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1. LORA: Low-Rank Adaptation of Large Language Models

1. Introduction

« 7|& LM 28 2 one large model = multiple downstream models (task adaptation)
« 0| 2= weight parametersE XMat&otH W2 A2t HIE0| A Q

« Low-Rank Adaptation (LoRA) 2 low-rankE 0| &35} A|2t A3l H| 22 =O0| X} ofF 2
* Measuring the Intrinsic Dimension of Objective Landscapes

* Intrinsic Dimensionality Explains the Effectiveness of Language Model Fine-tuning

o 2 F el =& SO0|Al over-parameterized model2 low intrinsic dimension@ 2 =X}t QUCH= AFalof 2|t

« 0|0 model adaptation 52t2| weight change0| = low intrinsic rankE 72 Z10|2t= 7}-0]| 7|2+5H0

low-rankfH== M EZ
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1. LORA: Low-Rank Adaptation of Large Language Models

1. Introduction

« DRI9| pretrained weightse= freezeA|Z| 10 3 7H2| dense layertt of&

 Dense layer?| weightE low rank2 decomposest= matricesftE StaA|Z &=

t(l3 |-|:I|=|-I Pretrained

Weights
« WE freeze, A, BRF sh&6E0 WOl GisHE W e R9xd

* Pretrained modelZ2 7X|11 Q= HEHO|A E7 taskOf| adaptation ef& =l A, BEF
M6 |10, & CHE EfA 30| adaptationdt? | fI5HA = A', B'EE 20t 7|2H &[2|0

storage, task switching@0j|A| IR 22X

Figure 1: Our reparametriza-
tion. We only train A and B.

« Inference latencyE Of7|A|Z|X| &1, efficiency@l model quality?F2| trade-off?}

T 0| SOty
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1. LORA: Low-Rank Adaptation of Large Language Models

2. Problem Statement

LoRAE= training objective0] agnosticotX|2t 2 =F0| M= large language model0]| Sf5=0{ 4
« ®2| parameterE 7 X|= pretrained language model Py (y]x)2 GPTLl &2 multi-task learner

« O|2{¢t PLMO| adaptation & downstream task= context-target pairQ| G|O|& Z = {(x;, ¥)}i=1,. . .NvS
qes

« 7|& full fine-tuning=2 22 2| pre-trained weights ®, £ initialized, Of2l| objectiveE £[H2}5HH
CDO + ACDE |:||-_-'”O|E

ly|

max Z Zlog (Po (yt|z,y<t))

(z,y)eZ t=1
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1. LORA: Low-Rank Adaptation of Large Language Models

2. Problem Statement

« Full fine-tuning2 2t EfATE QS |D,| 2t 22 22|2| |AD| £ OHH XHEHS SH{oF &F

O

- LoRAE ICO[ (0 8H= MEH0|E| AGZ Ad = AD(0)2} 20| encodedtO] B ZH2 AfO| 9| Tz }0|E;
02 CHR[HA s

« X|HO| APE F= EllAT = 08 X[H2SH= A2 = CHA|E
Kl |yl
max Z Z log (P (yt|z, y<t)) max Z Z log (pq>0+A¢>(@)(yt|$, y<t))
(z,y)eZ t=1 (z,y)€Z t=1
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1. LORA: Low-Rank Adaptation of Large Language Models

3. Our Method

« LoRAE= adaptationsQF low intrinsic rankZ 717! weight2 updatedh= B

- W, + AWE W,= frozen, low rankZ decomposition®l 4 € R**" B € R"™ ¥ 0t 5t&: W, + ABE
&H0E

« Wy AW = AB = #2 Y3 x Of| Z3HX|H =22 coordinate-wisedtH| sum

h=Wyx+ AWz = Wyx + BAx

« A= random Gaussian, B& O initialized (2hg A& Al AW = AB 2f2 0)

. O|S AWXE %E scale A2 (a = r, r2}2 HSIA|Z [ hyper-parameter {2 H LR ME £0 &)
* Trainable weightsE %|42l517| 2[5 Transformer2| attention weights (query, value) Of|2F X-&
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1. LORA: Low-Rank Adaptation of Large Language Models

