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» Background @

m Model editing pursue localized update of LLMs, i.e., single MLP

®m Our work demonstrates localized fine-tuning is effective for editing
m How can we identify the optimal tuning locations?

m Existing strategy: investigate all layers and modules
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» More Efficient Approaches? @

m LISA: Layerwise Importance Sampling for Memory-Efficient Large Language
Model Fine-Tuning (NIPS 2024)

m Understanding Layer Significance in LLM Alignment (ArXiv 2024)

m Layer-wise Importance Matters: Less Memory for Better Performance in
Parameter-efficient Fine-tuning of Large Language Models (EMNLP 2024)

State Key Laboratory of Al Safety, ICT, CAS
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m LISA: Layerwise Importance Sampled AdamW
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*The Hong Kong University of Science and Technology(Guangzhou)
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> Motivation icp

m LoRA is resource-efficient, but generally underperform full FT

m Delve into training statistics in each layer for LoORA and full FT
® Tune on Alpaca-GPT4, record mean norms of each layer at every step

0 2

w mean-weight-norm (4 Z ”9 ||2
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» Observation

m Embedding or LM head exhibits significantly larger norms than

intermediary layers in LORA
m LoRA values layerwise importance differently from full fine-tuning

Weight Norm of Each Layer For GPT2 Weight Norm of Each Layer For LLaMA-2-7B
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» LISA icp

Simulate LoRA’s updating pattern via sampling layers to freeze:

m Layers with small norms in LoRA should also have small sampling
probabilities to unfreeze in full-parameter settings

m Probabilities: {pg}é\r:Ll = {1.0,v/Nr,v/Ng,...,~v/Ng,1.0}

Algorithm 1 Layerwise Importance Sampling AdamW (LISA)

Require: number of layers Ny, number of iterations I°, sampling period K, number of sampled
layers -y, initial learning rate 7
I: fori < O0toT/K — 1do

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

2

3

4:  Run AdamW for K iterations with {7, zzr,f s
5: end for

State Key Laboratory of Al Safety, ICT, CAS




» Experimental Results: Memory Efficiency @

m Memory reduction in LISA allows LLaMA-2-7B to be trained on a
single RTX4090 (24GB) GPU

m LISA provides almost 2.9 x speedup when compared with full-
parameter training, and ~ 1.5 x speedup against LORA

Memory Cost for Different Optimization Methods Forward and Backward Time for Different Methods
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> Experimental Results: Task Performance

&y

a Train on instruction-following task Alpaca GPT-4 (52k conversation pairs)
a Test on multiple benchmarks: MT-Bench, MMLU, AGIEval, WinoGrande

m Setting:

State Key Laboratory of Al Safety, ICT, CAS

MODEL METHOD \ MMLU (5-sHOT) AGIEVAL (3-SHOT) WINOGRANDE (5-SHOT) MT-BENCH 1
VANILLA 25.50 19.55 59.91 1.25
LORA 25.81 £0.07 19.82 £0.11 61.33 +£0.09 1.90+0.14
TINYLLAMA GALORE 25.21 £0.06 21.19 £ 0.07 61.09+£0.12 2.61+0.17
LISA 26.02 +0.13 21.71 £ 0.09 61.48 +£0.08 29 £ 025
FT 25.62 £0.10 21.28 £0.07 62.12 + 0.15 2.21+£0.16
VANILLA 60.12 26.79 79.24 4.32
LoRA 61.78 £0.09 27.56 £0.07 78.85+0.11 4.41+0.09
MISTRAL-7B GALORE 57.87 £0.08 26.23 £0.05 75.85+0.13 4.36 £0.16
LISA 62.09 +£0.10 29.76 £ 0.09 78.93 + 0.08 4.85+0.14
FT 61.70+£0.13 28.07 £0.12 78.85+0.12 4.64+£0.12
VANILLA 45.87 25.69 74.11 3.29
LORA 45.50 £0.07 24.73 £0.04 74.74 £ 0.09 4.45+£0.15
LLAMA-2-7B GALORE 45.56 £ 0.05 24.39+£0.11 73.32+£0.12 4.63 +£0.09
LISA 46.21 +0.12 26.06 £0.08 75.30 £0.11 4.94 +0.14
FT 45.66 £ 0.09 27.02 £0.10 75.06 £0.13 4.75+0.16




