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e Fine-tuning in LLMs refers to the process of taking a pre-trained model and further training it on a
more specific dataset

e Finetuning will adapt LLM to a particular task or domain. This allows the model to better understand
and generate relevant responses for the specific task than pretrained model

e Finetune is an important technique to help you utilize LLMs into your own private applications

Center of Machine Learning Research <2>



Finetune v.s. Prompt NPT
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Finetune v.s. Prompt NPT
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Finetune v.s. RAG

Retrieval Augmented Generation (RAG)
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Finetune is essentially retraining the model with nice initialization ANIFES
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[Image is from a Medium Blog]
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Finetune

XV N
» /;/‘ "’"““i\-\\\\“‘&: = initialization

‘ ‘\\\\\;;\}Q‘ 7/

[Image is from a Medium Blog]
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https://towardsdatascience.com/an-introduction-to-surrogate-optimization-intuition-illustration-case-study-and-the-code-5d9364aed51b
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Finetuning LLM is very expensive

e Computational Resources: Finetuning LLMs, especially the latest ones with billions of
parameters like GPT-3 or GPT-4, requires substantial computational power.

e Data Requirements: Finetuning an LLM effectively requires a significant amount of high-
quality, domain-specific data. Gathering, cleaning, and preparing this data can be labor-
intensive and costly.

e Expertise: The process of finetuning an LLM requires expertise. Hiring or consulting with
experts to handle the finetuning process adds to the overall cost.

e Maintenance and Experimentation: lterative experimentation is often necessary to
achieve optimal performance. This means multiple rounds of training, evaluation, and
tweaking, each consuming additional resources

Center of Machine Learning Research <8>
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Model Fine-tuning

« Model fine-tuning helps to adapt the model to specific downstream tasks.
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Why do we need parameter-efficient fine-tuning?
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 Full fine-tuning requires the same memory consumption as pre-training.

« Parameters: 7B

* Model storage: 7B * 2 Bytes = 14 GB

« Gradient storage: 14 GB

« Optimizer states: 28 GB (using Adam)

« Activation storage: 2 GB [Zhao et. al., 2024]

In total: 58 GB

Activations

OptStates Gradient

« Generally, models are pre-trained with lots of GPUs, which may not be easily accessible.

Center of Machine Learning Research
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* For different downstream tasks / model versions, it is also expensive to store a full-size
checkpoint for each fine-tuned model.
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Parameter-efficient adapters

« Applying task-specific adapters, we can obtain task-specific models.
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BitFit: Bias-terms Fine-tuning

+ BitFit only fine-tunes the bias terms across all model layers.

Qm,ﬁ(x) _ iwgl’g":x _|_ibm7€i

Attention Projection: m.Y
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Frozen Trainable
Multi-head Attention: hg = att(Ql’e, K'Y vhe L Qe KM, Vm’l)

Elad Ben Zaken, Shauli Ravfogel, and Yoav Goldberg. Bitfit: Simple parameter-efficient
dfingduping e, transformetshased masked language-models, 2021. <13 >
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BitFit: Bias-terms Fine-tuning

+ BitFit only fine-tunes the bias terms across all model layers.
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Adapter-H: Houlsby Architecture

« Adapter-H inserts additional layers in each transformer layer.
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Neil Houlsby, Andrei Giurgiu, Stanislaw Jastrzebski, Bruna Morrone, Quentin de Laroussilhe, Andrea Gesmundo, Mona Attariyan, and Sylvain Gelly. Parameter-
Efficient Traasfendearming for NicRirarXiv:1902.00751 [cs, stat], June 2019. URL http://arxiv.org/abs/1902. 00751. <15>
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Finetuning LLM with low-rank adaptation

e Full Parameter Fine-tuning:
I ]E ~JY F .
Wlenﬂyplx q § D[ ( 2 9 f )]

e Finetuning with low-rank adaptation:

min Eep|F(W 4+ AB; €)]
AeRpXr,BeRrXq

New knowledge and expertise are imposed through low rank matrices A and B

Center of Machine Learning Research <17 >
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Finetuning LLM with low-rank adaptation

e Finetuning with low-rank adaptation:

i Eeop|F(W + AB:
AERpg,IEER"”Xq ¢ D[ ( + 5)]

Only A and B are to be trained, while W is fixed

h I

W =W+AW =W + AB

Pretrained
Weights

W'z = (W + AB)x = Wx + ABx

Center of Machine Learning Research <18 >



Full parameter fine-tuning: Memory cost

h = Wll'
z=o(h)
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LoRA: Memory cost
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Center of Machine Learning Research
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e Memory cost:

Memory cost = Models + Grads + Optimizers + Activations

e LORA does not save activation-incurred memory; does not apply to scenarios where
activation-incurred memory dominates, e.g., long-context transformers

e LORA saves models/grads/optimizers from O(p*q) to O((p+q)*r)

e LoORA can save great memory when rank r is small, and activation-incurred memory is trivial

Center of Machine Learning Research <21>



Full parameter fine-tuning: Computational cost

x h|z

dims: d (p,d) o)
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LoRA: Computational cost

x h|z

Nt

dims: d  (p,d) P (@p) g

Does not save computations significantly!

