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LongCat-Flash
achieves advanced

agentic capabilities via a
multi-stage pipeline,
focusing on_reasoning,
coding, and supporting a
long context length of
128k. It uses a shortcut-
connected design which
allows faster inference

even at very large scales
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LongCat-Flash-Chat

Meituan, China’s largest food delivery company released its open weight LLM

Agentic Tool Use
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Announced on
August 31, 2025

LongCat Blog

LongCat-Flash is an
innovative MoE
architecture with a
total of 560B
parameters, of which it
dynamically activates
only 18.6-31.3 billion
parameters per token,
optimizing both
performance and
efficiency.


https://github.com/meituan-longcat/LongCat-Flash-Chat/blob/main/tech_report.pdf
https://github.com/meituan-longcat/LongCat-Flash-Chat/blob/main/tech_report.pdf

The GPT-3 Story (Estimation)!!

Power Consumption

GPT-3 consumed around 1,287 MWh

@ Running the London Eye continuously for over 5 years

https://arxiv.or /21041
https://arxiv.org/abs/2005.14165


https://arxiv.org/abs/2104.10350

The GPT-3 Story (Estimation)!!

GPU Consumption

GPT-3 training used ~355 GPU-years on V100s

6 Running 10,000 high-end gaming PCs at full load for 13 days straight

https://lambdalabs.com/blog/demystifying-gpt-3/



The GPT-3 Story (Estimation)!!

Water Consumption

GPT-3 required ~ 700K Lliters of water

* Running a standard shower for 6 years non-stop
* Filling 1.5 million water bottles (500ml each)

https://arxiv.org/abs/2304.03271



Al Is science for the rich, not the poor!

o Q9

Lla®©® &

R e o

©
O
B

® H100 ® o
= A100
© V100

) No GPUs in Region

Approximate locations of public cloud regions and the most
advanced GPU type available in each region

Image Source: Lehdonvirta, Wu, Hawkins. Compute North vs. Compute South: The Uneven Possibilities of Compute-based Al Governance Around the Globe. AIES 2024



Lets make modern LLMs
less hungry for resource
and less thirsty for water!!



Today’s Agenda -- PEFT

/ + Why Fine-Tune LLMs? \

* Challenges of Full Fine-Tuning

* |In-Context Learning

* Introductionto PEFT

* PEFT Me’fpod Categories
* Additiye: Adapters, Prefix-tuning, Prompt-tuning
. Selecti\ﬂe: BitFit, FISH Mask, PaFlI
* Re-parameterization: LoRA, AdaLoRA, DoRA

« Summary & Takeaways
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Why Fine-Tune LLMs?

LLMs have shown remarkable generalization ability.
However, to optimize performance for specific downstream tasks, fine-tuning becomes essential.

/ Summarize

—_—

K Adapt pretrained models to domain- \
specific or task-specific distributions
* Improve performance on specialized

tasks example (Pre—training |—~ PLM g—{ ﬁzgiﬁﬁﬁg
. Summarlzatlon/ Protra

* Sentiment analysis v

retrained Language
/_L Model i
K  Code Generation etc / — .

Task adapted model

/ Classify

Task adapted model

/
S
4

_ ﬂ / Generate
.. . o [ Annc;t_a:e(.;task T p

Th|S IS known as Fuu. Flne'tunlng. Larg;_gl_e_néﬁ;;rpus specific dataset ask adapted model

Update all model parameters using task-

oo - ;
specific data
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Challenges of Full Fine-Tuning

e Scalability
* Modularity

o

Z/%) Advances in Large Language Models

Tanmoy Chakraborty

/Mjgmry and Computation Challenges ) C[)}gloyment Challenges )
* VBillions of parameters > GPU memory bottlenecks Inflexible: Cannot easily switch between tasks
* Training time is extensive * Increases cost and carbon footprint
* Requires storing a full model copy for every task
N L /
/Motivation for Alternatives \
Need more:
* Efficiency
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In-Context Learning (ICL)

{ Idea - Feed it input-target examples (“shots”) }

~

@(am ple of a 4-shot input

Please unscramble the letters it\ﬁ{;
word, and write that word:

* asingc=casino 11
» yfrogg=froggy

* plesim=simple
* iggestb=biggest
* astedro=?