> Experimental Results: Task Performance

m Results:
0 LISA outperforms other fine-tuning methods in most tracks

a LISA even outperforms Full-parameter Training (similar to dropout)

MODEL METHOD \ MMLU (5-sHOT) AGIEVAL (3-SHOT) WINOGRANDE (5-SHOT) MT-BENCH 1
VANILLA 25.50 19.55 59.91 1.25
LORA 25.81 £0.07 19.82 £0.11 61.33 £0.09 1.90+£0.14
TINYLLAMA GALORE 25.21 £0.06 21.19 £ 0.07 61.09+£0.12 2.61+0.17
LISA 26.02 +0.13 21.71 £ 0.09 61.48 +£0.08 29 £ 025
FT 25.62 £0.10 21.28 £0.07 62.12 + 0.15 2.21+£0.16
VANILLA 60.12 26.79 79.24 4.32
LoRA 61.78 £0.09 27.56 £0.07 78.85+0.11 4.41+0.09
MISTRAL-7B GALORE 57.87 £0.08 26.23 £0.05 75.85+0.13 4.36 £0.16
LISA 62.09 +£0.10 29.76 £ 0.09 78.93 + 0.08 4.85+0.14
FT 61.70+£0.13 28.07 £0.12 78.85+0.12 4.64+£0.12
VANILLA 45.87 25.69 74.11 3.29
LORA 45.50 £ 0.07 24.73 £0.04 74.74 £ 0.09 4.45+£0.15
LLAMA-2-7B GALORE 45.56 £ 0.05 24.39+£0.11 73.32+£0.12 4.63 +£0.09
LISA 46.21 £ 0.12 26.06 £0.08 75.30 £ 0.11 4.94 +0.14
FT 45.66 £ 0.09 27.02 £0.10 75.06 £0.13 4.75+0.16
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» Ablation Studies @

MT-BENCH
MODELS y K SCORE
m Hyperparameters of LISA Ti%5 i
a Increasing sampling layers and 5 [1:;/251 g:gi
sampling period leads to better | %5] 2.26
performance T AMA [T/125] 2.59
.. T/25 2.81
m Sensitiveness of LISA 8 [[T/ /51] 2 74
a LISA is quite resilient to differ- r 23
rent random seeds MODEL SEED1 SEED?2 SEED3

TINYLLAMA 2.57 2.55 2.60
MISTRAL-7B 4.85 4.82 4.82
LLAMA-2-7B 4.94 4.92 4.89

State Key Laboratory of Al Safety, ICT, CAS



» Memorization and Reasoning

m LISA is much better than LoRA at memorization-centered tasks
a LISA emphasizes width and restricts depth
0 LoRA emphasizes depth and restricts width