3. Our Method

# Actual trainable parameters
if r > 0:

self.lora_A = nn.Parameter(self.weight. ros((r, num_embeddings))) . )
- © Mgt ne_zero ) 197 Decomposition matrix 4, B

self.lora_B = nn.Parameter(self.weight.new_zeros((embedding_dim, r)))
|self.scaling = self.lora_alpha / self.r}
# Freezing the pre-trained weight matrix
'self.weight.requires_grad = False |

self.reset_parameters()

v

Set scaling

v

Freeze pre-trained weights W,

def reset_parameters(self):
nn.Embedding.reset_parameters(self)
if hasattr(self, 'lora_A'):
# initialize A the same way as the default for nn.Linear and B to zero

nn.init.zeros_(self.lora_A)

nn.init.normal_(self.lora_B) > Initialize A, B

def forward(self, x: torch.Tensor):
if self.r > 0 and not self.merged:
bcdding.fcrward(sclf,
after_A = F.embedding(
x, self.lora_A.transpose(@, 1), self.padding_idx, self.max_norm,
self.norm_type, self.scale_grad_by_freq, self.sparse
) a
| result += (after_A @ self.lora_B.transpose(@, 1)) x self.scalingl—> Wo +AB(—

return result r

X
v
S

else:
return nn.Embedding.forward(self, x) 9/33
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1. LORA: Low-Rank Adaptation of Large Language Models

3. Experiments

 GPT-2 Medium, Large0f| CHsl A&

Model & Method # Trainable E2E NLG Challenge
« Adapter® adapterZ self-attention} residual Parameters | BLEU ~ NIST ~ MET  ROUGE-L  CIDEr
connection AFO|0i| (original) GPT-2 M (FT)* 354.92M 68.2 8.62 46.2 71.0 2.47
9 GPT-2M (AdapterL)* 0.37M 66.3 8.41 45.0 69.8 2.40
. AdapterL MLPQI. LayerNorm El.%o.” %E efficient GPT-2 M (AdapterL)* 11.09M 68.9 8.71 46.1 71.3 2.47
| | GPT-2 M (Adapter™) 11.09M | 67346 850107 4601, 707+,  2.44,,
design (Lin et al., (2020)) GPT-2 M (FT™P2)* 25.19M | 68.1 8.59 46.0 70.8 241
N GPT-2 M (PreLayer)* 0.35M 69.7 8.81 46.1 714 2.49
o FTTop2 D|'X|E_'||' = jH E-||O|O-|||:|_|' 9!'? (Ll&Llang, (2021 )) GPT-2 M (LoRA) 0.35M | 704, 885, 468, 7181 2.531 2
. . GPT-2 L (FT)* 774.03M 68.5 8.78 46.0 69.9 2.45
e Prel O|™ 2|0 X HAL=l pref bedd
relayer O[T #|0]010flA] A| LI prefix embedding GPT-2 L (Adapter") 0.88M | 69.15; 8.68405 46340 7Tldi, 249,
£IX|2| activationO| trainable parameter= CHA| GPT-2 L (Adapter™) 23.00M | 6893 870404 46.14; 71345 2454 0
GPT-2 L (PreLayer)* 0.77TM 70.3 8.85 46.2 71.7 2.47
GPT-2 L (LoRA) 07 | 704+1 889, 0 468, 72.04 > 247 +m
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1. LORA: Low-Rank Adaptation of Large Language Models

3. Experiments

+ GPT-3 ZHO|N T C2 4 20j Hls o X 20|52 o $2 452 29

# Trainable | WikiSQL MNLI-m SAMSum

Model&Method Parameters | Acc. (%) Acc. (%)  RI/RZRL

GPT-3 (FT) 175255.8M | 73.8 80.5  52.0/28.0/44.5
GPT-3 (BitFit) 14oM | 713 01.0  51.3/27.4/43.5
GPT-3 (PreEmbed) 3O0M | 63.1 88.6  48.3/24.2/40.5
GPT-3 (PreLayer) 20.2M 70.1 89.5 50.8/27.3/43.5
GPT-3 (Adapter™) 7IM | 719 0.8  53.0/28.9/44.8
GPT-3 (Adapter™) 401M | 732 91.5  53.2/29.0/45.1
GPT-3 (LoRA) 47M | 734 91.7  53.8/29.8/45.9
GPT-3 (LoRA) 377M | 74.0 91.6  53.4/29.2/45.1
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1. LORA: Low-Rank Adaptation of Large Language Models

3. Experiments

* Optimal rank?

