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Total Training Memory =
Model Weights
+ Activations
+ (Optimizer States + Gradients) * Number of Trainable Parameters

* estimated

Source: https://github.com/hiyouga/LLaMA-Factory#hardware-requirement

Method Bits 7B 13B 30B 70B 110B 8x7B
Full AMP | 120GB | 240GB 600GB 1200GB 2000GB 900GB
Full 16 60GB 120GB 300GB 600GB 900GB 400GB
Freeze 16 20GB 40GB 80GB 200GB 360GB 160GB
LoRA/GalLore/BAdam 16 16GB 32GB 64GB 160GB 240GB 120GB
QLoRA 8 10GB 20GB 40GB 80GB 140GB 60GB
QLoRA 4 6GB 12GB 24GB 48GB 72GB 30GB
QLoRA 2 4GB 8GB 16GB 24GB 48GB 18GB

References: [17],[22],[25],[26],[27]



https://github.com/hiyouga/LLaMA-Factory#hardware-requirement
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PEFT methods

ULMFIT
2015

Full Fine-Tuning

4= Comprehensive Learning
==  High Computational Cost

Sources: [10]



PEFT methods

ULMFiT BERT, GPT
2015 2018

Full Fine-Tuning Transfer Learning

Reduced Training Cost
== |nflexibility in Frozen Layers

Sources: [3],[4],[10]



PEFT methods

ULMFiT BERT, GPT Adapter Layers
2015 2018 2019

Full Fine-Tuning

<= Efficient Parameter Use
==  Additional Inference Overhead

Sources: [3],[4],[10],[11],[18]
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Transformer
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! i Figure 2. Architecture of the adapter module and its integration
! ! with the Transformer. Left: We add the adapter module twice
E E to each Transformer layer: after the projection following multi-
E i headed attention and after the two feed-forward layers. Right: The
i E adapter consists of a bottleneck which contains few parameters rel-

Feedforward
up-project

ative to the attention and feedforward layers in the original model.
The adapter also contains a skip-connection. During adapter tun-
ing, the green layers are trained on the downstream data, this
includes the adapter, the layer normalization parameters, and the
final classification layer (not shown in the figure).

Feedforward
down-project
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Multi-headed
attention

___________________

Sources: Houlsby, Neil, et al. "Parameter-efficient transfer learning for NLP." International conference on machine learning. PMLR, 2019.



PEFT methods

ULMFiT BERT, GPT Adapter Layers Diff Pruning
2015 2018 2019 2020

Full Fine-Tuning

<= Efficient Multi Task Deployment (mobile applications)
==  Higher memory consumption compared to traditional fine-tuning

Sources: [3],[41,[10],[11],[12],[18]



PEFT methods

Prompt Tuning

ULMFiT BERT, GPT Adapter Layers Diff Pruning Prefix Tuning
2015 2018 2019 2020 2021

Full Fine-Tuning

o=  Zero Training of Core Model
==  Performance Variability

Sources: [3],[4],[10],[11],[12],[13],[14],[18]



"Translate the English sentence '{english_sentence}' into German: {german_translation}"

"English: '{english_sentence}' | German: {german_translation}" Hard Prompt Tuning

"From English to German: '{english_sentence}' -> {german_translation}"

Sources:

Raschka, S. (2023, April 30). Understanding Parameter-Efficient LLM Finetuning: Prompt Tuning and Prefix Tuning. The Machine Learning Magazine.
https://magazine.sebastianraschka.com/p/understanding-parameter-efficient

Lester, Brian, Rami Al-Rfou, and Noah Constant. "The power of scale for parameter-efficient prompt tuning." arXiv preprint arXiv:2104.08691 (2021).
Li, Xiang Lisa, and Percy Liang. "Prefix-tuning: Optimizing continuous prompts for generation." arXiv preprint arXiv:2101.00190 (2021).



"Translate the English sentence '{english_sentence}' into German: {german_translation}"

"English: '{english_sentence}' | German: {german_translation}" Hard Prompt Tuning

"From English to German: '{english_sentence}' -> {german_translation}"

soft_prompt = torch.nn.Parameter(
torch. rand(num_tokens, embed_dim))

input_with_soft_prompt(x, soft_prompt)
x = concatenate( [soft_prompt, xI,
dim=seq_len)

Soft Prompt Tuning

train(model(input_with_soft_prompt(x)))

model(input_with_soft_prompt(x))

Sources:

Raschka, S. (2023, April 30). Understanding Parameter-Efficient LLM Finetuning: Prompt Tuning and Prefix Tuning. The Machine Learning Magazine.
https://magazine.sebastianraschka.com/p/understanding-parameter-efficient

Lester, Brian, Rami Al-Rfou, and Noah Constant. "The power of scale for parameter-efficient prompt tuning." arXiv preprint arXiv:2104.08691 (2021).
Li, Xiang Lisa, and Percy Liang. "Prefix-tuning: Optimizing continuous prompts for generation." arXiv preprint arXiv:2101.00190 (2021).