[ ] [ ] L] L] [ ] L] L] L]
m Width is crucial for memorization, depth is important for reasoning
MT-BENCH
MODEL & METHOD WRITING ROLEPLAY REASONING CODE MATH EXTRACTION STEM HUMANITIES | AVG. 1
TINYLLAMA (VANILLA) 1.05 2.25 1.25 1.00 1.00 1.00 1.45 1.00 1.25
TINYLLAMA (LORA) 2.77 4.05 1.35 1.00  1.40 1.00 55 2.15 1.90
TINYLLAMA (GALORE) 3.55 5.20 2.40 1.15 1.40 1.85 2.95 2.40 2.61
TINYLLAMA (LISA) 3.30 4.40 2.65 .12 1.30 1.75 3.00 3.05 2.57
TINYLLAMA (FT) 3.27 395 1535 1.04 1.33 1573 2.69 285 2.21
MISTRAL-7B (VANILLA) SE2S 3.20 4.50 1.60 2.70 6.50 6.17 4.65 4.32
MISTRAL-7B (LORA) 3780 4.40 4.65 235 3.30 5.50 Srok 4.30 4.41
MISTRAL-7B (GALORE) 5.05 5.27 4.45 1.70 2.50 5.21 5192 5.20 4.36
MISTRAL-7B (LISA) 6.84 3.65 5.45 220 275 365 595 6.35 4.85
MISTRAL-7B (FT) ol 4.45 5.45 ZS02S 5.78 4.75 5.45 4.64
LLAMA-2-7B (VANILLA) 275 4.40 2.80 1.55 1.80 3.20 525 4.60 3.29
LLAMA-2-7B (LORA) 6.30 5.65 4.05 1.60  1.45 4.17 6.20 6.20 4.45
LLAMA-2-7B (GALORE) 5.60 6.40 3.20 125 1.95 5.05 651 7.00 4.63
LLAMA-2-7B (LISA) 6.55 6.90 3.45 1.60  2.16 4.50 6.75 7.65 4.94
LLAMA-2-7B (FT) SLsks 6.45 3.60 1.75  2.00 4.70 6.45 7.50 4.75
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m Layer Significance in LLM Alignment
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Understanding Layer Significance in LLM Alignment

Guangyuan Shi!, Zexin Lu!, Xiaoyu Dong!, Wenlong Zhang!, Xuanyu Zhang?,

Yujie Feng!, Xiao-Ming Wu!®™
IDepartment of Computing, The Hong Kong Polytechnic University,
Hong Kong S.A.R., China

2Du Xiaoman Financial, China
{guang-yuan.shi, zexin.lu, xiaoyu.dong}@connect.polyu.hk,
{wenlong.zhang, yujie.feng}@connect.polyu.hk,
xyz@mail.bnu.edu.cn, xiao-ming.wu@polyu.edu.hk
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> Motivation icp

m LIMA [1] posits pretraining develops knowledge and capabilities,
alignment refine conversational style and formatting

m Only certain components of LLMs are significantly impacted?

m Examine alignment in model parameter level (layer significance) to
gain deeper understanding

[1] Lima: Less is more for alignment. NIPS 203. Chunting Zhou, Pengfei Liu, Puxin Xu and et al.

State Key Laboratory of Al Safety, ICT, CAS



> Quantify Layer Significance @
ILA: learn a binary mask to indicate significance for each layer

m Definition 1: e-stable at iteration 7. For any t > T, loss satisfies

‘EZ[L(HHMZ)] o EZ[‘C(Htv Z)H <6

m Definition 2: Layer Importance. Binary mask y, = {y{ | y{ € {0, 1}}?,-\21}

v; = argmin £(6™%),  s.t. ||| < H,

Yt

07 = 6y + v, © A

State Key Laboratory of Al Safety, ICT, CAS



> Quantify Layer Significance @

ILA: learn a binary mask to indicate significance for each layer

Algorithm 1: Identify the Important Layers for Alignment (ILA)

Input: Pre-trained model parameters 0, learning rate «, the initial importance score vector =\
r
v

8o = {so}z 1> the number of insignificant layers K, the low-rank matrices Ay, By fo
the LoRA algorithm.

for iterationi=1,2,... do

Update A, = A; 1 —aVa, ,L(6;);
Update By = B;—1 — aVBt_lﬁ(et) :
if Training has become stable then

Solve the optimization problem in Eq. @) by gradient descent to find s; = {s*}¥ ;;
Stop training;

end _ . M
o st = arg min L£(6,").

