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Logistics

* Homework 3.

* Project Proposal is graded

* Project mid-term report: due on Nov 12.
* Will make a post on Canvas with everything that's required.



Last Class Recap: Benchmarking

* Current evaluations of LLMs
* Issues with benchmarking



Current evaluation of LLM
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Perplexity is highly correlated with downstream performance



Everything: HELM, open-LLM leaderboard,
and others

Holistic evaluation of language models (HELM) Huggingface open LLM leaderboard

MMMMM & Meanwinrate *

GPT-4 (0613)
GPT-4 Turbo (1106 preview) 0.834

Palmyra X V3 (72B) f Leaderboard '~
Palmyra X V2 (33B) 0783

PalLM-2 (Unicorn) 0776

Yi (34B) 0772 3 = " y

EEEEEEE

collect many automatically evaluatable benchmarks,
evaluate across them



What are common LM

 What do these
benchmarks
evaluate on?

* A huge mix of
things!

Scenario

NarrativeQA

narrative_qa

NaturalQuestions (closed-book)
natural_ga_closedbook

NaturalQuestions (open-book)
natural_ga_openbook_longans

OpenbookQA

openbookqa

MMLU (Massive Multitask Language

Understanding)
mmlu

GSMB8K (Grade School Math)

gsm

MATH
math_chain_of_thought

LegalBench

legalbench

MedQA

med_ga

WMT 2014

wmt_14

Task

short-answer question
answering

short-answer question
answering

short-answer question
answering

multiple-choice
question answering

multiple-choice
question answering

numeric answer
question answering

numeric answer
question answering

multiple-choice
question answering

multiple-choice
question answering

machine translation

datasets?

What

passages are books and movie scripts,
questions are unknown

passages from Wikipedia, questions from
search queries

passages from Wikipedia, questions from
search queries

elementary science

math, science, history, etc.

grade school math word problems

math competitions (AMC, AIME, etc.)

public legal and admininstrative documents,
manually constructed questions

US medical licensing exams

multilingual sentences

Who

annotators from
summaries

web users

web users

Amazon Mechnical
Turk workers

various online sources

contractors on Upwork
and Surge Al

problem setters

lawyers

problem setters

Europarl, news,
Common Crawl, etc.



MMLU

Massive Multitask Language
Understanding (MMLU)
[Hendrycks et al., 2021]

A benchmark for measuring LM
performance on 57 diverse knowledge
intensive tasks

Abstract Algebra
Anatomy

Astronomy

Business Ethics
Clinical Knowledge
College Biology
College Chemistry
College Comp Sci
College Mathematics
College Medicine
College Physics
Computer Security
Conceptual Physics
Econometrics
Electrical Engineering
Elementary Mathematics
Formal Logic

Global Facts

High School Biology
High School Chemistry
High School Comp Sci
High School European History

- mmm GPT-3
T I UnifiedQA
- —— Random

,,,,,,,,,,,,,,,,,,,,,,,,,
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Examples from MMLU

Astronomy

What is true for a type-Ia supernova?
A. This type occurs in binary systems.
B. This type occurs in young galaxies.
C. This type produces gamma-ray bursts.
D. This type produces high amounts of X-rays.

High School Biology

In a population of giraffes, an environmental change occurs that favors individuals that are
tallest. As a result, more of the taller individuals are able to obtain nutrients and survive to
pass along their genetic information. This is an example of

A. directional selection.

B. stabilizing selection.

C. sexual selection.

D. disruptive selection



Other capabilities: code

Nice feature of code: evaluate
vs test cases

Metric: Pass@1 (Pass @ k
means one of k outputs pass)

GPT4:~67%

def solution(lst)

S

pt

return sum(1st[i] for i in range(9,len(lst)) if i % 2 == 0 and 1st[i] % 2 == 1)
encode_cyclic(s: )3

groups = [s[(3 * i): (@ * 1 +3), (s))] for i ir ((len(s) + 2) // 3)]
groups = [(group[1:] + group[@]) if (group) == 3 else group for group in groups]
return "", (groups)

decode_cyclic(s: b

groups = [s[(3 * i):min((3 * i + 3), len(s))] for i in range((len(s) + 2) // 3)]

groups = [(group[-1] + group[:-11) if len(group) == 3 else group for group in groups]
return "".join(groups)



Other capabilities: agents

AgentBoard &
3 Success Rate ™ Progress Rate
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Environment @

Oops! There is no road in front of you.
Please choose another action.
Progress Rate i

0.25
<Z Interaction

LMs often get used for more than text —sometimes for things like actuating

agents.