"Translate the English sentence '{english_sentence}' into German: {german_translation}"

"English: '{english_sentence}' | German: {german_translation}" Hard Prompt Tuning

"From English to German: '{english_sentence}' -> {german_translation}"

soft_prompt = torch.nn.Parameter(
torch. rand(num_tokens, embed_dim))

def input_with_soft_prompt(x, soft_prompt)
x = concatenate( [soft_prompt, xI,
dim=seq_len)

Soft Prompt Tuning

transformer_block_with_prefix(x, soft_prompt):
soft_prompt = FullyConnectedLayers(soft_prompt)

train(model(input_with_soft_prompt(x))) x = concatenate([soft_prompt, xI,
dim=seq_len)

residual = x

x = self_attention(x)

X LayerNorm(x + residual)

residual = Xx

Prefix Tuning x = FullyConnectedLayers(x)

x = LayerNorm(x + residual)
X

model(input_with_soft_prompt(x))

Sources:

Raschka, S. (2023, April 30). Understanding Parameter-Efficient LLM Finetuning: Prompt Tuning and Prefix Tuning. The Machine Learning Magazine.
https://magazine.sebastianraschka.com/p/understanding-parameter-efficient

Lester, Brian, Rami Al-Rfou, and Noah Constant. "The power of scale for parameter-efficient prompt tuning." arXiv preprint arXiv:2104.08691 (2021).
Li, Xiang Lisa, and Percy Liang. "Prefix-tuning: Optimizing continuous prompts for generation." arXiv preprint arXiv:2101.00190 (2021).
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Sources:

Raschka, S. (2023, April 30). Understanding Parameter-Efficient LLM Finetuning: Prompt Tuning and Prefix Tuning. The Machine Learning Magazine.
https://magazine.sebastianraschka.com/p/understanding-parameter-efficient

Lester, Brian, Rami Al-Rfou, and Noah Constant. "The power of scale for parameter-efficient prompt tuning." arXiv preprint arXiv:2104.08691 (2021).
Li, Xiang Lisa, and Percy Liang. "Prefix-tuning: Optimizing continuous prompts for generation." arXiv preprint arXiv:2101.00190 (2021).



PEFT methods

Prompt Tuning
Prefix Tuning

ULMFIT BERT, GPT Adapter Layers Diff Pruning BitFit
2015 2018 2019 2020 2021

Full Fine-Tuning

4= Simplicity and Efficiency
==  Limited Flexibility

Sources: [3],[41,[10],[11],[12],[13],[14],[16],[18]



PEFT methods

Prompt Tuning
Prefix Tuning

BitFit
ULMFiT BERT, GPT Adapter Layers Diff Pruning LoRA
2015 2018 2019 2020 2021

Full Fine-Tuning

4= No Additional Inference Cost
==  Complexity in Implementation

Sources: [3],[41,[10],[11],[12],[13],[141,[16],[171,[18]



LoRA

Pretrained

Weights
W = Rm Xn

B Frozen
[ Trainable

Sources: Hu, Edward J., et al. "Lora: Low-rank adaptation of large language models." arXiv preprint arXiv:2106.09685 (2021).



PEFT methods

Prompt Tuning
Prefix Tuning

BitFit
ULMFIT BERT, GPT Adapter Layers Diff Pruning LoRA LoRA’s successors
2015 2018 2019 2020 2021 2024

Full Fine-Tuning

Sources: [3],[41,[10],[11],[12],[13],[14],[16],[171,[18],[19],[20],[21]



PEFT methods

Prompt Tuning
Prefix Tuning

BitFit LoRA’s successors
ULMFIiT BERT, GPT Adapter Layers Diff Pruning LoRA REFT
2015 2018 2019 2020 2021 2024

Full Fine-Tuning

Sources: [3],[41,[10],[111,[12],[13],[14],[16],[17],[18],[23]



PEFT methOdS Dora

VERA
Prompt Tuning Agzz:;iA
Prefix Tuning
BitFit
ULMFIT BERT, GPT Adapter Layers Diff Pruning LoRA LoRA’s successors
2015 2018 2019 2020 2021 2024

Full Fine-Tuning

Sources: [3],[41,[10],[111,[12],[13],[141,[16],[171,[18],[19]1,[20],[211,[23]
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PEFT methods o

AdalLoRA
Prompt Tuning QLoRA
Prefix Tuning LoRA-XS
BitFit
ULMFIT BERT, GPT Adapter Layers Diff Pruning LoRA LoRA’s successors
2015 2018 2019 2020 2021 2024

Full Fine-Tuning

LORA-XS: LOW-RANK ADAPTATION
WITH EXTREMELY SMALL NUMBER OF PARAMETERS

Klaudia Balazy*! Mohammadreza Banaei*? Karl Aberer? Jacek Tabor!

