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Background: Open-source LLMs

Language models are becoming larger over time, so it's computationally

expensive to fine-tune these open-source LLMs
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Fig. 1. A timeline of existing large language models (having a size larger than 10B) in recent years. We mark the open-source LLMs in yellow color.



From Fine-tuning to Parameter-efficient Fine-tuning
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L y
Full Fine-tuning Parameter-efficient Fine-tuning
Update all model parameters Update a small subset of model parameters

Slide from: EMNLP 2022 Tutorial on Modular and Parameter-Efficient Fine-Tuning for NLP Models



Motivation: Why PEFT?

PEFT: Fine-tune a small amount of model parameters (instead of the entire
model) on a small dataset of downstream tasks. Other parameters are frozen.

Question: What are benefits?

o Reduce the computational and storage costs

o Mitigate catastrophic forgetting — forgetting often occur when the model changes a lot after
fine-tuning. PEFT can be regarded as a regularization on the difference between the two
checkpoints before and after PEFT.

o Easy to update models to new data and facts

o Better performance in low-data regimes

o Comparable performance to full fine-tuning



Comparison Between PEFT and Fine-tuning

Learnable parameters
Training Performance
Training Data
Training Time

Overfitting / forgetting

PEFT

A small subset
Close to fine-tuning
Small

Faster

Less prone to overfitting

Full Fine-tuning
Entire model

Closed to fine-tuning
Large

Longer training time

More prone to overfitting



Three Computation Functions
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Slide from: EMNLP 2022 Tutorial on Modular and Parameter-Efficient Fine-Tuning for NLP Models



Three Computation Functions

Let a neural network fg : X — ) be decomposed into a composition of functions:

Jo, © fo, © -+ © fo,. Each has parameters 0;,0=1,...,1

A module with parameters @ can modify the i-th subfunction as follows:
1. Function composition: le(:c) — fei O) f¢(a:) Function composition
2. Input composition: f; (33) _ f@i ([ZL’, ¢]) Concatenation

3. Parameter composition: o _ _ N
fi (:B) — fgi@(b(il?) Interpolation, e.g., element-wise addition

In practice, typically only the module parameters gb are updated while B is fixed.

Slide from: EMNLP 2022 Tutorial on Modular and Parameter-Efficient Fine-Tuning for NLP Models



Three Computation Functions

Function Composition Input Composition Parameter Composition
Example Methods Adapters, (IA)3 Prompt_;_l'lzjrﬂrg, Prefix LoRA, QLoRA, Pruning
. Additional modules in Context window of No increase in model
Impact on Model Size L )
layers model is increased size

Matches or outperforms

. . Good with large models Good
fine-tuning

=) =)
=0

Performance

= O

(

[] -_9]]

a
— 1 ) —




Function Composition:
Adapters, (IA)3




Standard Transformer Layer
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e Standard Transformer Layer: ,

Transformer
Layer

e Attention layers
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Adapter
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e Add an adapter after the /

Transformer

Layer
Adapter

2x Feed-forward
layer
]

feed-forward layer in each

Transformer layer

Layer Norm

Adapter

Feed-forward layer

—_—
—/

1
Multi-headed
attention
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___________________

Houlsby et al ICML 2019. Parameter-Efficient Transfer Learning for NLP. https://arxiv.org/pdf/1902.00751.pdf
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Adapter

e Add an adapter after the / \

1

Transformer '

Layer ° i

]
g Extra learnable parameters

feed-forward layer in each

Transformer layer « during fine-tuning

e The adapter will be fine-

tuned in PEFT, while the other

layers are frozen.