==

Z/%) Advances in Large Language Models

\
Advantages
* No training required \/
 Fastand flexible /
\ J
/Disadvantages A
* Prompt tokens consume context window
* Doesnotgeneralize or adapt across sessions
* Cannot learnfrom errors or improve performance
\ J

Tanmoy Chakraborty
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Parameter-Efficient Fine-Tuning (PEFT)

/What is PEFT? A

A set of strategies to adapt large models by training only a small subset of parameters
Core model remains frozen; auxiliary or selective parameters are updated

[, -

- /
Motivations / A
* Reduce compute and memory footprint
* Allow reusability and modular adaptation
* Enable personalization.and domain-specific training on edge devices

o — /

. . )

Three Main Categories

\/ Additive Methods: Add new modules (e.g., adapters, prompts)
.\jZele_c_ti_v_e___l\_'!gj_hods: Selectively update a sub-set of existing parameters

N e-parameterization Methods: Re-express parameters to enable efficient tuning ~

Advances in Large Language Models L-o8
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Parameter-Efficient Fine-Tuning (PEFT)

/ Development of Additive and \

Selective PEFT methods started in
1( w early 2019
. * Re-parameterization-based

j method garnered interest from
2022

* QOverthe past few years, re-
parameterization-based methods

N have got wider-spread popularity,

\ due to their flexibility with LLMS/

Tanmoy Chakraborty

PARAMETER-EFFICIENT FINE-TUNING METHODS FOR PRETRAINED LANGUAGE MODELS: A CRITICAL REVIEW AND
ASSESSMENT
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Additive Methods - Adapters.

-

Coreldea

* Insert adapter layers in between the layers of transformer
architecture

* Only adapters are updated; base model remains frozen

o

Advantages
* Now we can train and plug-in task specific adapters

 Small memory needed to save many task specific adapters
\ ’ — — y

VAN

AN

Disadvantages
* Increase in inference time due to additional layers
* Needs code changes to integrate into model architecture

Z/%) Advances in Large Language Models
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------------------

f Adapter

Additive Methods - Adapters e G

OO0O0000]|AM
< I

|
i
E _T_ Feedforward
« Each adapter layer consists of one downward projection matrix, : : ”p'p:“im |
followed by a non-linear activation function and finally an upward :
projection :
i
|
|

he Adapter Layer — Bottleneck structure

Monlinearity -
Ty, -
- |

G OTHo

Feedforward
down-project

e Thereis also aresidual connection

. /

~

N NN B N NN OB NN NN B OB N B O B EE R BN N BN O E .

Results / 'y
* In BERT,,, with 3.6% additional parameters(adapters), gple to —
achieve 99.6% performance of full-finetyhing EH_________?,_______:,:“‘ :

'._ﬂ

O
O
O
O
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Additive Methods — Prefix-Tuning

Fine-tuning
/ \ Transformer
. : (Translation)
Core ldea: 3 | e S e e Em e e
* Learntask-specific prefix key/value F Transformer (Summarization)
vectors that are prepended fo each layer’s e —mmeom=m == o= =
Transformer (Table-to-text)

R NRNNINIT
/Method:

Learnable vector Pisc
input X of length n
prefix P of length m
modified input X’ = [P; X]
shape of X’ = (n+m) x d

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix
(Translation)

Prefix-tuning

Prefix

(Table-to-text) Transformer (Pretrained)

i

L
where d is model’s hid name Starbucks type coffee shop [SEP] Starbucks serves coffee

K / Input (table-to-text) Output (table-to-text)

Z) Advances in Large Language Models hartc Vel (e et
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Additive Methods — Prefix-Tuning

Autoregressive Model (e.g GPTz)