’Yt — U(St)

State Key Laboratory of Al Safety, ICT, CAS



» Layer Importance Ranking @

m Layer importance ranking of LLAMA 2-7B identified by ILA on
LIMA in different training milestones:

1% training milestones 25% training milestones 50% training milestones
v_proji '} | i | v_proji , v_proj I
q_proj i q_proj | q_proj
k_projg = > k_proji k_proj
0_proj: 0_proj 0_proj
down_projg down_proj | down_proj |
up_proj | [ o up_proj | up_proj |
gate proj ‘ gate_pmjL gatc_projL 2 ‘
246 8 10121416 18 20 22 24 26 28 30 32 374 6 8 101214 16 18 20 22 24 26 28 30 32 374 6 8 10121416 182022 24 26 28 30 32
75% training milestones 100% training milestones
v_proj v_proji B
q_proj | q_proj |
k_proj k_proj:
0_proj 0_proj |
down_proj | down_proj
up_proj1 up_proj y‘
gate_proj | gate_proj ‘f
724 6 8 101214 16 182022 2426 28 3032 24 6 8 10121416 182022 24 26 28 30 32

State Key Laboratory of Al Safety, ICT, CAS



» Layer Importance Across Datasets @

m Define top 75% highest-scoring layers as important layers (Set S)

S1 NS,
S1 U S,

m Important layers for different datasets exhibit high similarity

m Jaccard similarity between two datasets: J(s,,5,) =

Dkt LLAMA 2-7B Mistral-7B
LIMA No Robots Alpaca-GPT4 LIMA No Robots Alpaca-GPT4
LIMA - - - - - -
No Robots 0.91 - - 0.90 - -

Alpaca-GPT4  0.90 0.90 - 0.89 0.93 -

State Key Laboratory of Al Safety, ICT, CAS



> Freeze Unimportant Layers @

m Exclude 25% unimportant layers, whose modifications would
negatively impact fine-tuning

m Freezing unimportant layers may enhance performance

Models Methods Language Understanding  Conversational Ability
MMLU 1T Hellaswag 1  Vicuna{T MT-Bench 7
AdaLLoRA 45.23 57.30 5.70 4.05
Full Finetune 45.72 57.69 6.00 3.93
LLAMA 2-7B Eyl| Finetune w/ ILA 45.98 57.87 5.90 421
LoRA 44.58 59.46 6.23 4.70
LoRA w/ILA 45.78 59.65 6.30 4.93
AdalLoRA 62.13 61.68 6.10 5.03
Mistral-7B-v0.1 Full Finetune 61.05 64.26 6.70 5.56
" Full Finetune w/ IFILA 61.75 64.21 6.73 5.70
LoRA 61.95 62.90 6.77 5.35
LoRA w/ IFILA 62.14 62.80 6.82 5.42

Comparative evaluation of models finetuned on the LIMA Dataset.

State Key Laboratory of Al Safety, ICT, CAS



» Tuning Critical Layers Only @

m Fine-tune only important layers of Mistral-7B, as identified by ILA,
on the No Robots dataset

m Focusing on selected important layers nearly matches the performa-
nce of full fine-tuning

Language Understanding Conversational Ability

Models Methods
MMLU 1t Hellaswag{  Vicuna? MT-Bench 1
LoRA 61.95 62.90 6.77 5.35
Mistral-7B-v0.1 LoRA w/ILA (10%) 62.09 61.94 6.49 5.08
LoRA w/ ILA (20%) 61.83 62.16 6.60 323

LoRA w/ ILA (30%) 61.89 62.79 6.71 5.37

State Key Laboratory of Al Safety, ICT, CAS



> Ablation Study

m Randomly or manually selecting layers does not work

0 RL 1 and 2: randomly select K layers to freeze with different seeds

a FL: freeze the first K linear layers

a LL: freeze the last K linear layers

Methods Language Understanding Conversational Ability
MMLU 1+ Hellaswag{!  Vicuna? MT-Bench 1
LoRA 44.58 59.46 6.23 4.70
LoRA w/RL 1 44,23 59.71 6.08 4.60
LoRA w/RL 2 43.98 59.11 6.10 4.68
LoRA w/ FL 44.02 59.32 6.13 4.59
LoRA w/LL 44.61 59.21 6.20 4.63
LoRA w/ ILA 45.78 59.65 6.30 4.93

State Key Laboratory of Al Safety, ICT, CAS
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» Cross-dataset Evaluation @