Challenge: evaluation need to be done in sandbox environments
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Issues and challenges
with evaluation

See https://www.ruder.io/nlp-benchmarking/



http://www.ruder.io/nlp-benchmarking/
http://www.ruder.io/nlp-benchmarking/
http://www.ruder.io/nlp-benchmarking/

Consistency issues

Question: What is the capital of Saudi Arabia?

Rare Symbols

ce. Jeddah
§. Makkah
3. Paris

U. Riyadh v
Answer: i

Yi-34b

Llama2-70b

Llama2-70b-chat

Mistral-7b

Llama2-13b-chat

\
A T

Mistral-7b-instruct

Yi-6b

Llama2-7b-chat

X
L

Llama2-13b

Phi-2

el

Fixed Answer (B)

(

A. Jeddah

B. Riyadh «
C. Paris

D. Makkah
Answer: B

Yi-34b

Llama2-7b-chat

Llama2-70b

Yi-6b

Llama2-70b-chat

Mistral-7b

Llama2-13b

Llama2-13b-chat

Mistral-7b-instruct

Llama2-7b

— —_ \ o —7— __

Phi-2

Llama2-7b

N s—

[Alzahrani et al 2024]



Consistency issues: MMLU

 MMLU has many implementations:

MMLU MMLU MMLU

. (HELM) (Harness) (Original)
 Different prompts

llama-65b 0.637 0.488 0.636

® D iffe re nt g e n e ra t i O n S tiiuae/falcon-40b 0.571 0.527 0.558

* Most likely valid choice llama-30b 0.583 0.457 0.584
e Pro b a b i | |ty Of gen. answer EleutherAl/gpt-neox-20b 0.256 0.333 0.262
H H llama-13b 0.471 0.377 0.47

* Most likely choice

llama-7b 0.339 0.342 0.351

tiiuae/falcon-7b 0.278 0.35 0.254

Few-shot prompt S@.\‘\ &
(l‘hi ::,l \owir\g'ali ml:lh plf choice questions (,%9 60%0
with answers) about anatomy. $P© Q‘ H!ghESt probablllty
S T __ Few-shot example A |l - forthe 4 answers only
processes?? P u TR
Choices:
Pieee e B Generations Probabilities
- CThe mental nerve [ 5 C o
b / D [— The model A.The first pharyngeal arch 0
C Hi 1
Qm:la":r: T —> Language —> c il get +1 point - B.The firstand second pharyngeal arches | |
uestion: Whatsthe embryologica
origin of the hyoid bone? Model 4‘ Correct answer C.The second pharyngeal arch
oo i
ke hayogsa/arch L ! D.The second and third pharyngeal arches | [
- BThe first and second pharyngeal arches
.g!nl:s sacuniph::y':u;:alal(h Zombie| [
-D The second and third pharyngeal arches
Zulu | [0 But it actually rather e b e
Conect answer: Zygote ] wanted to generate
Zymase| | the word «Zygote» here...

Zymotic| |




Contamination and overfitting issues
- e I Xty

o L | think Phi-1.5 trained on the benchmarks. Particularly, GSM8K.
| suspect GPT-4's performance is influenced by data contamination, at

least on Codeforces. Susan Zhang € @suchenzang - Sep 12
Let's take github.com/openai/grade-s...
Of the easiest problems on Codeforces, it solved 10/10 pre-2021

problems and 0/10 recent problems If you truncate and feed this question into Phi-1.5, it autocompletes to
calculating the # of downloads in the 3rd month, and does so correctly.

This strongly points to contamination. Change the number a hit, and it answers correctly as well.

1/4
gl; Race nplementation, math -
nd Chocolate mplementation, matt g | =2t?
: 2 Actions
triangle! brute force, geometry, matt

snth was twice as many a

Interview Problem

Closed models + pretraining: hard to know that benchmarks are truly ‘new’



Overfitting issue

0.2 == MNIST =% ImageNet —<¢— SQuAD 2.0
—e— GLUE —4— SQuAD 1.1 =p—Switchboard ﬁ
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-1.0 4
2000 2005 2010 2015 2020

Reach “human-level” performance too quickly



Alleviating overfittin
Private test set Dynamic test set

* Control the number of times one can « Constantly change the inputs
see the test set

Target Label Context Train
Models with GSM8k accuracy >70% 0

Writer .