Summarization Example

PREFIX T coarotable Y sarget utterance Article: Scientists at University College London discovered pecple
I 1] 1] 1 tend to think that their hands are wider and their fingers are
) shorter than they truly are.They say the confusion may lie in the
Harry Potter , Education . Hogwarts [SEPF] Harry Potter is graduated from Hogwarts . way the brain receives information From different parts of the
body.Distorted perception may dominate in some people, leading to
Activati i i By |} i } . he | ! } i i J body image problems ... [ignoring 388 words] could be wery
chiyatan b SR e e el motivating for people with eating disorders to know that there was
a biological explamation for their experiences, rather than
Indexing I1 21 Ia 4 5 B 7 B ”9 e 11 12 13 14 15 1 feeling it was their fault." —
— — - — 'E-ummary': The brain naturally distorts body image
Piax = [1,2] Kige = [3,4,5,6,7, 5] Yiax = [9,10, 11,12, 13, 14, 15] a finding which could explain eating disorders Llike |
anorexia, say experts. |
Encoder-Decoder Model (eg. BART) FREFIX o o
PREFIX L (source table PrerFix’ Y narget utterance Table-to-text Example
I i i B Table: name[Clowns] customer-
< Harry Patter , Education , Hogwarts l Il-li"] e H"“““"J rating[1 out [uf 5] ]EatTYF’Elcuffee
shopl food[Chinese] arealriverside]
Activation k. hy hy hy hg hs hr he ha b ki Bz hig he his s Mg near[Clare Halll
[ Textual Description: Clowns is a |
Indexi 11 12 13 14 15 18 17 | coffee shop in the riverside area
EELg |1 2 1 |_3 4 5 6 7 8 1 1 4 “] 1 1 near Clare Hall that has a rating |
Pux= [1,2]  Xix = |3, 4, 5,6, 7, 8] Pux +=[0,10]  Yia = [11,12, 13, 14,15, 16, 17] | T af 5 . They serva Chinesa |

Prefix vectors are added to key and value but omitted from th

During fine-tuning, the parameters of P are optimised for the specific task

e query vector

Advances in Large Language Models
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Additive Methods — Prompt-Tuning

\
Core ldea: p N
 Learn a continuous prompt embedding Model Tuning Fro wanes | Prompt Tuning
prepended to the input . (11B params) | |
\ Y, & . Y Mixed-task
™ Task A i Task A Model | Batch
Method: Batch | (11B params) I T 31 S—
Inputis: [Prompt Embeddirigs] + [Original Tokens] @ ) - = _.[ ol J
Only prompt embeddin e updated Task B || Task B Model | | é gf'—_. (11B params)
Batch (11B params) I -
N Ax / ) - = : Task Prompts
k (20K params each)
v Task E@ Task C Model | 1 |
/Advantages: \ Batch (11B params) | |
Multi-task input in a single (Trgining) h 2
Very few parameters (< 0.1%)
Disadvantages:
Less effective than prefix-tuning if L ta

kregimes /

Z=5) Advances in Large Language Models ,'",_, Tanmoy Chakraborty
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Selective Methods - Structured and Unstructured

Selective Methods:
* Selectively update a sub-set of existing parameters

/Structured: \/ A
* Update specific components (e.g., attention weights only, FFN weights)
* Basically, update the entire tensor parameter (coarse update)
. J
/Unstructu red: f A
* Update arbitrary subset of parameters (often selected by heuristics)
* Asub-set of scalar parameters in a tensor parameter (finer granularity)
- J

Z55) Advances in Large Language Models e sl Tanmoy Chakraborty
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4

L
Selective Methods - BitFit (Zaken et al.) “?ﬂ 95
WS A A

/

Idea:
* Onlyupdate bias terms of transformer layers

hE = Dmpnut WE l. (1)
hf _ gL“n ® @7« (2)
encolililj;odel hﬁ - GELU mz hf‘ T bfli’z (3)
‘ Dmpnutm hf @ (4)
out = giy, © (lig) LT 65) )

 Biasterms are small in number but influential
* Extremely light-weight and easy to implement
 Butitis architecture dependent (certain model architectures, e.g., Llama, do not have bias terms)

&) Advances in Large Language Models M bt Tanmoy Chakraborty
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Selective Methods - BitFit (Zaken et al.)

/BERT,%,se model

Which bias terms are most influential?

* Allquery vectors and 2"! MLP layer

* bl andb, rival performance of FFT
o Dbl has zero effect on output

k._...-

~

/

A:‘ Advances in Large Language Models

b, 007
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b'I'III

-0.03
b,

002
by,

001
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Figure 1: Change in bias components (RTE task).
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Selective Methods - FISH Mask (Sung et al.)