®m An intuitive hypothesis: layers consistently deemed unimportant
across all datasets may truly be non-essential

m Intersect the top-K least important layers from three datasets

m Imp. layers across datasets yields better results than specific dataset

Dataset Dataset Language Understanding Conversational Ability
(Imp. Layers)  (Finetune) MMLU 1 Hellaswag?T Vicuna1 MT-Bench 1
LIMA LIMA 61.82 65.48 6.99 5.38

No Robots LIMA 61.52 65.51 6.92 5.34
Alpaca-GPT4 LIMA 61.23 65.20 7.03 5.21

Intersection LIMA 61.49 65.62 7.06 5.44

State Key Laboratory of Al Safety, ICT, CAS
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m IST: Importance-aware Sparse Tuning
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Layer-wise Importance Matters: Less Memory for Better Performance in
Parameter-efficient Fine-tuning of Large Language Models
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1Zhejiang University 2Ant Group >Cleveland Clinic Lerner Research Institution
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> Motivation icp

m LoRA apply uniform architectural across all layers, ignores the
varying importance of each layer

m LISA trains partial layers and yields promising results

m [ST estimates task-specific importance score of each layer

State Key Laboratory of Al Safety, ICT, CAS



» Preliminary Observation @

Apply LoRA to OPT 1.3B on WikiText across all layers:
1. Gradually remove layers according to contribution to performance

2. Performed PEFT on the most and least important layers

» Layer-wise sparsity in PEFT is an inherent characteristic

# Layers # Layers
0 6 12 18 24 ’ 1 3 6 9 12
10 = Full Fine-tuning
< o T T T T e e e ———— AN
y A w—
ﬁ ﬁ 12:5
Z 20 =
= = 13.0
= =
o o
Ersop—dataihnl e e 2135
S s
& —7/x— Remove the least important layers = 40 —7/x= Tune the most important layers
) o ;
= 40 Remove the most important layers A l Tune the least important layers
14.5
(a) Remove trained LoRA modules layer-by-layer greedily (b) Train LoRA modules within the selective layers

State Key Laboratory of Al Safety, ICT, CAS



» Importance-aware Sparse Tuning

IST involves two loops (similar to data
minimization):

® Fine-tuning loop: selects a subset of
full layers to update

B Importance updating loop: updates
importance score of each layer

Task loss £
Update 0

Proj.

0

Layer

1

Layer

N

0

v  Update
Layer-wise
Importance Score

&y

Task loss £
1

Proj.

i

Layer

1

Sample Sample
a subset a subset

Layer
1

Layer

i

Emb.

1

PEFT Response

Layer

1
t

Layer
1

| 1
1

: Suppression :

. (CPEFT_J

|

|

|

0.25 !
—-| Trans. Modules P

Layer

1

Emb.

)

=—> Fine-tuning Loop =—> Importance Updating Loop
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» Importance-aware Sparse Tuning @

m Fine-tuning loop: Define degree of importance as I € RM! and choose Nu
layers to update based on I in each iteration

m Importance updating loop:

0 Suppress the response of layer to measure its contribution to the result
i {mi(og) +a;(0)),  ifies]

0, 1= : '
i+1 m; (Oz) + ﬁ * a,i(og), otherwise

a Calculate the rewards according to their loss

Nc k=1

0 Employ reward to update importance score
= {Litpxr; if i € S
L, otherwise

State Key Laboratory of Al Safety, ICT, CAS



> Experimental Results

IST consistently shows an enhancement in model performance on the
commonsense reasoning task.

Model PEFT BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.
ChatGPT - 73.1 854 68.5 78.5 66.1 89.8 799 748 77.0
Series 63.0 792 763 67.9 ;7 74.5 571 724 70.8

Series + IST 66.2 783 749 72.2 75.9 75.8 590 722 1718

LLaMA7g Parallel 679 764 78.8 69.8 78.9 73.7 573 152 722
Parallel + IST 684 79.1 779 70.0 78.9 81.2 62.3 771.6 744