___________________

Houlsby et al ICML 2019. Parameter-Efficient Transfer Learning for NLP. https://arxiv.org/pdf/1902.00751.pdf
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e An adapter is a small MLP
e (One Feedforward layer
e Nonlinear activation
e Another Feedforward

layer

fo(z) = W5 (o(WPx))

Adapter
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Houlsby et al ICML 2019. Parameter-Efficient Transfer Learning for NLP. https://arxiv.org/pdf/1902.00751.pdf



Adapters v.s. Full-parameter tine-tuning

e |n practice, Adapters change the embeddings less than fine-tuning

Representation Space Comparison (SST-2)
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He et al. ACL 2021. On the Effectiveness of Adapter-based Tuning for Pretrained Language Model Adaptation. https://arxiv.org/abs/2106.03164
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Adapters v.s. Full-parameter fine-tuning

e (Compare data-efficiency and parameter-efficiency
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Test Performance

Adapters > FT with less data
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He et al. ACL 2021. On the Effectiveness of Adapter-based Tuning for Pretrained Language Model Adaptation. https://arxiv.ora/abs/2106.03164

Houlsby et al ICML 2019. Parameter-Efficient Transfer Learning for NLP. https://arxiv.org/pdf/1902.00751.pdf
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Adapters v.s. Full-parameter fine-tuning

e Run experiments multiple times with different hyperparameters,

and compute the accuracy and standard deviation

CoLA (1k) MNLI (1k) COLA (5k) MNLI (5k)
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Finding: Adapters are less sensitive to hyperparameters like learning rate

He et al. ACL 2021. On the Effectiveness of Adapter-based Tuning for Pretrained Language Model Adaptation. https://arxiv.org/abs/2106.03164
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e |[nstead of learning a function, even

rescaling via element-wise

multiplication can be powerful:

e Allows the model to select

softmax o

[ Nonlinearity ]

) (@

=

parameters that are more and less

important for a given task

Liu et al NeurlPS 2022. Few-shot parameter-efficient fine-tuning is better and cheaper than in-context learning. https://
arxiv.org/abs/2205.05638 18



Input Composition:
Prompt-tuning, Prefix-tuning




Motivation

Prompting with text: Prepending instructive words or demonstrations
before the actual test input

Standard prompting can be seen as finding a discrete text prompt that—
when embedded using the model’s embedding layer—yields ¢;
However, models are sensitive to the formulation of the prompt and to the
order of examples

Why not skip the words and directly learn an appropriate ¢;?

20



Prompt Tuning

e Prompt tuning only updates a small

task-specific prompt parameters for LM Head
each task, enables mixed task
inference. Language
Model
Embeddings [HNEIN MOEN DoEm Domm
Input [EMBED] [CLS] A .. master class. [MASK]

Lester et al. EMNLP 2021. The Power of Scale for Parameter-Efficient Prompt Tuning. https://arxiv.org/abs/2104.08691 21



Prompt Tuning

LM Head

e Prompt tuning only updates a small o
task-specific prompt parameters for Model\
each task, enables mixed task Embdldpg
inference.

e Fine-tuning (Model tuning): make a task- Model Tuning (;E,.EE:) i Prompt Tuning
specific copy of the entire pre-trained ey %—((p—)\ MEZ‘?{.?SK
LMs for each task, and inference must T %JM\ e
be performed in separate batches. oo g_ﬁ 20 arams e

ATE
%6
‘2@

G,
‘s S

[EMBED] [CLS] A .. master class. [MASK]

Pre-trained
Model
(11B params)

Lester et al. EMNLP 2021. The Power of Scale for Parameter-Efficient Prompt Tuning. https://arxiv.org/abs/2104.08691
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Prompt Tuning vs Model Tuning

e As model size increases (e.qg., T5- —e- Model Tuning 8- Prompt Design

Model Tuning (Multi-task)  =x= Prompt Tuning
XXL 11B model), prompt tuning of T5 +00

(green curve) matches the 90 %
performance of (full) model tuning £ ,/-/
S 80

(red/ curves) on SuperGLUE. = / i
e Prompt design: few-shot in-context g " // /

prediction by GPT-3 (blue curve) is 60 / /-/

still way worse than fine-tuning. - /

108 10° 1010 101!