1Jagiellonian University, 2EPFL

"Equal contribution.

Sources: [3],[4],[10],[111,[12],[13],[14],[16]1,[17],[18]1,[19],[201,[21],[23],[24]



LoRA LoRA-XS (Ours) [ Frozen

[] Trainable

Pretrained
Weights

Pretrained

Weights W e Rm XD

2
|

WeRm*n

x|

Traditional LoRA forward path for xeR":

h =xW + xAW = xW + xAB, where:

WER™ X" AWER™*" AeR™M*", BER™*" and r << min(m,n).




LoRA LoRA-XS (Ours) [ Frozen

[] Trainable

Pretrained
Weights

Pretrained

Weights W e Rm XD

2
|

WeRm*n

x|

LoRA-XS forward path:
h =xW + xAW = xW + xARB, where:
WER™ X" AWER™ X" ReR™ ", AeR™*", BER"*" and r << min(m,n).
SVD(W) = UsVT and A=U2 and B=VrT.




LoRA-XS
LoRA-XS (Ours) I Frozen

1. Fewer trainable parameters +
decoupling from the model dimension

[] Trainable

Pretrained
Weights

W eRm*n




LORA-XS

m FT @ LoRA VeRA @ LoRA-XS
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89 Smaller .
i modules, “ ]
2. Strong results on GLUE, GSM8k, MATH S Bty *
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Number of trainable parameters in millions
(logarithmic scale)
Average performance of RoBERTa-large on a subset of GLUE tasks as a function of the

number of trainable parameters (in millions) for different adaptation methods:
Full Fine-Tuning (FT), LoRA, VERA, and LoRA-XS.



LoRA-XS insights

Init. Type | SST-2 | COLA | MRPC | QNLI

random 94.72 58.53 85.78 88.80
SVD of random | 94.84 | 55.27 84.31 88.34
SVD of W 94.72 | 60.11 87.50 | 90.94

3. Theoretical derivation backed up by
eXperi mental resu Its: SVD-I n Itlallzed Performance of LoRA-XS with various initialization schemes. We present the best median
LoRA-XS modules enhance T sty S A
convergence and performance,
especially when tasks align with
pre-training objectives.



LoRA-XS insights

1. Fewer trainable parameters + decoupling 4. Top singular vectors in transformer
from the model dimension weights retain the most task-relevant
2. Strong results on GLUE, GSM8k, MATH knowledge.

and eight commonsense reasoning
benchmarks for RoBERTa-large,
LLaMA2-7B, LLaMAS3-8B, Mistral 7B and
Gemma 7B.

3. Theoretical derivation backed up by
experimental results: SVD-initialized
LoRA-XS modules enhance convergence
and performance, especially when tasks
align with pre-training objectives.



LoRA-XS insights

1. Fewer trainable parameters + decoupling 4. Top singular vectors in transformer
from the model dimension weights retain the most task-relevant

2. Strong results on GLUE, GSM8k, MATH knowledge.
and eight commonsense reasoning 5. Retaining the top singular vectors
benchmarks for RoOBERTa-large, consistently yields better performance
LLaMA2-7B, LLaMAS3-8B, Mistral 7B and for LORA-XS across various tasks.
Gemma 7B.

3. Theoretical derivation backed up by
experimental results: SVD-initialized
LoRA-XS modules enhance convergence
and performance, especially when tasks
align with pre-training objectives.



LoRA-XS insights

6. The results indicate improved performance
when top singular values Z are included
in most cases.

h=xW + xAW = xW + xXARB
SVD(W) = USVT
A=UZ and B=VrT vs A=U_and B=VrT




When to use LoRA-XS?

Extreme memory constraints (decoupling from the model dimension)

h

A e R w FT ¢ LoRA - VeRA ® LORA-XS
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When to use LoRA-XS?

Need to store a huge number of personalized models
h| |

Pretrained
Weights

WE Rmxn
—uzvT

[ Frozen N | |
[] Trainable
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