LoRA 689 80.7 774 78.1 78.8 77.8 61.3 74.8 74.7

LoRA+IST 68.7 817 773 82.7 78.7 80.6 62.4 80.0 76.5

Series 71.8 83.0 79.2 88.1 82.4 82.5 67.3 81.8 79.5

Series + IST 729 822 81.4 87.9 84.0 82.7 69.1 81.1 80.2

LLaMA 135 Parallel 725 849 79.8 92.1 84.7 842 712 824 814
Parallel + IST 72.6 86.0 79.2 89.1 83.5 84.8 70.6 82.8 81.1

LoRA 72.1 835 80.5 90.5 83.7 82.8 68.3 82.4 80.5

LoRA+IST 715 850 81.2 89.1 84.2 84.0 70.1 81.8 80.9

GPTJes LoRA 624 68.6 49.5 43.1 57.3 434 31.0 46.6 502
LoRA+IST 63.0 632 629 35.8 39.1 56.8 39.1 512 514

BLOOMz7 LoRA 659 753 745 e 129 74.6 57.8 73.4 68.9
LoRA+IST 67.0 744 744 514 68.7 779 589 744 684

LLaMA3sg LoRA 70.8 852 799 91.7 84.3 842 712 79.0 80.8
LoRA +IST 727 883 80.5 94.7 84.4 89.8 79.9 86.6 84.6

State Key Laboratory of Al Safety, ICT, CAS



> Layer-wise Importance Learning @

Visualize layer-wise importance learning process of two tasks

Commonsense Reasoning

L
o

g | —— Layer 2
. oo @ 4 , - Layer 4
m Layer 2 and 32 significantly 5 R | — Layers
° T Layer 8
contribute to commonsense g Laver 10
= _ . _ , — Layer 1
reasomng task o0 0 5000 10000 15000 20000 25000 30000 tazer 1‘61
# lterations ayer
: . ; Layer 18
. Arithmetic Reasoning VST
B Layer 6 and 18 contribute to 0 1.0 o R o e — | AR 5
arithmetic reasoning task most 3 _| oo pal— 70 Cover 26
S | ‘ Layer 28
g_ : | | Lazer 30
£ 0.0 Layer 32
0 250 500 750 1000 1250 1500 1750

# lterations

State Key Laboratory of Al Safety, ICT, CAS



» Table of Contents @

m Conclusions
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» Conclusions @

m LISA:
0 observe the magnitude of parameter changes
0 design importance probability
0 repeatedly sample a subset of layers during training

mILA:

0 train all layers until convergence

0 learn a binary mask to select beneficial parameter changes
m IST:

a two loops to jointly learn importance scores and parameter updates

State Key Laboratory of Al Safety, ICT, CAS
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m Related Works
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> Related Works @

m LIFT: Efficient Layer-wise Fine-tuning for Large Model Models (ArXiv 2024)

0 layer-wise fine-tuning strategy that only learns one layer at a time

m Random Masking Finds Winning Tickets for Parameter Efficient Fine-tuning
(ICML 2024)

0 use random masking to fine-tune the pretrained model

State Key Laboratory of Al Safety, ICT, CAS



> Related Works @

m Investigating Layer Importance in Large Language Models (ArXiv 2024)

0 propose an efficient sampling method to faithfully evaluate the importance of layers
using Shapley values (certain early layers exhibit dominant contribution)

m Spectral Insights into Data-Oblivious Critical Layers in Large Language
Models (ACL 2025 Findings)

0 layers with significant shifts in representation space are also those most affected
during fine-tuning -- a pattern that holds consistently across tasks for a given model

State Key Laboratory of Al Safety, ICT, CAS
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m Discussion
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» Discussion @

m Layers in LLMs indeed exhibit varying functions and levels of importance,
which is intuitive —after all, not all modules can be equally important

m There is currently no consensus on layer importance and different studies
report varying findings (as a result, their impact has been limited)

m If localized fine-tuning is necessary, the ideal solution would be an efficient
empirical proxy that enables global identification of critical components, with
conclusions that generalize within same architecture.

State Key Laboratory of Al Safety, ICT, CAS
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Thank you for listening!

Any questions?



