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Problem introduction



Development of Large Language Models (LLMs)
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Yang et al. Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond, Arvix 2023

Problems with Foundation LLMs

- General-purpose -i.e. not
task-specific
- VERY LARGE Models

pip install -g meaningcloud-python

©

§ Output

> stdout : ['Note: you may need to restart the kernel to use updated packages\n']

§ Code

import meaningcloud

#Dictionary to store API Keys

DC=
{'AS":meaningcloud.MeaningCloud('"YOUR_LICENSE_KEY'),'DV':meaningcloud.MeaningCloud('YOUR_OTHE
R_LICENSE_KEY')}

#Automatic categorization

categorization_req = {
'key': DC['DV'].user_key,
'lang": 'en',
'url’; *http://www.dcc.uchile.cl/!

}
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Domain Adaptation

Domain Adaptation is a type of transfer learning that involves training a model with
data from a source domain.

Examples:
Chat Conversation Code Generation

pip install - meaning

The “-q" flagin “pip install -q" stands for "quiet" mode. When you use this flag, it S

L] "] "
suppresses the output messages that are normally displayed in the console during the @ Glt H u h (\ﬁ -~ |
installation process. This means you won't see detailed information about the installation e = =

progress, such as downloading progress bars or status messages.

It's useful in situations where you want to perform an installation without the console being
cluttered with verbose output. This can be handy when running scripts or automated tasks

where you don't need or want to see detailed installation information.

Keep in mind that using *“-q" won't suppress error messages, so if there are any issues

during the installation process, you'll still be notified.
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Problem Statement: Fine-tuning LLMs

Base model Full Fine-tuning (Adaptation)
Parameters |

d ®y + AP
GPT4,LLaMA, | / —~_
etc. . GPT-3 with |®,| ~/|175 Billion ~ |A®|]

- Large hardware requirements
- Costly training, storage, and inference

Adapting Ojective

ly|

max Z Z log (Pg (ys|z,y<t))

(z,y)eZ t=1

Adapting to domain-specific dataset Z

Parameter-Efficient Adaptation

o + Aq)((;))

6] <[]

ly

mgx Z ZlOg(P<1>0+Aq>(@)(yt|$a?/<t))
(z,y)eZ t=1
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Background



Existing Methods & Limitations (1/2)

Methods

Prompt Engineering

Describe the instructions and examples of the task
(one-shot, few-shots learning) with words :

Continuous prompts (e.g. Li & Liang, 2021)

Instead of discrete prompts (words), use
continuous prompts (trainable special vectors)

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

Prefix
(Translation)

[ ]
' Prefix
(Summarization)
1

Prefix
(Table-to-text)

Prefix-tuning |

1
Transformer (Pretrained) |

RN R R

Limitations

Unreliable performance (“prompt engineering
is an art”)
Waste computing power processing prompts

Valuable token space must be spent on prefix
token embeddings

Increase inference time

Not so sure regarding scalability
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Existing Methods & Limitations (2/2)

Methods

Adapter-based (e.g. Houlsby et al., 2019)

Insert low-rank, trainable adapter layers between
existing layers

1
: Transformer
, Layer

\ G
\ ’
N4 I i

Adapter

2x Feed-forward
layer

Adapter

Feed-forward layer

Multi-headed
attention

& d Adapter
! Layer

[eXeXeXeXeoXol
(_I*

Feedforward
up-project

Nonlinearity

Feedforward
down-project

_I_/
[OO0OO0O0O0Q0]

Limitations

- Multi-headed attention weights was not
changed

- Make the model deeper, thus introduce
additional latency during inference

- Not able to out-perform full fine-tuning
baseline
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Method



LoRA

Why do we need it ?

« It's too expensive to fine-tune all parameters in a large model.
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LoRA

Are the fine-tuning updates full rank ?

Output (y)

Weights
by + AP

Inpult (x)

Output (y)

N~ -~

Pretrained Weights Finetuned Weights

D AP

.~

InpUt(x)

Is it full rank
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What is full rank vs low rank matrix ?