Idea:
* Use Fisher Information to select which weights to update
N

-
One way to measure a parameter’s importance, is to consider what extend the parameter will change the

model’s output. —_— =

'hﬁ

We know that the output distribution is given by - py (}‘; 2" Dk b

This can be computed using the KL-Divergence as: DKL (pg (y ‘ :B) ‘ ‘p9+5 (y‘ a:))

—

L

Where ) is a small perturbation

It can be shown that asd — 0 this is equivalent to the Fisher information matrix. Hence Fisher information
matrix is widely used in modern ML as a measure of parameter importance-

Z55) Advances in Large Language Models Y LLou Tanmoy Chakraborty



https://www.lcs2.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/
https://home.iitd.ac.in/
https://lcs2-iitd.github.io/ELL881-AIL821-2401/

Selective Methods — Fisher Importance Score

ﬁwer importance for a parameter 6 can be calculatedas _— )

FH — Ewmp{x)[Eyme(y|$1V§ log pg(y\.r!‘?g IDgpg(leJT],
P — m— = »

Due to expectation over the entire input data distribution p(x), actual Fisher importance cannot be
calculated. We resort to approximated (or emplrlcal ) Fisher calculated on a subsample of data, defined as

{ % iEyme ylxi) |:v9 logpﬂ(ylxz)
i—=1 ——

® Vg log pg ylﬂsz ]

Here, vylogpy(y|x;) can be calculated by usmg the gradient of the loss function (loglikelihood) w.r.t the

(rameter.

\

Z/%) Advances in Large Language Models
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Selective Methods - FISH Mask (Sung et al.)

Mask is determined initially using sample of
the dataset and then kept fixed
* Fixed mask is very efficient during distributed

\_ training

/Steps |
1. Compute Fisher score per weight matrix
2. Select top-K¥% asraimabte”
3. Keeprestfroze
o - ' ‘J//
/Advantages A

J
3

Disadvantages
* Requires extra computation for Fisher
estimation

Z/%) Advances in Large Language Models

Full-finetuning

EEy Vopaly|x) 2 Top-k

00000
O
Q o O o O

FISH Masking
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Selective Methods - PaFl (Liao et al.)

Idea:
* Select parameters based on magnitude

Steps:

1. Rank parameters based on magnitude
2. Selectsmallest - K% as trainable

3. Keeprestfrozen -h )

-
/Advantages:
* Fixed masks
* Mask generation based on only magnitude
(less computation cost)

\_

mtuition \

* |Important parameters of a PLM learn a more
generic representation (params with high
magnitude)

* These params are important for downstream
task as well

* Hence, keep these fixed and update low-
magnitude params in fine-tuning

* We can argue that the important parameters
of a PLM are also important for downstream
task and needs to be updated. But authors

Advances in Large Language Models

K empirically show that this is not the case. /
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Selective Methods - ID3 (Agarwal et al.) K/ (

4 — N
Idea:
* Incremental selection of parameters instead of selecting all parameters in beginning ,r
* Dynamic gradient & magnitude-based heuristic for selection of parameters in each optimizer step
\_ J
. Z- . N
Given parameters (/* and gradients V y;
We define parameter importance function
(also referred to as heuristic function) as:
Same subset of parameters trained in all steps |V
- 92.
H (92 ) — _I_@) Biﬂp
p—— -
Where € and exp are hyperparameters to control
smoothing of function and effect of parameter magnitude
. on final importance
Incrementally select new parameters in each step J

Advances in Large Language Models
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Selective Methods - ID3 (Agarwal et al.)

At each optimizer step:
1. Compute importance score for all tensor parameters
2. Selecttop K/T parameters
\3' Add these parameters to the set of parameters that need to be updated

(A

AN

dvantages
Incremental selection captures change in parameter importance throughout training process
* Produces progressively improved models across increasing budget levels, allowing users to balance
budget and performance effectively
Compatible with both additive (Adapters) and reparameterization (LoRA) methods

Disadvantages
* Increased computation in optimizer step for calculating parameter importance

Advances in Large Language Models ,",_, Tanmoy Chakraborty
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Selective Methods — Performance

Performance on GLUE with DeBERTa-V3 model

K BitFit tends to perform relatively poor as
20 t/ compared to full fine-tuning or methods like

PaFi or Fish mask
As higher budget (K), PaFi and Fish mask

—
I

——?..‘*:'
me

<

P can match the performance of FFT, even

§ 84 » after fine-tuning only 0.15% of all

w parameters

chad  ID3 performs significantly better, even at
801 el FT/ . Fish/ v lower budget, often out.performlpg full fine-