100 . [Model (GSM8k, GSM1k) % Bay
/ gpta \ =

® (Gsmak=91.1, gsmik=91.8) Y 758

gpt-d-turbo

(9smBk=89.8, gsm1k=89.5)

gemini-1.5-pro-preview-0409
(gsmBk=89.7, gsm1k=87.9)
Meta-Liama-3-70B-Instruct

o
o
® (gm3k=69.6, gsmik=67.6) Compare
o
o
.

peqpaad

Hypothesis

claude-2.1

(gsmBKk=88.7, gsm1k=89.4) Model correct @ —> Step 1: Write examples

LT Model wrong © —> Step 2: Get model feedback
(gsmBk=s3.3, gsm1k=85.3)
Meta-tiam

708 Verifi Step 3: Verify examples and make splits
(gsmBK=B1.1, gsm1k=75.9) erifier .
claldes opiean24teas | @ Disagree @Q Agree © ——> Step 4: Retrain model for next round

Smaug-2-728
(gsm8k=79.9, gsm1k=73.8)

.

@® o

gemini-pro
(gsm8k=79.2, gsm1k=78.9)
mistral-small-latest
(gsmBk=79.0, gsm1k=71.8)
claude-3-haiku-20240307
(gsmBk=78.5, gsm1k=78.5)
Phi-3-mini-dk-instruct
(gsmBKk=78.2, gsm1k=68.4)
Mixtral-8x22-v0.1
(gsm8k=77.0, gsm1k=67.7)

gpt:3.5-turbo
(gsmBk=76.0, gsm1k=75.3)
Smaug-348-v0.1
(gsm8k=75.7, gsm1k=68.8)
Meta-Liama-3-88-Instruct
(gsmak=75.2, gsm1k=69.0)
dbcinstruct

mel

math-shepherd-mistral-7b-l
(gsm8k=74.5, gsm1k=61.1)

Phi-3-mini-128k-Instruct

(gsmBk=741, gsm1k=68.3)

dbrebase

(gsm8k=72.7, gsm1k=715)

claude-3-sonnet-20240228
70 75 80 20 - 100 (gsmBk=71.9, gsm1k=74.4)

85
Accuracy on GSM8k (%)

Accuracy on GSM1k (%)
&
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Alleviating contamination: detectors

Min-k-prob

Text X
the 15th Miss | M oo
Universe Thailand = . GPT-3.5 ;
pageant was held at  —| Min-K% Prob il |—— i is pretrained on X
Roval Paraaon Hall &5 T, 4
e . . 0
- L < ‘,& N - -~
Token Prob
the the

15 | Royal
th iss 1
@ > » [“15 7 2, logp(x;|+)

x,E{the,Royal ,Miss,15}

Hall Universe
0 0075 0.15 0225 0.3 0 0.0750.150.225 0.3

(a) get token probs (b)select min K% tokens

(c) average
log-1likelihood

* Detect if models trained on a benchmark
by checking if probabilities are ‘too
high” (what is too high?). Often
heuristic.

Exchangeability test

Contamination Test

Canonical Order

Does a frog jump out of boiling water?

l

Is it possible to create mass from energy? o

l

Is there a movie with @ on rotten tomatoes? 0

!

Is the jaguar S type rear wheel drive? o

(v] high model log-probability

Shuffled Order

Does a frog jump out of boiling water?

Is it possible to create mass from energy? Q

l

Is the jaguar S type rear wheel drive? [5]

l

Is there a movie with @ on rotten tomatoes? 0

0 low model log-probability

Differences in log-probability between orderings reveal contamination.

18

* Look for specific signatures (ordering
info) that can only be learned by peeking

at datasets.