- O A2 r0l= otes 2 o, EHA30IL EM0| 'Y =

Weight Type r=1 r=2 r=4 r=8 r=64
N W, 688 696 705 704 700
WikiSQL(=£0.5%) w,, W, 734 733 737 738 T35
W, Wy, Wy, W, | 741 737 740 740 739
W, 907 909 911 907 907
MultiNLI (+0.1%) w,, W, 013 914 913 916 914
W, Wi W, W, | 912 917 917 915 914
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1. LORA: Low-Rank Adaptation of Large Language Models

Quantization & Memory Efficiency

LORA-FA: Memory-efficient Low-rank Adaptation for Large Language Models Fine-tuning

‘ \:l trainable I:l frozen
T‘—\ T‘—\

B B
w w
A A
x — X X T—f

(a) Full Parameter FT (b) LoRA c) LoRA-FA

LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale

« Inference & = 2o Transformer?| feed-forward, attention projection layer2| Z A4H0]| Int8 At

QLORA: Efficient Finetuning of Quantized LLMs (Guanaco)

 Pretrained weights& 4bit quantization, 1 £ LoRA weightsE H6t= fAI0 2 ot

ot
[>

QuIP: 2-Bit Quantization of Large Language Models With Guarantees

« 2-bit LLM compression ?I5d 2
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates

1. Introduction

Machine learning 20F @151 =A| - “stack more layers” %2 OI2t0|EHE 7HX|= HERZE S

M

Large models2| HZdH2 £

©Of
rr
©
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IE
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ReLoRA= high-rank network

M|

StEA|2|7] 21610 low-rank H|0|EE &84t HIH

ok

F A= TEA
o

Regular network training2} H|==ot ds 27

Multi-billion-parameter network?2| efficient training= 7}sst=E &
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates
2. Method

259>, Natural Language Processing
&

rtificial Intelligence !
* LoRAE A, B2| matricesE g A|AH ot

si250| Bt

oW = SWAWB

L—

2 original parameterdj| &gt

Wa € IRmxr7 WB c RTXOut
LA A|2HEO

S T FHIOIE

|OF

E =

L—

2F2+9] individual matricesELC
rank r = maxy, , wrank(W,W,

= = rankE 71& 5= UX[E LoRAE
z) = |2t
TteF LoRAE restarte 4= QUCHH, W, 2f W E 5502 mergedtd matrix valueE resete &=
updatel| total rankE =2 = U=

UCHH
rank(A + B) < rank(A) + rank(B)
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates

2. Method
- O|F BI=SICIH M| H|ES3 YH|O|E= CiZ2t 20| &:
Ty To TN
AW =) oW+ Y oW+ + > Wy =sWiWg+sWAWE+--+sWAWE (3)
t=0 t=T1 t=TnN_1

where the sums are independent enough, meaning that rank(W4W5) + rank(Wf‘ Wé) > T
» TA| BOIO|E= N2l 22 HOIO|ES| &, 7[&E LoRA rank r2Lt & 2 rankE 2HX[H| &
* OfX|ZkrestartS naivestH| fteiots A2 20| divergedt=SF 2= == 7|0 #[2 2417t Of'g

« Merge® restartll| 7|Z2| gradient momentsE ALE5HH A Z e&50]| Ofl 7| &1 22 subspaceE

£| X3t & TH=7(0] optimizerT resetA|Z
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates

2. Method

« ReLoRAO|AM merge-and-reinit2 ot= &¢F optimizer

1.0 A
stateYA| resetZ A|Z|H learning rate= 0L = &X7|3} Bl I
warmup =3 % . F
+ ReLoRALS CIO|E0] /0] Z1MQI rankE S7HA|3| 1A} G 0a- |
SIA M, optimizer resetf jagged schedulerE ol &g § 0.2
sl 00 | | | | |
0 2000 4000 6000 8000 10000

Step
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates

3. Experiments

« LIaMAFLZ2} H|==3t Transformer 24|0|0 22-E C4 H|O|E{AlY| &5
 Rank= 128 AE, effective attention= 2|5} bfloat16, Flash attention A

Control2 low-rank a5t 2L Ot2td|E o~ 4= full-rank 2=

60M 130M 250M 350M
Full training 33.81 (60M) 23.65 (130M) 22.39 250M) 18.66 (350M)
Control 36.52 (43M) 27.30 (72M)  25.43 (99M)  23.65 (130M)
LoRA 4744 (43M) 34.17 (72M)  36.60 (99M) 57.11 (125M)
LoRA + Warm Start 34.73 (43M) 25.46 (72M)  22.86 (99M) 19.73 (125M)
ReLoRA 3446 (43M) 25.04 (72M)  22.48 (99M) 19.32 (125M)
Training tokens (billions) 1.2 2.6 6.8 6.8

Table 2: Comparing perplexities between baseline methods and ReLoRA (lower is better). Number
of trainable parameters for each model in (brackets). Control baseline is full-rank training a model
with the same total number of parameters as the number of trainable parameters in low-rank training.
Low-rank training is bold if it outperforms the Control baseline. 19 /33
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates

3. Experiments

« Wy, Wk, Wy, Waown matrices2| singular value H|!

« LoRAEL} ReLoRAZ} full-rank training2f & H|==%t

3.0 Q Projections 30 K Projections 30 V Projections 3.0 Down Projections
I ReloRA I ReloRA I RelLoRA I ReloRA

2:3 LoRA 2:3 LoRA 2:3 LoRA 2:31 LoRA
>2.0 Ful!-r_ank 20 Ful!-r'ank 20 FuI_I-r_ank 20 Ful!-r_ank
e training training training training
$1s 15 1.5 1.5
o
g
w 1.0 1.0 1.0 1.0

0.5 0.5 0.5 0.5

0.0 0.0 0.0 0.0

00 05 10 15 20 00 05 1.0 15 20 00 05 10 15 20 00 05 10 15 20

Singular Value Singular Value Singular Value Singular Value

Figure 3: Singular values spectra of the weight difference between ReLoRA and LoRA at 5,000
iterations (warm start) and 20,000 iterations. ReLoRA exhibits a closer resemblance to full-rank

training singular values than LoRA, indicating its effectiveness in approximating full-rank behavior. 20/33
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2. Stack More Layers Differently: High-Rank Training Through Low-Rank Updates

3. Experiments

5.0 | | |
| —— 250M
4.5 | ~ 250M ReLoRA
: (99M trainable)
(V)] | [
8 4.0 : 99M
- i
3.5 1
|
|
n 3.0 1
% 0 2500 5000 7500 10000 12500 15000 17500 20000
| -
& 250
Q
re) 100
e 0 '
T 0 2500 5000 7500 10000 12500 15000 17500 20000
= Step

Figure 1: ReLoRA learns a high-rank network through a sequence of low-rank updates. It outperforms
networks with the same trainable parameter count and achieves similar performance to training a full
network at 100M+ scale. The efficiency of ReLoRA increases with the model size, making it a viable
candidate for multi-billion-parameter training.
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

1. Introduction

Large language models2| & D20 0] fine-tuning0i|A2| computational efficiency2t memory

usageE E0|7| 2[sH LoRA A 317}t Bro| TISH =

7|& LoRA A10|M= 2 Bl A3

Jfot

2 CO|Q10] specializeL| =2 &t&
2 =20 = LoRA 2&0]| unseen taskdi| CHS 22X 02 LUIRRIEE G 4= USX|0f| CHo 7
LoRA 2E0| XF52 £ assemble T|=5 St0 human expertise0f| LSt S|&2 2 H=