« RMask m PaiY % tuning and other selective baselines

78

0.00 0.05 0.10 0.15 0.20
Fine-tuned Parameters (%)

&

S

N\ >
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Selective Methods — Performance

Performance on math reasoning tasks

Model Budget Method s AddSub MultiArith SingleEq GSMS8K AQuA SVAMP  Avg. K D ue tO depen dence on mOdel \

S6M [ LoRA (=32 813 955 817 34l 177 467 395 . iy .
LLaMA7B  3M  LoRA (=2) 78.2 96.7 76.6 353 169 449 581 architecture, BitFitis less adaptive
3.5 PaFi + LoRA (1=32)  78.7 92.3 76.8 339 169 432 570 . .
" " 35N IO+ LoRA (=32) 807 05.8 793 343 157 457 586 with LLMs and adapters like LoRA
M LoRAG=32) %44 %82 076 769 346 838 813 I i
Qwen-TB 3.41 LoRA (1=2) 93.9 98.3 96.4 764 319 868  80.6 (more in the next slides).
34M  PaFi+LoRA (r=32) 91.1 99.0 97.0 78.5 37.8 85.8 81.5 ° Pa F| an d I D3 can be seam leSS ly
T— 34M  1D% +LoRA (r=32) 93.6 98.5 95.1 77.9 37.0 87.1 81.5
40M  LoRA(=32) 921 985 959 719 342 815 790 mtegrated with LLMs, with/without
2.5M  LoRA (1=2) 92.9 97.5 94.9 708 346 851 793
3B
Quen 2.5M  PaFi+LoRA (1=32)  90.9 97.8 96.2 706 362 839 793 adapters.
- 25M  1D%+LoRA (1=32)  92.6 98.2 95.9 7.5 374 839 799
PM_ ToRA(G=32) %04 %82 %66 658 366 733 T2
Qwen-158 1SM  LoRA (=2) 91.9 98.2 95.5 628 311 809 767

1.5M PaFi + LoRA (r=32) 894 96.7 95.9 64.5 323 78.4 76.2
1.5M 10% + LoRA (r=32) 91.6 97.8 93.7 62.6 34.6 81.0 76.9 \ /
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Re-parameterization Methods

.

Idea
Modify the form of parameters to allow efficient learning

-

.

Common trick
Low-rank approximation: Replace weight W with W + AB

J
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Re-parameterization Methods — LoRA (Hu et al.)

/Idea: h
Insert low-rank matrices into the model's weight
update formula

- /

/Mechanism: \

* Freeze the pretrained model weights

* Injecttrainable matrices into attention (e.g.,
query/key/value) layers and MLP

* Onlytrain A and B (much smaller than W)

/

A.»“' Advances in Large Language Models

Figure 1: Our reparametriza-
tion. We only train A and B.
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Re-parameterization Methods — LoRA (Hu et al.)

ﬂr a pretrained matrix 1, ¢ R%*¥, the gradient-based update A W is represented as: \
AW = BA
AW € R¥*
B c Rdx*r
A e Rk

r << min(d,k)

(Y
During inference time, h = W@ becomes h = Woﬂl' + '__A.__-_-E..Vg: {Woﬂ? + BAx [
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Re-parameterization Methods — LoRA (Hu et al.)

/Advantages
* Single pre-trained model can be used to build multiple small LORA modules for different tasks
* We can freeze the PLM and efficiently switch tasks by replacing the matrices A and B.
* LoRAisorthogonal to other prior PEFT methods and often can be combined
e Simple design with no computation heavy operations

\

* Compatible with very large models (e.g., (}_ET, BERT, LLaMA, Qwen, etc)

imitations: \\]

Requires careful rank selection ¥
* May need tuning of learning rate and regularization
* Sensitive to hyper-parameters

L

AN
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Re-parameterization Methods - AdaLoRA (Zhang et al.)

o M AN

p
Idea

(L Q J
« Extension of LoRA that dynamically allocates lo (?n‘li\bgd qcr?o‘s‘.%ielﬁ{gﬁ's

\§
Intuition A \(:) Gh }gi—\?;;—i‘v - \ 88.6
* Notalllayers are important v o Gu~ S pa md s8] ~ B
* Adaptive rank leads to better use of Z :::} q v~ Esﬁ 85.82
limited trainable parameters 5 89.36 1908 S8
\ / é :z {; H28.08 §HE
/Steps \ z sal?ﬁ S %0
1. Initialize full-rank LoRA wsoh ] W 28
2. Estimate per-layer importance C W W W W Wy W 123 7 456 789 101112
3. Reduce ranks of less useful layers (a) Selected weight matrix™ (b) Selected layers
and increase where needed @( ,(S.\ = 4 Vig AD
Continue fine-tuning with the adapted \ @,—'SA w* Wt U

4.
\__budget -/ N/
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Re-parameterization Methods - AdaLoRA (Zhang et al.)