The challenges of challenges: status quo issue

* Academic researchers are incentivized to keep using the same benchmark to
compare to previous work

100

90 r
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50 r
40
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10 |

% publications
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2014
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METEOR
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1 @=zzza NIST
1 S chrF

Other

| T— Human

* 82% papers of machine translation between 2019-2020 only evaluate on BLEU

despite many metrics that correlate better with human judgement



Reduce single metric issue

» Performance is not all we care about:

* Computational efficiency

* Biases
* Taking averages for aggregation is unfair for minorized groups
« Different preferences for different people



Evaluation: Takeaways

Closed ended tasks
* Think about what you evaluate (diversity, difficulty)

Open ended tasks

* Content overlap metrics (useful for low-diversity seGngs)

» Chatbot evals — very difficult! Open problem to select the right examples / eval

Challenges

* Consistency (hard to know if we’re evaluating the right thing)

* Contamination (can we trust the numbers?)

* Biases
* In many cases, the best judge of output quality is YOU!
* Look at your model generations. Don’t just rely on numbers!



Parameter Efficient
Finetuning



Instruction-tuning

Let’s take a fine-tuning example.

Say we want to finetune a 10 billion parameter model. Let’s see how
that looks in memory.

Assuming, we’re working with FP16 (half precision), which takes
approximately 2 bytes per parameter.



Instruction-tuning

Assuming, we’re working with FP16 (half precision), which takes
approximately 2 bytes per parameter.

10B parameter model

Parameters(FP16) 20GB

20GB In general,
these states
need more

We use the Gradient(FP16)

Adam
Optimizer.

Optimizer
States(FP32)

precision.

120GB

Momentum
Variance




Instruction-tuning

Assuming, we’re working with FP16 (half precision), which takes
approximately 2 bytes per parameter.

4090

10B parameter model GPU

Parameters(FP16) 20GB
24GB 24GB 24GB 24GB

Gradient(FP16) [dYel:
4090

GPU

Optimizer
States(FP32)
120GB 24GB

Momentum
Variance




Instruction-tuning

This makes full parameter finetuning inaccessible to normal

folks like us.

So, what can we
do?

Pre-training
using
thousands of GPUS

Use
Parameter Efficient
Finetuning

uonn;ﬁrnlu'

27



Outline

e Instruction-tuning

e Full Parameter
e PEFT

e LORA
 Quantized LoRA



Instruction-tuning (PEFT)

PEFT stands for Parameter Efficient Finetuning.

Unlike full parameter finetuning, PEFT
the model’s original weights.

There are majorly three methods to do PEFT.
1. Additive

2. Selective

3. Reparameterization

the vast majority of

29



Instruction-tuning (PEFT)

Add trainable layers or Subsets the

parameters to

parameters to model :
finetune

additive selective
-
T BitFit LN Tunin
Tuning Attention Tuning
Diff-Pruning
adapters Fish-Mask LT-SFT

FAR

Add new trainable
layers to the

Reparametrize model
weights using a new

architecture called A .
representation

‘Adapters’

soft prompts

reparametrization-based

Focuses on
manipulating the input

(not the same as
prompt engineering) Source: paper “Scaling Down to Scale Up”

(arxiv.org3)1


https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647
https://arxiv.org/pdf/2303.15647

Instruction-tuning (PEFT)

There are a lot of techniqu&s. We’re interested in LoRA, which is one of
the most popular.

additive selective
BitFit LN Tuning
Attention Tuning
Diff-Pruning
adapters Fish-Mask LT-SFT

FAR

soft prompts

reparametrization-based

Source: paper “Scaling Down to Scale Up”

(arxiv.org)
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LoRA - Intuition

LoRA revolves around the idea that any matrix W € R™*" can
be decomposed into where B € R™*" and A € R™*"

_ % ,o.@

37



LoRA - Intuition

LoRA revolves around the idea that any matrix W € R™*" can
be decomposed into W = BAwhere B € R™*" and A € R™*"

i)

10

elements




LoRA - Intuition

We can even increase the rank to get better performance.

i)

10

elements




LoRA -Working

Now, we use the same concept of matrix decomposition
while finetuning an LLM.

Scaling
Update parameter Decomposed
e matrix matrices
Initial

LLM

a
Weights WO + AW = WO + ;BA

Rank of
BA

Remember, we are decomposing the update matix (AlW), and
not the original weights W,,.

40



LoRA -Working

Pretrained
Weights

W g R4*d

R « &

% I J

Notice how the reparameterization (LoRA) runs parallel to the
original model.



LoRA -Working
»

- Backward
\ Pass

| During the
backward pass, we
don’t use the pre-

/B trained weights and
/ the gradients only
flow through the
adapters.

Notice how the reparameterization (LoRA) runs parallel to the
original model.