- Rank of a matrix, (r) is the number of linearly
independent columns/rows
- For a full rank matrix, r = lowest dimension of

the matrix
Lt 2vse) 1
et e R B
| DR RS 1
Georgia
https://bobbielf2.qithub.io/blog/2021/03/21/low-rank-and-rank-structured-matrices/ Tech

https://www.3blue 1brown.com/lessons/inverse-matrices


https://bobbielf2.github.io/blog/2021/03/21/low-rank-and-rank-structured-matrices/
https://www.3blue1brown.com/lessons/inverse-matrices

LoRA

Use low rank decomposition for fine tuning updates

Pretrained
Weights

h = Wox + AWX = Wyx + BAx
BER™ A e€R™, r « min(d,k)
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LoRA for Transformer

Linear - Weight matrices of linear layers in
Transformer achtictecture:
- W_ W, ,W,W
Concat Q "V K TT0
A“ﬁ
- Sealad Dot Brodct - Apply Low rank decomposition to
CaeAﬁo Nl h these matrices while fine tuning
ention - :
—tr = H= ) WQ B []100,100_ B100,3 A3,1oo

Linear Linear Linear

3*100*2 vs 1002
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Experimental Analysis



Experimental Setup

Baseline methods Baseline models
« Fine-tune ) BERT
« Bias only - RoBERTa
- GPT2

« Prefix-embedding tuning - GPTS3

= injects special tokens alongside the input tokens

« Prefix-layer tuning
= learn the Prefix-embedding after every layer.

« Adapter tuning

= inserts adapter layers between the self-attention module (and the
MLP module) and the subsequent residual connection.
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Results: ROBERTa

Model & Method |# Trainable
Parameters| MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B Avg.
RoBypase (FT)* 125.0M| 87.6 9438 90.2 63.6 928 919 78.7 912 864
RoByase (BitFit)* 0.1M| 847 93.7 92.7 62.0 91.8 84.0 81.5 90.8 85.2
ROBbase (AdptD)* 0.3M 87.1:|:.0 94.2:]:_1 88.5:h1_1 60.8;&.4 93.1;}:_1 90.25:.() 71.5:1:2_7 89.7;|:.3 84.4
Dy | O9M (87341 94.7+3 884+ 62.64+9 93.0+2 90.64+0 75942, 9034, 854
RoBpase (LORA) 0.3M[87.5+3 951+, 89.7+7 634412 93.3+3 908+, 86.6+7 91.5., 87.2
il 355.0M| 902 96.4 90.9 68.0 947 922 86.6 924 88.9
RoBiarge (LORA) 0.8M[90.6+> 96.2+5 90.9+17 68.2119 94913 91.6+1 8744125 92.6+, 89.0
RoBiarge (AdptH)t 3.0M|90.24+3 96.1+3 90247 683110 94.8:, 919, 83.84,9 92.11,7 88.4
ROBiarge (Adpt®)t 0.8M(90.51.3 96.61> 89.711, 67.8125 94.8+3 91.7+, 80.1429 91.9.4 879
ROB]mge (AdptH)"' 6.0M 89.9i.5 96.2:]:_3 88.7:&2.9 66.5:}:4_4 94.7:}:_2 92.l:|:_1 83.4:}:1_1 91.Oi1_7 87.8
i 0.8M[90.343 96315 87. 7417 663420 9474+, 91541 72.9479 91.54+5 86.4
RoBiarge (LORA)T 0.8M|90.6+2 96.2+5 90.2410 68.2+19 94.8+3 91.6+> 852411 92315 88.6
DeBxxy (FI)* | 1500.0M| 91.8 97.2 92.0 72.0 96.0 92.7 93.9 929 091.1
DeBxx. (LoRA) 47TM 919+, 969+, 92,646 724111 96.0+1 929+, 94914 93.0+, 913

Table 2: RoBERTay,s, ROBERTa ., and DeBERTaxx;. with different adaptation methods on the
GLUE benchmark. We report the overall (matched and mismatched) accuracy for MNLI, Matthew’s
correlation for CoLA, Pearson correlation for STS-B, and accuracy for other tasks. Higher is better
for all metrics. * indicates numbers published in prior works. t indicates runs configured in a setup

similar to Houlsby et al. (2019) for a fair comparison. Gr %eoigia
ech.