4 )
« The authors reparametrize the weight update (LoRA weights) in a form to approximate the SVD: A — PAQZ

« Thisincremental matrix A is divided into triplets where each tripleE_(_B_‘-_gontains the i-th singular value and
the corresponding singular vector —

* Eachtripletis assigned an importance score

* Triplets with low importance scores are pruned, i.e., their singular values are zeroed, effectively reducing
the rank and parahn?eter budget.

* High-importance triplets are retained, allocating more capacity.

* Aglobal schedule starts with a slightly higher parameter budget than the target and gradually reduces the
budget during fine-tuning

- /
) C . I
Advantages Disadvantages
* More expressive and efficient than static LORA e Slightly more complex to implement
* Better performance under tight parameter * Sensitive to ranking heuristics
\____Constraints J \_ B J
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Re-parameterization Methods - DoRA (Liu et al.)

Idea:
 Decompose weight updates into direction and magnitude components
FT LoRA
aye ¢ * fer ste * nier ste
llj;::; 0.06 ’ ¢ [ | ::ler .qte::; 0437 [ | :n:erste;;
T e 008 4 B LA ¢ s | 97 % rma
® layer5 '
L |azcrﬁ ﬁM 0.07 - 035
0.06 - 0340
0.05 - * 0.25
(}.{I) 14 ﬂ.(;l 6 ﬂ'.(:‘l 1% n.dzn 0.622 (.I'.I] 0 D.ll 1 ﬂ.llz ﬂ.IIS f].ll4 ﬂ.I] 3 i.l.ll &
AD AD
Changes in parameters during Full-Finetuning and LoRA fine-tuning
Intuition:

« Comparing FFT and LoRA by looking at the changes in direction and magnitude, shows that LoRA captures a monotonic
relationship between magnitude and directional changes, failing to captured more nuanced patterns.
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Re-parameterization Methods - DoRA (Liu et al.)

/T he weight matrix is decomposed as: \

14
W = m
v

le

where W € R¥* is the weight matrix
m € RY* is the magnitude vector

Kand V € Rk s the directional matriz /
/Advantages: \

* Improves generalization

* Reduces overfitting in low-data settings

* Lower parameter sensitivity to initialization
Disadvantages:

\° May underperform when magnitude carries key task signal /

I1 Advances in Large Language Models
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n
A
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Re-parameterization Methods - MonteCLoRA
(Sengupta et al.)

[LoRA—based re-parameterization methods are highlight sensitive to hyperparameters such as learning rate or 1

I

601

Accuracy
~l [s5]
=) o
o
(o]
o
[o]
Accuracy
o ~
o =)

50+
I 40
10 63.0 550 713 80.2 80.0 79.9 83.8 838 843 80.1 88.6 893 527 801 812 30 727 926 910 603 817 833 758 858 839 705 859 876
wic BoolQ ColLA MRPC RTE MNLI QNLI
Task Task
[- Full FT [ LoRA I MonteCLoRA (ours) ’- Full FT [ LoRA I MonteCLoRA (ours)
(a) GLUE Small Tasks (b) GLUE Large Tasks

{Negative outliers for LoRA and full fine-tuning results are noticeable for ROBERTa-base model on GLUE tasks. }
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Re-parameterization Methods - MonteCLoRA
(Sengupta et al.)