LoRA -Working

At inference time,

the update matrix
can be merged with
the original model

weights to make
the process
efficient.

Pretrained
Weights

A = N(0,0?)
B + &

% I J

Notice how the reparameterization (LoRA) runs parallel to the
original model.



LoRA -Working

a

We initialize B using a zero matrix, and A using a normal
distribution.

42



LoRA - Intuition

Number of trainable parameters

m Model 7B Model 13B Model 70B Model 180B

167K 228K 529K 849K



LoRA - Intuition

Number of trainable parameters

m Model 7B Model 13B Model 70B Model 180B

167K 228K 529K 849K
2 334K 456K 1M 2M



LoRA - Intuition

Number of trainable parameters

m Model 7B Model 13B Model 70B Model 180B

167K 228K 529K 849K
334K 456K 1M 2M
8 1M 2M 4M 7™M



LoRA - Intuition

Number of trainable parameters

m Model 7B Model 13B Model 70B Model 180B

167K 228K 529K 849K
334K 456K 1M 2M
8 1M 2M 4M 7™M
16 3M 4M 8M 14M
512 86M 117M 270M 434M
1024 171IM 233M 542M 869M
8192 1.4B 1.8B 4.3B 7B

Full 7B 13B 70B 180B



LoRA - Advantages

Compared to full parameter finetuning, LoRA has the following
advantages:

. Much faster
. Finetuning can be achieved using less GPU memory
. Cost efficient

. Less prone to “catastrophic forgetting” since the original model
weights are kept the same.

A W N -



LoRA - Isn'titenough?

Full Parameter
Fine Tuning

Optimizer
State
(FP32)

Base Model
(FP16)

10B — 160GB




LoRA - Isn’titenough?

Full Parameter
Fine Tuning

Optimizer
State
(FP32)

Base Model [ ]
(FP16)

10B — 160GB




LoRA - Isn’titenough?

Full Parameter
Fine Tuning

Optimizer
State
Optimizer (FP32)
State
(FP32) LoRA
Adapter
(FP16)
Base Model [ ] Base Model
(FP16) (FP16)

10B —» 160GB

LoRA
o
B

10B — ~40GB




LoRA - Isn’titenough?

Full Parameter
Fine Tuning

Optimizer
State
Optimizer (FP32)
State
(FP32) LoRA
Adapter
(FP16)
Base Model . ;’his willtpe froign. Base Model
(FP16) 0, no optimization, (FP16)

but the parameters
still needs to be
stored in memory

LoRA
o0
2 &9

10B — ~40GB



LoRA - Isn’titenough?

As we can see below, LoRA’s performance is comparative to full
parameter fine-tuning and, in some cases, even outperforms it.

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 71.0 247
GPT-2 M (Adapter™)* 0.37M 66.3 8.41 45.0 69.8 2.40
GPT-2 M (Adapter]“)* 11.09M 68.9 8.71 46.1 71.3 247
GPT-2 M (Adapter™) 11.09M | 67316 850Lg; 4601, 707+,  2.44Lq
GPT-2 M (FTTOPz)* 25.19M 68.1 8.59 46.0 70.8 241
GPT-2 M (PreLayer)* 0.35M 69.7 8.81 46.1 71.4 2.49 1
GPT-2 M (LoRA) 035M | 7044, 885.0 468., 718.; 2530 These metrics are
GPT-2 L (FT)* 77403M | 685 878 460 69.9 245 used for performance
GPT-2 L (Adapter") 0.88M | 69.1.; 868,53 4631 714, 249, 4 -| n
GPT-2 L (Adapter") 2300M | 6893 870i0 461y, 713., 245, evaluation.
GPT-2 L (PreLayer)* 0.77TM 70.3 8.85 46.2 71.7 247
GPT-2 L (LoRA) 077M | 704, ,; 889, 468, 7202 24702
Table 3: GPT-2 medium (M) and large (L) with different adaptation methods on the E2E NLG
Challenge. For all metrics, higher is better. LoRA outperforms several baselines with comparable
or fewer trainable parameters. Confidence intervals are shown for experiments we ran. * indicates
numbers published in prior works.

LoRA Without Regret - Thinking Machines Lab



https://thinkingmachines.ai/blog/lora/
https://thinkingmachines.ai/blog/lora/
https://thinkingmachines.ai/blog/lora/
https://thinkingmachines.ai/blog/lora/

LORA-Summary

LoRA reduces the trainable parameters and memory
requirements while maintaining good performance.