Center of Machine Learning Research
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Results

Model & Method |# Trainable

Parameters| MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B Avg.
RoBpase (FT)* 1250M| 87.6 94.8 90.2 63.6 92.8 919 78.7 91.2 864
RoBypase (BitFit)* 0.1IM| 84.7 93.7 92.7 62.0 91.8 84.0 81.5 90.8 85.2
RoBupase (AdptP)* 03M|87.1+0 94.24+1 88.5+11 60.8+4 93.14+1 90240 71.5427 89.7+3 84.4
RoByase (Adpt”)* 0.9M|87.3+1 94.7+3 884411 62649 93.045 90.6+0 75942, 9031, 85.4
RoBypase (LORA) 0.3M (87.5+3 95.1+, 89.7+7 634412 93.3.3 90.841 86.6+7 91.5., 87.2
RoOBiarge (FT)* 355.0M| 90.2 964 90.9 68.0 947  92.2 86.6 924 88.9
ROBiarge (LORA) 0.8M (90.6+> 96.2+5 90911, 68.2+19 9493 91.64+; 8744125 92.6+-, 89.0
RoBiarge (Adpt")t 3.0M[90.2+3 96.1+3 90.24+7 683110 94.81+, 91.9; 83.8429 92.1+7 884
ROBiarge (Adpt")T 0.8M[90.5+3 96.6., 89.7+1, 67.8425 94.8.+3 91.71+, 80.1429 91914 879
ROBiarge (Adpt™)t 6.0M[89.9+5 96.2+3 88.7429 66.54+44 94.7+2 92.14+ 1 83.4411 91.0417 87.8
RoBiarge (AdptH)]L 0.8M[90.3+3 96315 87. 7417 663420 94.74+7 91.5+1 729429 91.5+5 86.4
ROB]aIge (LORA)T 0.8M 90.6i,2 96.2:t,5 90-2i1.0 68.2:t1.9 94.8:t.3 91.6;&.2 85.211.1 92.3i.5 88.6
DeBxxi. (FT)* 1500.0M| 91.8 972 92.0 72.0 96.0 92.7 93.9 929 091.1
DeBxx1. (LoRA) 47M 1919+, 969+> 92,616 7244111 960+ 929+, 9494 93.0+, 913

Center of Machine Learning Research <24 >



LoRA+

e Since one of the matrices A or B will be initialized to 0, it will be very slow for it to update

e We should use different learning rates for A and B; LORA+

LoRA LoRA+
g
b= Pretrained
£ Weights
g B | x A
z W e R™<"
5
R
z A~ A—nxGy A~ A—nxGy
£
5 B+ B—nxGpg B+~ B—- ) nxGp
A>1

[LoRA+: Efficient Low Rank Adaptation of Large Models]

Center of Machine Learning Research <25>
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e We should use different learning rates for A and B; LORA+

~ 2X SpeedUp

—— Optimal (na, Ns) withlns =2%Na |
——— Optimal (na, ng) with ng =na

0 5000 10000 15000 20000 25000 30000 35000
Step

[LoRA+: Efficient Low Rank Adaptation of Large Models]

Center of Machine Learning Research < 26>



Weight-Decomposed Low-Rank Adaptation (DoRA)
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e A matrix can be decomposed into the magnitude and the direction

1% W
= |[Wlle
IV1e W]l

W =m

e The magnitude and directional variations between Wy and Wt can be defined as follows:

k
mer —m
AMFtT: Zn 1| l:T Ol
ADL. — Zﬁ:l(l COS( FT vW(?))
k

Center of Machine Learning Research <27 >



Weight-Decomposed Low-Rank Adaptation (DoRA)
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e Similarly, the magnitude and directional variations between W and Wt,cra are:

k
AM _ Zn 1 LORA |
LoRA— k‘
At Sk (1= cos(VE, WE))

k

Center of Machine Learning Research <28 >



Weight-Decomposed Low-Rank Adaptation (DoRA)

layer 1
layer 2
® layer3
layer 4
® layer5s
® layer6
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Slight-negatively proportional

e This reflects the difference between LoRA and FT

Center of Machine Learning Research
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<29 >



Weight-Decomposed Low-Rank Adaptation (DoRA) ez XY
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e DoRA: train the magnitudes and directions separately