[ Idea: Can we parameterize the low-rank learnable matrices with some probabilistic priors? ]

Wishart Prior LoRA A Variance
Dirichlet Prior  EachLoRA A matrix can be

C N (o Output ) treated as mixture of Gaussian
/Sample 1\ / |\| with mean u (learnable) and
7 Ve N NIRAE, | L variance X (learnable)
LoRtA A Drior /\ <: ; . B WL * Variance is sampled from a
5 LSRN [ e | | Wishart distribution with prior
P J | \ — / | A (learnable)
~ / * Mixture probability is sampled
from a Dirichlet distribution
o ® 0 K with prior I1 (hyperparameter)/
Learnable vector Latent vectors Learnable matrix Latent matrices Frozen parameters
parameters parameters
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Re-parameterization Methods - MonteCLoRA
(Sengupta et al.)

Some theory on why MonteCLoRA works?

* Output generated from MonteCLoRA layer is an unbiased estimator of an output generated from the
underlying LoRA layer (therefore no additional expected loss)

* Anadded Gaussian noise to a matrix parameter 6 reduces Lipschitz bound (largest eigenvalue) of the
Hessian matrix (square of gradient matrix) — which reduces sensitivity to learning rates

* MonteCLoRA update is equivalent to adding a Gaussian noise to each LoRA parameter

~
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Re-parameterization Methods - Results

Method Metric MRPC CoLA RTE WiC BoolQ SST2 QNLI QQP MNLI Average

Full FT 89.2 84.0 765 704 804 94.6 922 88.4  85.6 84.6
LoRA Accuracy 1 89.9  85.1 80.1 675 80.0 931  89.1  87.0 83.0 83.9
AdaLoRA 88.7 8.5 81.2 677  80.6 924  89.7  86.6 84.2 84.0
MonteCLoRA 91.2 849 81.2 713 799 924  89.8 857 83.5 84.4
~FalFT 0.34  0.40 060 068 051 026 028 028 039 0.42
LoRA NLL | 032 040 054 062 049 020 027 0.3l 0.44 0.40
AdaLoRA 042 054 0.62  0.83 0.55 021 028  0.30 0.42 0.46
MonteCLoRA 0.31 041 0.46 0.60 0.50 021  0.26  0.32 0.44 0.39

/

MonteCLoRA > AdaLoRA > LoRA with RoBERTa-base on GLUE tasks.
In terms of accuracy, full fine-tuning does better than most other reparameterization-based PEFT
methods, at the expense of higher training compute.
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Re-parameterization Methods — Results (Llama)

Method PiQA (T) Social(T) WinoGrande(T) ARC-e(T) ARC-¢(T) OpenbookQA(T) Average(T)

Adapter 73.0 68.3 64.0 72.4 57.1 67.4 67.0

LoRA 7T 71.5 67.7 79.2 62.8 75.2 72.3

DoRA 72.6 69.7 64.9 78.0 58.8 73.4 69.6

MonteCLoRA 78.0 71.0 65.8 79.9 62.9 76.0 72.3

PEFT SM (max)T FE (max)T SM (ext. robust.)T FE (ext. robust.)? / \
ToRA 0.70 0.71 0.65 0.65 * MonteCLoRA performs

DoRﬁ 0.75 0.75 0.67 0.67 significantly better with LLMs
LoRA+ 0.76 0.76 0.71 0.71 .

A3 0.76 0.77 0.74 0.75 (here LLaMA series models)
Prompt Tuning 0.71 0.71 0.68 0.68 than LoRA and DoRA.
MonteCLoRA 0.78 0.78 0.75 0.76 « Commonsense reasoning,
PEFT pass@2 (max)T pass@4 (max)T pass@2 (ext. robust.)ﬂ‘ pass@4 (ext. robust.)? GSM8k (math reasoning) and
LoRA 0.52 0.58 0.50 0.55 .
DoRA 0.55 0.60 0.51 0.54 HumankEval (code generation)
LoRA+ 0.56 0.60 0.53 0.58

A3 056 063 0.56 0.62 tasks were evaluated

Prompt Tuning 0.45 0.54 0.45 0.54
MonteCLoRA 0.58 0.65 0.55 0.61
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Summary

-

PEFT Landscape:

Additive: Adapters, Prompt-tuning, Prefix-tuning
Selective: BitFit, FISH Mask, PaFl, ID3
Re-parameterization: LoRA, AdaLoRA, DoRA, MonteCLoRA, QLoRA

o
s

\_

Key Takeaways:

PEFT enables efficient, modular fine-tuning for LLMs

Different methods offer trade-offs in parameter count, complexity, and performance

Choosing the right PEFT method depends on task requirements, compute budget, and deployment
constraints

AN
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