LoRA adds pairs of rank decomposition weight matrices (called
update matrices) to each layer of the LLM.

Only the update matrices, which have significantly fewer
parameters than the original model weights, are trained.
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Outline

Training Cycle - LLM
Instruction-tuning

e Full Parameter
e PEFT

« LoRA
QLoRA



QLoRA

 QLoRA is the extended version of LORA which works mainly by
quantizing the precision of the network parameters.

« Before we dive into what QLoRA is, let’s look at what quantization
is.

Think of quantization as ‘splitting range into buckets ’.



Floating point numbers

Floating point number is stored as (-1)s M 2E
- Sign bit s
- Fractional part M = frac

- Exponential part E = exp - bias

s |exp frac




Reduced-precision floating point types

float16 (fp16)
sign exponent (5 bit) fraction (10 bit)
| | | |
0 0 1 1 0 0 0 1 0 0 0 0 0 0 0
15 14 10 9
bfloat16
sign exponent (8 bit) fraction (7 bit)
[ | I
0 0 1 1 1 1 1 0 0 0 1 0 0 0 0

15 14 7 6



Quantization

Think of quantization as ‘splitting range into buckets ’.

Any number between | !
0 and 100

1
27 55.3 83.78

Quantized by
whole numbers

Quantized by
10s




QLoRA

Let’s look at an example!

Here, FP32 refers toa 32-

bit floating-point
number.

Let XF732 be an array of values.

n

What if we want to quantize from FP32 to Int8?



QLoRA

So, to quantize X732 to X/nt8 :

Int8 values range from -127 to

127

|

127
xnt8 — round ( xrp32 Array of values

absmax(XFP32)

The absolute maximum value
in the array, XFP32




QLoRA

So, to quantize X732 to X/nt8 .

127
yints _ d Y FP32
POURA\ absmax (XFP32)

|

XInt8 = round(cFP32XFP32)



QLoRA

XInt8 — 'round(cFP32XFP32)

In our example,

FP32 127 127
C = = — =12.4509
absmax(XFP32) 10.2

Now, we combine the formula and the values that we
have

68



QLoRA

XInt8 — round(CFPBZ)(FPBZ)



QLoRA

XInt8 — TOU?’ld(CFP32XFP32)

What if we want to dequantize and get back the original array,
XFPBZ? '

Dequantization

To dequantize: error

FP32 X
X o cFP32




QLoRA - Ingredient 1:4-Bit

NormalFloat
* 4-bit NormalFloat

* 4-bit NormalFloatis a clever way to split the
buckets. |

4-bit means we have .

2% = 16 possible buckets for quantization. Illll'lllllllll'

Equally spaced buckets

| R

Equally sized buckets

This is an enhanced version of
quantile quantization.



QLoRA - Ingredient 1:4-Bit

NormalFloat
* Why use 4-bit NormalFloat

* Designed for efficient storage and
computationin machine learning. l

Most datasets in machine learning are .
normally distributed and precision Illlllllllllllll
around the mean is valuable.

Equally spaced buckets

Equally sized buckets

This is an enhanced version of
quantile quantization.



QLoRA - Ingredient 2: Double
Quantization

Remember this formula?
memory

%

XInt8 — Tound(CFPBZXFPBZ)




QLoRA - Ingredient 2: Double
Quantization

Now, if we think about this in terms of neural networks....

Let’s take a 5x5 matrix to be the weights in a neural
network:

Weight Tensor

=

C



QLoRA - Ingredient 2: Double
Quantization

Now, if we think about this in terms of neural networks....

Weight Tensor Rescaled Weight Tensor

0.7 |-03| 00 | -04] 03 4| 20 |22 16

10| 02|07 | 1.7 | -09 i :
Rescale all parameters | 0 [ 1© | 40 [ 99 | -7

01 |-15|-01| 08|05 | 5 | 88| -9 | 48 | 27

using c
12 | 1.7 ]-09 | 03] 07 72 | 100 | -50 | -18 | 40
0.4 | 04 | 14| 22 | -1.1 22 | 8 | 81 | 127 | 66

If we bring back the formula: ~ round (WFP32¢FP32) = pint8



QLoRA - Ingredient 2: Double

We quantize to Int8 for simplicity but

when we implement QLoRA we use
4-bit Normal Float.