Model Parameters



Prefix Tuning / Multi-Layer Prompt Tuning

Fine-tuning

e Add learnable parameters at the

Transformer (Translation)
F [ 1 1 [ 1 [ 1 [ 1 [ 1 [ 1 [ 1

Transformer (Summarization)
[ 1 [ 1 [ 1 - - - - -

beginning of the input sequence

Transformer (Table-to-text)

over all Transformer layers. D D D D D D D D D

e Use different prefix parameters

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

Prefix
(Translation)

[
Prefix
(Summarization)
E=

Prefix
(Table-to-text)

for different tasks, and keep the

Prefix-tuning

other parameters frozen

Transformer (Pretrained)

ARBREREN

Z — [PREFIX; .’E; y] 1 name Starbucks type coffee shop [SEP] Starbucks serves coffee

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

Li et al. ACL 2021. Prefix-Tuning: Optimizing Continuous Prompts for Generation. https://arxiv.org/pdf/2101.00190.pdf



Effective on NLG tasks w/ 0.1% parameters

e FEvaluate on three table-to-text generation datasets: E2E, WebNLG, and DART
e (Continuous prompts in later layers are more important

E2E WebNLG DART
BLEU NIST MET R-L CIDEr BLEU MET TER | BLEU MET TER| Mover BERT BLEURT
S U A S U A s U A
GPT-2meDIUM
FINE-TUNE 682 862 462 71.0 247 [64.2 277 465 045 030 038 033 0.76 0.53| 462 039 046 050 094 039
FT-TOP2 68.1 859 460 708 241 |53.6 18.9 36.0 038 023 031 049 099 0.72| 41.0 034 056 043 093 021
ADAPTER(3%)  68.9 871 46.1 713 247 |60.4 483 549 043 0.38 0.41 035 045 039 452 038 046 050 094 039
ADAPTER(0.1%) 663 841 450 69.8 240 |54.5 451 502 039 036 038 040 046 0.43| 424 036 048 047 094 033
PREFIX(0.1%)  69.7 8.81 46.1 714 249 629 456 55.1 044 0.38 0.41 035 049 041| 464 038 046 050 094 039
GPT-2LARGE
FINE-TUNE 68.5 878 460 69.9 245 [653 43.1 555 046 0.38 0.42 033 053 042| 470 039 046 051 094 040
Prefix 70.3 8.85 462 717 2.47 634 47.7 56.3 045 0.39 0.42 0.34 048 040 467 039 045 0.51 094  0.40
SOTA 68.6 870 453 708 237 |639 528 57.1 046 041 044 - - - | - - : : - -
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e Perform comparative to fine-tuning in low-data regimes where there are only a

few training data

32

Low-Data Setting
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Parameter Composition:
LoRA and Q-LoRA




LoRA

e Approximate the self-attention update of a
learnable weight by a low-rank matrix

AW = BA
h=Woz + AWz = Woz + BAz Pretrained
e The initial update is 0 Weights

e After training, the updates are added back to
the original checkpoint. So, the inference
cost of the updated checkpoint is the same
as the original checkpoint.

X | |

Hu et al. ICLR 2021. LoRA: Low-Rank Adaptation of Large Language Models. https://arxiv.org/pdf/2106.09685.pdf 28



L ORA works better than other PEFT

e GPT-2 Median (355M) and Large (774M) models

Model & Method # Trainable E2E NLG Challenge

Parameters | BLEU  NIST  MET ROUGE-L CIDEr
GPT-2 M (FT)* 354.92M | 68.2 8.62 46.2 71.0 2.47
GPT-2 M (Adapter™)* 037M | 66.3 8.41 45.0 69.8 2.40
GPT-2 M (Adapter™)* 11.09M | 689 8.71 46.1 71.3 2.47
GPT-2 M (Adapter™) 11.09M | 67316 85010, 46.01, 7071, 244,
GPT-2 M (FT™P2)* 25.19M | 68.1 8.59 46.0 70.8 2.41
GPT-2 M (PreLayer)* 035M | 69.7 8.81 46.1 71.4 2.49
GPT-2 M (LoRA) 035M | 70.4.; 885, 468., 71.8.; 2.53.,;
GPT-2 L (FT)* 774.03M | 68.5 8.78 46.0 69.9 245
GPT-2 L (Adapter™) 0.88M | 69.11; 8.68103 46319 7141,  2.49.,
GPT-2 L (Adapter") 23.00M | 689.3 870404 46.1y1; 7131, 245.0
GPT-2 L (PreLayer)* 0.77M | 70.3 8.85 46.2 71.7 2.47
GPT-2 L (LoRA) 0.77M | 7041, 889.9, 46.8., 72.0., 247

