 || LonQ [ 88.0/88.0 922 632 947 875812 605 913883  89.5/89.2 852916

* DeBERTa V3-base (Encoder ONLY) / Uniform Quantization / GLUE, SQUADv1.1




Experiments - Results

Quantization | Rank | Method | XSum CNN/DailyMail
. Lead-3 | 16.30/1.60/11.95  40.42/17.62/36.67
- Full FT | 45.14/22.27/37.25  44.16/21.28/40.90
Full Precision
8 LoRA | 43.40/20.20/35.20  44.72/21.58/41.84
16 LoRA | 43.95/20.72/35.68  45.03/21.84/42.15
3 QLORA | 42.91/19.72/34.82  43.10/20.22/40.06
N LoftQ | 44.08/20.72/35.89  43.81/20.95/40.84
16 |-QLORA | 43.20/20.05/35.15 _43.42/20.62/40.44
| LoftQ [ 44.51/21.14/36.18  43.96/21.06/40.96 |
" QLoRA | 41.84/18.71/33.74 NA,
G LoftQ | 43.86/20.51/35.69  43.73/20.91/40.77
niform
16 |QLORA | 42.45/19.36/34.38 43.00/20.19/40.02
| LoftQ [ 44.29/20.90/36.00  43.87/20.99/40.92 |

* BART-large (Encoder-Decoder) / XSum, CNN/DailyMail




Experiments - Results

Rank | Method | XSum CNN/DailyMail
3 QLoRA N.A. N.A.
LoftQ 39.63/16.65/31.62  42.24/19.44/29.04
16 QLoRA N.A. N.A.
LoftQ 40.81/17.85/32.80  42.52/19.81/39.51

* BART-large (Encoder-Decoder) / NF2 Quantization / XSum, CNN/DailyMail

« LoftQe| N-bit YXI5t0i| CHSt Robustness




Experiments - Results

Method  Bit LLAMA-2-7b LLAMA-2-13b
- WikiText-2| GSM8Kt WikiText-2] GSM8K?
LoRA 16 | 5.08 38.5 5.12 488
QLoRA 4 5.70 38.2 522 488
LoftQ 4 5.24 38.0 5.16 49.1
QLoRA 3 5.73 32.1 522 40.7
LoftQ 3 5.63 36.2 5.13 454
QLoRA 25 N.A. N.A. 19.39 N.A.
LoftQ 25 5.78 311 522 41.1
QLoRA 225 N.A. N.A. N.A. N.A.
LoftQ 225 6.13 275 545 38.1
QLoRA 2 N.A N.A. N.A. N.A.
LoftQ 2. 7.85 26.5 7.69 334

e LLAMA-2 series (Decoder ONLY) / WikiText-2 and GSM8K




Experiments - Results
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Conclusion

* QLORAQ| M58 Y E38H= Quantization T3 Kot

E2 M= Quantization 20| A= RobustnessE E0{E
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Appendix A

Method Rank rﬁi Q;(‘:';l S:CTL?
Full FT ~ 905906 940 953
QLoRA 32 | 799795 838 866
LoftQ(SVD First) 32 ‘ 87.8/87.7 84.9 89.7

LoftQ(Quantiztion First) 32 | 88.0/881 922 94.7
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Goal

+ Compression(&%)0l| &5t I componentE 37| /sl 01 Metric2 AHE6HOF 5F=2t?
+ PPL (Perplexity)
« DPPL (Divergent Perplexity)
+ SDT (Share of divergent tokens)

+ FDT (First divergent token)



Abstract

o DE HASIZ 2$F Metrics(Perplexity, Accuracy)= 8t Zxy

« Text Generation QualityZS Brstx| 23t

+=20j|AM H|OtS5H= Divergent Token Metrics(DTMs)E £3ff S|

i

=57t

or

» SOTA PerformanceE §X|5HH 25%2| Attention Components2| 90%E &l Pruning 7Hs
+ 80%7 'E= M2t0|E{0] CHallA HE2| 04 K| X2|E SFX| §40HE NaivesHH| int8 HEHZE Hete 4 AT

+ Compression0| b5t MMst Ii2t0|EH S A= 528
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Introduction

Baseline Albert Efnstein was|born on March 879, in Ulm, Germany. PPL 6.420
Compressed Albert Einstein was|born on Marc 1879, in Vdenna, AUStriay PPL 6.420

prefix completion

FDT 6

+ SRt

i

S22 ' gMX|Tt Perplexity2& 0|5 gHFstX| 2%

=20 M H|QFSt Metrics 0| SHLIQ! FDT= 0|2{8t Xj0|MS Aler & 9l2



Model Divergence Metrics - Basic

g(F- .f)‘:u-*\'r]i+l
= argmax; F((J(F Y, —"‘\r]:? }i.j-

+ Model F7t & I, n Z0|2| Prefix?} 30{X|11 O|& N ZO[7}X| 445}t= Greedy?t 2y

 i+1 0] SOIZ K =2 LogitE 21 jE &



Model Divergence Metrics - Perplexity

NLL(y. F.n)
= — 55 L og P(yig |wi, - 1),

* Model F7t n+182E N7tX| 24 4& Negative Log-likelihood
o DRI F=O|IRES M, i+10] LAY ZHE &t50| 271 20| WH 2 243t

. SliTHZ40| MSAE DHO0| OFEX O 2 Hzte AlA




Model Divergence Metrics - Perplexity

PPL(y, F,n) = exp(NLL(y. F,n)).