Pretrained _ Merged
Weight || — Frozen Weight
Wy € R™ ’ | — Trainable W' e R™*
Decompose
(Initialize) Merge
W’ V+AV WO + B_A Magnitude Magnitude =
=m =m : = ik ! | ik !
IV + AV [Wo + BA|l. L melWiles2 R meks ;
Direction - - - - - $§ —————— N Direction - - - — - 2@ ______ .
’ 1/[[Wolle \\ ll 1/||V + AV||. \\
| | |
' | Adapt | |
! Pretrained . ::> i Y i's |
| Weight : | " AV = Rdxk :
I I ! Pretrained \ B I
: V =W, € R*™* : : Weight \ ; :
| | | Ve Rdxk e |
| | | / A \ |
| ) | / |
\ / \ y

Center of Machine Learning Research <30>



Weight-Decomposed Low-Rank Adaptation (DoRA)

—
layer 1
® layer2
® layer3
layer 4
® layer5
® Jayer6
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e DOoRA s consistent with FT

Center of Machine Learning Research

1.4 1
1.3 1
1.2 1
1319
1.0 4
0.9 4
0.8 1

0.7 4

DoRA

CTNT »
5 )\ \;
Z)t # P =

PEKING UNIVERSITY

» ¢ *  Inter step 1
& B Interstep2
A Interstep3

¢  Final step

+ ¥
*x
T T T T T T T T T
0.16 0.18 0.20 0.22 0.24 0.26 0.28 0.30 0.32

AD
Negatively proportional

<31 >



Weight-Decomposed Low-Rank Adaptation (DoRA)

Model PEFT Method # Params (%) BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.

ChatGPT - - 73.1 854 685 78.5 66.1 89.8 79.9 748 770
Prefix 0.11 643 768 739 42.1 72.1 72.9 54.0 60.6 64.6

Series 0.99 63.0 79.2 763 67.9 dDs T 74.5 Sl 724 70.8

L1LaMA-7B Parallel 3.54 679 764 8.8 69.8 78.9 13l 57:3 192 122
LoRA 0.83 689 80.7 774 78.1 78.8 77.8 61.3 74.8 T74.7

DoRA' (Ours) 0.43 70.0 826 79.7 83.2 80.6 80.6 65.4 776 715

DoRA (Ours) 0.84 69.7 834 78.6 87.2 81.0 81.9 66.2 79.2 784

Prefix 0.03 653 754 721 55.2 68.6 79.5 62.9 68.0 68.4

Series 0.80 71.8 83 79.2 88.1 82.4 82.5 67.3 81.8 795

Parallel 2.89 72.5 849 79.8 92.1 84.7 84.2 71.2 824 814

LAV R LoRA 0.67 72.1 835 80.5 90.5 83.7 82.8 68.3 824 80.5
DoRAT (Ours) 0.35 72.5 853 799 90.1 82.9 82.7 69.7 83.6 80.8

DoRA (Ours) 0.68 72.4 849 815 92.4 84.2 84.2 69.6 82.8 815

LoRA 0.83 69.8 79.9 795 83.6 82.6 79.8 64.7 81.0 77.6

LLaMA2-7B DoRA' (Ours) 0.43 72.0 83.1 799 89.1 83.0 84.5 71.0 81.2 80.5
DoRA (Ours) 0.84 71.8 837 76.0 89.1 82.6 83.7 68.2 824 79.7

LoRA 0.70 70.8 852 799 917 84.3 84.2 71.2 79.0 80.8

LLaMA3-8B DoRA' (Ours) 0.35 74.5 88.8 80.3 95.5 84.7 90.1 79.1 87.2 85.0
DoRA (Ours) 0.71 74.6 893 799 95.5 85.6 90.5 80.4 85.8 85.2

Center of Machine Learning Research <32>



LISA: Layer-wise finetuning
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e LoRA does not update the whole model. Instead, it only update a low-rank incremental model

' Ee¢op | F(W 4+ AB;
AERPE{I}EERTXQ e~p [ F(W + 3l

e Can we update the full parameters in a memory-efficient manner? This can significantly increase
the learnable parameters, which is expected to lead to superior performance

e Main idea: Layer-wise finetuning
mﬂifn ESND [F(Wa S)] — ]ESND[F(WM W27 T 7WL; 5)]

where W := {W;, Ws,--- ,Wr}. When update 11/, the other layers remain freeze

[LISA: Layerwise Importance Sampling for Memory-Efficient Large Language Model Fine-Tuning]

Center of Machine Learning Research <33>
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LISA: Layer-wise finetuning

Algorithm 1 Layerwise Importance Sampling AdamW (LISA)
Require: number of layers N, number of iterations 7', sampling period K, number of sampled layers -y, initial

learning rate 7

1: fori < 0toT/K — 1do

2:  Freeze all layers except the embedding and language modeling head layer
3:  Randomly sample v intermediate layers to unfreeze