CIAot LoRA 2=0| EY ahg2 2o AFEE &~ /U710 LoraHub learning & =20(2t 1 At
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

1. Introduction

Large language models2| & D20 0] fine-tuning0i|A2| computational efficiency2t memory

usageE E0|7| 2[sH LoRA A 317}t Bro| TISH =

7|& LoRA A10|M= 2 Bl A3

Jfot

2 CO|Q10] specializeL| =2 &t&
2 =20 = LoRA 2&0]| unseen taskdi| CHS 22X 02 LUIRRIEE G 4= USX|0f| CHo 7
LoRA 2E0| XF52 £ assemble T|=5 St0 human expertise0f| LSt S|&2 2 H=

CIAot LoRA 2=0| EY ahg2 2o AFEE &~ /U710 LoraHub learning & =20(2t 1 At
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

2. Methodology

« O|X0| ot5okX| AU MEZR EfAT T'E & =35t= cross-task generalization

« 1% X[otel 2 9H2| labeled examples QTHO| =O0{ &2 Iff pre-trained large language model Mg SH%
2H5lj0FSt= few-shot learning
* Mg= A fine-tuningdto] My 2 HL|O|E dt= YA 2 T2 d52 & == UXIL, inefficient, time-

consumingStH Q7 M2 I unstabledt

* LoRAE TA| 0| ot 2|2 2h2 HE0] st RIS TR R SFH M2 42| examplesO| O S [
20 4 AH8t adaptationO| IbsSHX|PH R M2 20| ME (e.g., 5 pairs)2& H2 452 O™ £ 8lS

. [I}2tM LoRA Q17 22 EfATLKOlIA &}

|
#d
ol
N
=2
>
00
0
$Q
Ojo
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

2. Methodology

NoHS| Ef A0 22t F5AIZ] N2 LoRA 2= {my, ..., my}

LoraHub learning: (1) Compose, (2) Adapt phase

Compose: ZF 20| w; coefficientsE &0l StLte| 2 == o T m (w;= positive or negative)

Adapt: MOi| O] CefX| 1 22 EHAS 70| TSt Botofl ALR

i Commonsense 4 wq wy w3 Wy Wy _ N
-

S Reasoning 4 X e X X X

D Natural Language

D Inference

,-----D;---—
O
>
g~
—

S
Q
o
=
o
O
%2}
™

D Question K X
D Answering \\ Evaluate the result of a /
. w Boolean expression:
D Question % LLM A& . evaluate( not ( True ) and )
D Generation (True) is False
' o Boolean Expressions /I

R g R g RS S S UG g S gy g g g g g SR S U SR e —

LoRA Tuning on Upstream Tasks LoraHub Learning for Unseen Tasks 26/33
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

2. Methodology

» 0|2 gradient-free algorithm2 0|&3I0 =0{%l @ HEZE wE YHO|O|ESH= O AHE
« K(=40)He| ARZ iteratedt] optimum performing LoRA E=2 My 0| HE

o _*_l%— LLM% M(p = LORA(MQ,T/T\I)

\__/ Commonsense A w 1- o -1;12_ T -Vl;3 _____ w, . IZV;V _____________________ ™,
i Reasoning II X X X X X _)_ f
: \ A A A L :

D Natural Language , + /—\+ /—\+ r— + \ \ I
D Inference X ; :
| }

WY Question K X | ADAPT Q! COMPOSE !
D Answering : \ Evaluate the result of a / E
) ! w Boolean expression: i

D Question i % LLM & . evaluate( not ( True ) and ) :
D Generation ' (True) is False ,
' o Boolean Expressions ,’I

R g R g RS S S UG g S gy g g g g g SR S U SR e —

LoRA Tuning on Upstream Tasks LoraHub Learning for Unseen Tasks 27 /33
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