+ Negative Log Likelihood 2}0l| X|4t42 (&t

+ =20 A

oI5t Metrics2te| H|w X|H



Model Divergence Metrics - DPPL

ﬂ.terpL{F,FF. Yens A‘T)
= PPL(G(F, yn, N), F'. n) .

+ Divergent Perplexity (DPPL)

« Model FQ| A1} 242 Ground-Truth 2122 JPH3HS f, =l F'e| PPL



Model Divergence Metrics - SDT

SDT(y.F,n)
= |{i = n: argmax; F(y)ij # vis1}|,

* Share of divergent tokens (SDT)

+ Model FO| A1} g+ Ground-Truth ZI22 JPYMS M, Y=E Fo| 0| st Y



Model Divergence Metrics - FDT

FDT(y, F,n)

= min{i > n: argmax; F(y)i; # yiq1} —n.

* First divergent tokens (FDT)

» Model FQ| Z3} 20| Ground Truth2t E2tX|= x| X9| Q|X|



Model Divergence Metrics

| PPL(y,1, 1) — PPL(y,l’,1)| <&,
Mspr(L 1. y1. N)=N.

+ D |3} @ 0] PPL 20| 0]} £ D|3tO.2 HOFZ SDT 20| NEFE 242 4 9
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* (Albert Einstein was born on) March14

* (Albert Einstein was born on) April 21




Experiments
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Experiments - Settings

* Models

* Llama2-7B, 13B
 Evaluation

+ Wikitext2 dataset

* NLP Benchmarks
* Sparsity

+ 20,15,10, 10, 5, 5, 5(%)2 BIMOZ SItA|7|H A




Experiments - Settings
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* FDT 2te| 2440] 75% 0|42 L2t0fl A 2| LIEHE (§& HIw7t 80IH)
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Experiments

+ 29| ComponentO] CHal| T2t Z-2 MetricsE 5610 Sparsification2t Quantization2]
CHAO| E|= Component®t 1 H| 82 MEH
- FDT
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* Uniform



Experiments - Results

+ A.FDT 2| 2 Z2f3 7| 8| A450| PPL 2| 2| Fojgd

+ B.FDT? |2t Pruningst= 2FH0flM 2t Layere| Component® QT E Al¥st= 20| st



Experiments - Result A
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=21
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Experiments - Result A

Sparsification

Model FDT 1 PPL | | NLP 1

Llama2-13B - 4884 | 5359
T~ 60% sparse (unil.) |~ " A7 | 79244 [ 4632
[ ~ 60% sparse (our) 7.9 6242 | 4889 |
_ ~T75%sparse(unif) | 35 [ (3512 | 4167

~ 75% sparse (our) 55| 8101 | 4632

~ 80% sparse (our) 52 9531 45.66

* AHE Metric & & H| W (Uniform vs. FDT - Sparsification)

tot

}o|SH A O

« BE BE20|M FDT?t Uniforma s21ee 2held o= 9l

]
ojo

* 70% 0|42 SparsificationO| TIHHS W PPL F==7f ot XS5 ot 22 £ £ Y




Experiments - Result A

. — FOT =— PPL 1
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* Metrics & A5 H|1 (Quantization)
+ Quantized Components?} 242 0|AX|2} SDTZL0| 7t

« 0|, FDT?F PPL, DPPLECH 31T 20| 32 2




Experiments - Result A

Quantization

Maodel FDT 1
Llama2-7B -
T M) T T T T
o AbsMax PPL15o 46.3

£ AbsMax DPPL;-y 54.1

[ AbsMax FDT 50 (our) 71.7
T GPTQun | TOILD
< GPTQ PPLig 450

£ GPTQ DPPL,, 137.0

[ GPTQ FDT,; (our) 205.0

« A2 Metric & 4& H|1 (Quantization)
« int 804 NLP Benchmark2 7|5t X| EE H|Q|8t LFHX| 20| A FDT7} Ef MetricsZ

St
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Experiments - Result B

Comp. Type
— A Query
-— A Key
A Value
A, Dense
— MLP Up
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Experiments - Result B

Component Type
MLP Gate
— MLP Down
— MLP Up
A. Query
A Key
A Value
— A& Dense

Na Quantized

o 50 100 150
Ho. Quantized Camponents

« FDT (1) vs PPL (0}2H) Component Type0i| (t2 Quantized Modulel| 2=
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Quantization0| O|R0{Zl S &0lst 4~ S




Experiments - Result B
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Conclusion

* Pros
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Appendix A

Algorithm 1 Iteration of pruning algorithm

input: F step © current model. target sparsity
fdt_sparse_map + {}
for ¢; € Components do
fdt_sparse_map|e;] + [100,
-MFDTT;-, (F Fl?;+5f(?j}f2').
MFDT:-;—. (F F(.‘,+$icp+.'3h.‘p,a"3)_ ”}
> FDT values measured for added sparsities of
0, step/2, step + step/2. 100% to
component ¢; on model F'. The maximal
FDT value measured is 100.
end for

[ 4+ 100 © iteratively decrease from maximum
50 > track current added sparsity
comp_sparse_map + {}
while s < stepand f = (O do
for ¢; € Components do
comp_sparse_map|c;| <
lin_interpol (fdt_sparse_map|e;]. f)
end for
s «— weighted_mean(comp_sparse_map)
f+r-1
end while
F' « F pruned by comp_sparse_map

output: F”




Appendix B

Salection Critaria
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(b) 4-bit Quantization NLP benchmarks
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(a) 8-bit Quantization NLP benchmarks