4 Run AdamW for K iterations with {n; }:*t*~1

5: end for

Center of Machine Learning Research <34 >



Block-wise training

Update the first block
input
p_ Transformer — Transformer
Block 1 Block 2

& s

Center of Machine Learning Research
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Transformer
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Loss

<35>



Block-wise training

Update the second block

input
p_ Transformer — Transformer
Block 1 Block 2

Ee &

Center of Machine Learning Research
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Transformer
Block 3

Ee

Transformer
Block 4

Ed
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Loss
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Block-wise training

Update the third block

input
p_ Transformer — Transformer
Block 1 Block 2

Eo o

Center of Machine Learning Research
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Transformer
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Transformer
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Loss
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Block-wise training

Update the forth block

input
p_ Transformer — Transformer
Block 1 Block 2

S o

Center of Machine Learning Research
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Transformer
Block 3

Ee

Transformer
Block 4

&
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Loss
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Memory cost

4 )

Memory = Model + Gradient + Optimizer states + Activations

\_ J
Original Block-wise
P G; = VF(X¢,) Gii = ViF(Xy€) PIL
op { M;=(1-p51)M; 1+ p1Gy M;;=(1-81)Mi_1,+ B1G:; 2P/L
Vi=(1-082)Vi1+ B2G: © Gy Vii=(1—PB2)Vic1i+ B2Gii © Gy
P Xt+1=Xt—\/%+€®Mt Xi14 = Xy — \/ﬁ@Mm P

Block-wise training can save gradients and optimization states significantly

Center of Machine Learning Research Y. Chen, et. al., Enhancing Zeroth-Order Fine-tuning for Language Models with Low-Rank Structures, 2024 <39>



Memory cost
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» Block-wise training can also save activations, but depends on which block has been activated

input
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Transformer
Block 1

Eo

Transformer
Block 2

Lo

—

Transformer
Block 3

Ee

Transformer
Block 4

All activations can be saved

&

Loss

<40 >



Memory cost
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» Block-wise training can also save activations, but depends on which block has been activated

input
p_ Transformer
Block 1
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Transformer
Block 2

ee

—)

Transformer
Block 3

Ee

Transformer
Block 4

Loss

Ee

Most activations cannot be saved because
we need to compute the gradient of the activations

<41 >



Example: 2-layer MLP

x h|z

dims: d  (p,d) P (q.p)
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Nt

h=Wix
z=o(h)
y = Wsz
f=L(y)
Forward

Store h,zand y
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of _0f 1
oW,  Oh
af of
on = 9, O VoW
of 0L p f 0L
o, oi- 0 s %
of
— VL(1U
97 VL(y)
Backward

Store lef(Wl) and szf(WZ)

<42 >



Example: 2-layer MLP

freeze

Wi Wy

x h|z

dims: d  (p,d) P (q.p)

Save activations
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Nt

h = Wll'
z=o(h)
:& — WQZ

f=L(7)
Forward

Store hand y

Activation h is still needed

e"‘”“‘if, »
N e 7.5 ¥
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Backward

Store Vy, f(W;)

<43 >



Example: Attention

serf octtention
/ (N, dmod-bl)
() Q=Xwa
K= XWe (dmodel, ol
V= XWv
x
Wi QK.
N0l
Store Q, K, V

Do not Store X

Center of Machine Learning Research

Store S, V

Do not store A, O

<44 >
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Example: Attention
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o= XN~ NxN
(as;) li\'-ub?ks"‘ AEE mq_a—g 5. X ()

(N, Oéh) (V) U\l. olw) e &g@%%ﬂb 4
2
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LISA performance EPL
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LISA performance

Table 2: Results of different methods on MMLU, AGIEval, and WinoGrande, measured by accuracy.

MODEL METHOD | MMLU (5-sHOT) AGIEVAL (3-SHOT) WINOGRANDE (5-SHOT)
VANILLA 25.50 19.55 59.91
LORA 25.81 19.82 61.33
TINYLLAMA GALORE 25.21 21.19 61.09
LISA 26.02 21.71 61.48
FT 25.62 21.28 62.12
VANILLA 60.12 26.79 79.24
LORA 61.78 27.56 78.85
MISTRAL-7B GALORE 57.87 26.23 75.85
LISA 62.09 29.76 78.93
FT 61.70 28.07 78.85
VANILLA 45.87 25.69 74.11
LORA 45.50 24.73 74.74
LLAMA-2-7B  GALORE 45.56 24.39 73.32
LISA 46.21 26.06 75.30
FT 45.66 27.02 75.06

Center of Machine Learning Research <47 >