3. Experiments

« LLM: Flan-T5 Large

- LoRA modules: Flan-T5 &t& Al AFE$H 2000712 EfA 0] 242t St

* Pre-filtering: Compose ™ 20742 LoRA E== tHEO = {EH

- Dataset: Big Bench Hard (BBH) - Lot 0|12 multiple-choice questions & 2771 E{A = J4EY
* LoRA rank: 16, Batch: 64, LR: 1e-4, Epochs: 10

« Gradient-free method: Nevergrad optimization library

28 /33
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

3 - E X p e rl m e n tS Task Zero ICL LoraHub ,,, LoraHub pest
Boolean Expressions 540 58.7 56.0 59.3
Causal Judgement 575 563 58.9 63.2
Date Understanding 153 227 29.6 38.0
Disambiguation 0.0 69.3 46.0 69.3
Dyck Languages 1.3 7.3 0.3 1.3
* 5samples, 5runs Formal Fallacies 513 58.0 52.1 55.3
Geometric Shapes 6.7 18.7 715 9.3
Hyperbaton 6.7 74.0 3735 61.3
- - . . §
* (1) Zero-shot learning (Zero), (2) Few-shot in- Logical Deduction 213 400 381 40.7
Logical Deduction®
i ; 127 42,0 40.3 447
context learning (ICL) , (3) Few-shot LoraHub (seven objects)
Logical Deduction® 0.0 51.3 497 513
. (three objects) ’ ’ ’
learning (LoraHub) Movie Recommendation 627 527 6Ll 64.0
Multistep Arithmetic 0.7 0.7 0.7 0.7
Navigate 473 440 46.1 49.3
° 2 h i | =] Object Counting 347 320 35.0 38.0
LO raHUbO-”*-I *l- Ol-'— T erOO'”*-I QI- |-J— Penguins in a Table 435  39.1 43.9 45.7
Reasoning about Colored Objects 320 387 36.5 40.7
ICL & |:_|- e Ruin Names 233 187 21.0 23.3
1= Salient Translation Error Detection 373  46.0 37.3 37.3
Snarks 500 551 51.8 59.0
Sports Understanding 56.0 56.0 48.3 53.3
* Inference costet 2&Er|= Qlad 20|E =0|H ICLEL} Temporal Sequences 167 267 18.7 213
= s - I Tracking Sh“f(f}fv‘i Oob‘jiif:)s 120 120 12.0 12.0
A ©) s o o
x | E E H | A gl o= E O Tracking Shuffled Objects®
. 6.7 6.7 7.1 8.7
(seven objects)
. . §
Tracking Shuffled Objgcts 247 307 290 30.7
(three objects)
Web of Lies 540 54.0 53.0 54.7
Word Sorting 1.3 0.7 1.1 1.3
Average Performance per Task 27.0 375 34.7 38.3

Average Consumed Tokens per Example 111.6 597.8 111.6 111.6
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

3. Experiments

B zero-shot learning (a) B () B b) B ©

I few-shot in-context learning (b) Compose ("

] few-shot LoraHub learning (c) 3%(5 LLM 3%% LLM 3‘% LLM g<--—i-i'i' @ LORAHUB

mEE @ 0 e g ==
BIG-Bench Hard Performance . Unseen Task Examples O Unseen Task Test Input
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3. LoraHub: Efficient Cross-Task Generalization via Dynamic Lora Composition

3. Experiments

« Examples =& =32 Ul Full-finetuning (FFT), standard LoRA, LoraHub 22| H| !
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3. Experiments

« It 9235t Top 5 LoRA & (277H2] BBH EfA 3 &)

- Zoliot =2 5SS LINHOZ Q8= BRSHEfA T It cross-task transferd| =&

Rank Task Name Usefulness  Task Description
1 wiqga_last_process 0.719 Identifying the last step of a given process.
2 race_middle Is_this_the _right_answer  0.681 Determining if given answer is correct.
3 wiqga_final _process 0.626 Identifying the final step of a given process.
4 adversarial_qa_dbidaf_based_on 0.611 Answering question creajced

by an adversarial model-in-the-loop.
5 web_questions_whats_the_answer 0.583 Answering question based on

information extracted from the web.
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