29



Scale to GPT-3 175 B

Key benefit is the reduction in memory and storage usage:

O

O

O

O

Do not need to store the gradients of the frozen parameters

Reduce the VRAM consumption from 1.2TB to 350GB during training
Use fewer GPUs and fewer |/O operations

But LoRA still requires forward computation and back-propagation.
So, LoRA gives a 25% speedup (not 10x) compared to full fine-tuning.

Validation Accuracy

WikiSQL

Method

LoRA

7 8 9 10
log1o # Trainable Parameters

e Fine-Tune
PrefixEmbed

* PrefixLayer

X Adapter(H)

11

0.92

0.90

0.88

0.86

0.84

MultiNLI-matched

7 8 9 10
log1o # Trainable Parameters

11
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QLoRA: Further Reduce Memory Usage

e (Convert information in a high-precision data type to a low-precision data type
e Allows training a LLM in a single consumer GPU, e.g., 33B LLAMA in a single 24GB GPU

Float 32
Sign £ Mantissa
[(TTTTTTTTTITTITITTITIIIITITIT]
1 bit t 23 bits
Float 16
Sign X Mantissa
[ [T TTTTTT]
1 bit 5 bit 10 bits
Float 8 E4M3 Float 8 ESM2
Sign  Ex Mantissa Sign Xp Mantissa
CTT] 1]
1 bit 3 bits 1 bit : 2 bits

Image source: https://huggingface.co/blog/4bit-transformers-bitsandbytes
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QLoRA

® Define a quantization method to convert a 16-bit model into a 4-bit model, using CPU before training
e Store the model weights in a special data type (4-bit NF), and compute the update using another
data type (16-bit BF)

Full Finetuning LoRA QLoRA
(No Adapters)

Optimizer /—\ ..............
State D 4_ ]

(32 bit)

(16 bit)

0 o
- 111
Pt 1
P11

"y T T T T P: ter Updaty
Model arameter Updates ==l
Gradient Flow ==

16-bit Transformer 16-bit Transformer 4-bit Transformer Paging Flow =l

Figure 1: Different finetuning methods and their memory requirements. QLORA improves over LoRA by
quantizing the transformer model to 4-bit precision and using paged optimizers to handle memory spikes.



Fine-tuning a LLM in a single GPU

e Fine-tune a 65B LLM on a 48GB GPU (e.g., A6000)
e Fine-tune a 33B LLM on a 24GB GPU (e.g., RTX 3090, RTX 4090, A5000)

Model Size Elo

GPT-4 - 1348 + 1
Guanaco65B 41 GB 1022 +1
Guanaco 33B 21 GB 992 + 1
Vicuna 13B 26 GB 974 + 1

ChatGPT - 966 + 1
Guanaco 13B 10 GB 916 =1
Bard 902 + 1

Guanaco 7B 6 GB 879 + 1




o1 All parameters *

&

Summary:
ow do these | oo
methods Y T —

% of parameters updated

&
o7

Accuracy

compare? Y 0 prompt Tuing
A LOoRA <] Prefix Tuning
gk BitFit (O Adapter
$8 Layer Norm @ FISH Mask
Compacter @ ntrinsic SAID
Compacter++

Liu et al NeurlPS 2022. Few-shot parameter-efficient fine-tuning is better and cheaper than in-context learning. https://
arxiv.org/abs/2205.05638



Aside: Extending PEFT to
Compositionality



Extending PEFT to Compositionality

Can we leverage the modular nature of PEFT methods as a means to model
compositionality?

Learning smaller and task specific modules allows us to compose them in
different ways as a “mixture of experts”

Combining known experts facilitates multi-task models and out of distribution

generalization!
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DEMIX Layers
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Gururangan et al. NAACL 2022. DEMix Layers: Disentangling Domains for Modular Language Modeling. https://arxiv.org/abs/2108.0503637
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