QLoRA - Ingredient 2: Double
Quantization

Now, if we think about this in terms of neural networks....

Weight Tensor Rescaled Weight Tensor

I I I I
-4 -2 0 -22 16

Rescale all parameters [0 | 10| 40 | 99 | -57

-5 -88 -9 48 27

using c -

72 -100  -50 | -18

22 8 -81

If we bring back the formula: ~ round (WFP32¢FP32) = Jyint8




QLoRA - Ingredient 2: Double

Quantization
Let’s see how the weight tensor%like on the graph.
|

I
ﬁ _\_ +10000
0

This is unbounded and could take up any maximum value (an outlier!).

127
absmax(WFP32)

W8 = round( WFP32)



QLoRA - Ingredient 2: Double
erésgét L%\Qtlig\[/kight tensors look like on the graph.

//’:-\\\
|
: > +10000
5 This could

introduce bias

This is unbounded and could take up any maximum valud in our
quantization

process

127
absmax(WFP32y

of

Wit = round(



QLORA |ﬂ‘f’do.ﬂt P4 ble Quantizati o -

a7 % vaw -"r.v”"t S0 % = i ¥ ""i .-.'

So, how do we avoid this problem?




QLoRA - Ingredient 2 :Double
QH@@MZ@;U@HS Block-wise Quantization, which is the first

step in Double Quantization!

Let’s look at an example to understand this concept.

We take the weight tensor that we saw in the previous slides.

Weight Tensor (IWFF32)

84



QLORA—INgredient2:Double

@ lglgt[c]eg%e ngrlx as follows:

Now we divide it up into different blocks.
We calculate the quantization constants for each block.

Weight Tensor (WFP32)

If there are any outliers in a block, they won’t
affect the quantisation in the other blocks.

85



QLoRA - Ingredient 2 :Double

Quantization s — rount——E—

absmax(CFP32)

Weight Tensor (WFP32)

| | | | |

Ci Cj Ck Ci Cm
18 74.7 84.7 74.7 57.7

:- |

We now rescale all the parameters per block.

Rescaled Weight Tensor (IW/nt8)

86



QLoRA - Ingredient 2 :Double
Quantization

We now have a new array:

cfP32 is an array of
all the constants

FP3?2 from each block of
“ Cil G| Ck| G| Cm the Weight Tensor.

Now, we repeat the same process of quantization for the
quantization constants.

127

absmax(ct

Int8

ci™® = round( Fp32

P32) €1

— Double Quantization

C{ntS — T'OUTld(C;PBZCI;PSZ)

87



QLoRA - Ingredient 2 :Double
Quantization .. _

. round(czl‘"mzc’l’mz)

Let’s see the difference in memory usage before and after
Double Quantization.



QLoRA - Ingredient 2 :Double
Qugantization

All we had was a weight matrix containing FP32 values.
In our example, we had a 5x5 matrix.

Each value was 4 bytes in size.

So, the total memory used 25x4=100 bytes
was: Weight Tensor (WFP32)

Next, let’s look at the memory usage after
Double Quantization.



QLoRA - Ingredient 2 :Double

Quantization
After

Rescaled Weight Tensor
(Wlnt8)

25x1=25 bytes.

Ci

Ck

C

Cm

So, in total:

Int8
1

5x1=5bytes.

25 +5 +4 =34 bytes

Before 25x4=100 bytes

FP32

4 bytes



QLoRA - Ingredient 2 :Double
Quantization

Before

25 +5+4 =34 bytes 25x4=100 bytes

That is an approximate 70% reduction in memory

usage!!



QLoRA-TheIngredients

There are 3 key ingredients which helps us make QLoRA:

4-Bit NormalFloat Double Quantization Paged Optimizer



QLoRA - Ingredient 3

Before we talk about the third ingredient in QLoRA, let’s talk about
a problem.

A problem which all of us have faced while training a Neural
Network

Running Out of Memory!

So, how do we train a modern Neural Networks without taking a hit
on the memory?

We use gradient checkpointing.



QLoRA - Ingredient 3

Imagine this simple neural network

()OI

Layer 1 Layer 2 Layer 3 Layer 4

When we do a forward-pass, we calculate the activations for
each layer.