Results: GPT-3

Nadisi # of Trainable WikiSQL MNLI-m SAMSum
S Parameters | Accuracy (%) Accuracy (%) R1/R2/RL
GPT-3 175B (Fine-Tune) 175,255.8M 73.0 89.5 52.0/28.0/44.5
GPT-3 175B (Bias Only) 14.2M 71.3 91.0 51.3/27.4/43.5
GPT-3 175B (PrefixEmbed) 3.2M 63.1 88.6 48.3/24.2/40.5
GPT-3 175B (PrefixLayer) 20.2M 70.1 89.5 50.8/27.3/43.5
GPT-3 175B (LoRA) 4. M 73.4 91.3 52.1/28.3/44.3
GPT-3 175B (LoRA) 37. M 73.8 91.7 53.2/29.2/45.0

Table 1: Logical form validation accuracy on WikiSQL, validation accuracy on MultiNLI-matched
and Rouge-1/2/L. on SAMSum achieved by different GPT-3 adaptation methods. LoRA performs
better than prior approaches, including conventional fine-tuning. The result on WikiSQL has a
fluctuation of +0.3% and MNLI-m +0.1%.
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Ablation Study: Understanding Low-rank Update

Q17: Which weight to apply LoORA?

| # of Trainable Parameters = 18M

Weight Type W, Wi W, W, Wo,Wi W, W,[ Wy, Wk, Wy, W,
Rank 7 8§ 8 8 8 4 4 2
WikiSQL (£0.5%) | 704 700 73.0 732 71.4 737 737
MultiNLI (£0.1%) | 91.0 90.8 91.0 913  91.3 91.3 91.7
Q2: How to choose rank r for LoRA?
—
| WeightType [r=1|r=2 r=4 r=8 r=64
- W, 688 | 696 705 704 700
WikiSQL(E0:0%) W, W, 734 | 733 737 738 735
Wy, Wi, Wo, W, | 741 | 737 740 740 739
W, 90.7 | 909 91.1 907 907
MultiNLI (£0.1%) W, W, 913 | 914 913 916 914
Wy, Wi, Wy, W, | 912 | 917 917 915 914
_

*Results with GPT-3

Training at least W_q and W_v
to achieve good results
Training all attention weights
gives the best results on the
same parameter budget

Only r = 1 already enable very
good results
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Strengths and Weaknesses

Strengths

1. Innovative approach to fine-tuning with
multiple practical advantages

Save on storage of multiple fine-tune
models

- Can merge the weight during inference,
thus requiring no additional latency

- Lower hardware requirements for tuning

2. Ablation studies prove that low-rank
adaptation is effective, even withr = 1

3. A general method, can be applied to many
problems and in combinations with other
fine-tuning methods

Weaknesses

1. Lower hardware requirements, but still high:
At least GPUs that have enough RAM to load the
full base models

2. Deployment still needs same amount of
memory (say 175B), only if you are deploying
multiple models, do the savings kick in.

3. Adds decomposition rank ‘r’ as another
hyperparameter to tune.

4. Ablation missing for cases where different
weight matrices have different rank
decompositions, say 2 or Q, 6 for V.
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Further developments



Recent developments leveraging LoRA

Quantization (QLoRA) Fine-tune Diffusion model*
Dettmers et al. (2023) combine LoRA with 4-bit - 2x faster fine-tuning of the Stable Diffusion model
quantization to reduce the memory requirement and ~ compared to Dreambooth
improve computation efficientcy of fine tuning - Small model (1MB ~ 6MB vs GBs), enable sharing
without sacrlﬂcmg performance Photo-realistic images Cartoon images
LoRA QLoRA
/\: ................
D D D " n00
A I A AN (e

] Parameter Updates ==
Gradient Flow sl

16-bit Transformer 4-bit Transformer Paging Flow =

* cloneofsimo, Low-rank Adaptation for Fast Text-to-Image Diffusion Fine-tuning, https://github.com/cloneofsimo/lora 2023


https://github.com/cloneofsimo/lora
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