QLoRA - Ingredient 3

—0-00C)

Layer 1 Layer 2 Layer 3 Layer 4

However, this takes up precious memory.

Modern-day computers have become very efficient at parallel
processing. What they lack is memory.

We don’t need to store all the hidden states.



QLoRA - Ingredient 3

We only store in memory what is needed at the moment.

We keep discarding activations that have already been used to
calculate the next dependent hidden state’s activation.

So, let’s see how it looks!

()

Layer 1 Layer 2 Layer 3 Layer 4




QLoRA - Ingredient 3

—(- OO

Layer 1 Layer 2 Layer 3 Layer 4

During backpropagation, we must recompute all the discarded
activations.

To manage this, we introduce checkpoints in the middle.



QLoRA - Ingredient 3

()=

Layer 1 Layer 2 Layer 3 Layer 4

Checkpoints are usually placed at every /n layer, considering we
have a n-layer neural network.

So, now when we re-compute the activations for backward pass,
we don’t have to start from the beginning!



QLoRA - Ingredient 3

—( @)

Layer 1 Layer 2 Layer 3 Layer 4

This allows us to mitigate the OOM (Out of memory) error to some
extent, but it doesn’t get rid of it!

We still see some memory spikes especially when we pass in long
sequences in the batch.



O A ngred.ent 3

.

L T L e gl

This is where our thirdingredient comes



Q
O

 ORA - Ingredient 3 :Paged

otimizer

Paging is a memory

Paged Optimizer - Looping in your CPU management technique, where

RAM is divided into fixed-size
blocks called ‘pages’

It does automatic page-to-page transfers between CPU and GPU

Avoids the gradient checkpointing memory spikes that occur when
processing a mini batch with a long sequence length.

————— e —— — ————— e —— —

GPU Memory has I,’ GPU \I I,’ CPU \I Now that the GPU has
space now. | | | | space, when a page
i D D D i i D D i moved to CPU is required,
| ! | | we move it back to GPU
I D D D } I } for computation.

104



QLoRA-TheIngredients

We saw the 3 key ingredients needed to make QLoRA:

4-Bit NormalFloat Double Quantization Paged Optimizer

Let’s bring it all
together

105



QLoRA - Puttingitalltogether

Full Parameter
Fine Tuning

Optimizer
State
.. (FP32)

Optimizer

State

(FP32) LoRA
Adapter
(FP16)

Base Model [ ] Base Model

FP16
10B => 160GB

LoRA
80
& @

FP16

10B => ~40GB




QLoRA - Puttingitalltogether

Before we talk about the 3
ingredients, there is another key
difference that we should know.

In QLoRA we use BF16 Pretrained
(BrainFloat16) as compared to BF16 Weights
FP16 in LoRA. W & RA*d

This leads to a change in
precision which is tailor-made for
deep learning tasks.




QLOoRA - Puttlngltalltogether
, » —

Ingredient 1:

4-Bit NormalFloat

. BF16
BF16 Pretrained
We store W, as 4-Bit NormalFloat Weights
dxd
s BF16

Ingredient 2:

Double Quantization

To convert and store, we make use of
Double Quantization!



QLoRA - Puttingitalltogether

Forward Pass

During the forward pass, we first - , BF16
dequantize the W weights from NF4  BF16 \r;;a‘r:‘tid
to BF16 for computation. S

BF16

NF4 W £ RA*d ! )
A = N(0, 02)
We then use the BF16 values of W, A

and B to perform the required ‘ d ‘

calculations. , i .
X

The BF16 values of W is then deleted
to save on storage!



QLoRA - Puttingitalltogether

Backward Pass

As in LoRA, we keep W weights
frozen and allow the gradients to
only flow through the adapters.

We then repeat the cycle of forward
and backward passes till a minima
is reached.




QLoRA - Puttingitalltogether

Ingredient 3:

Paged
Optimizer

Optimizer
State (FP32)

LoRA Adapter
(BF16)

Base Model

PROTOPAPAS

QLoRA

ol

4bit NormalFloat

10B => ~12GB

—

Pages are moved to the CPU
from the GPU when it does not

have space and moved back to
GPU for when it’s required and
there is space.

11



QLoRA - Puttingitalltogether

Putting it mathematically,

Scaling

Let’s start with LoRA: LM parameter
Weights Decomposed
matrices

Weights of LoRA: Wq + - BA

Rank of B
and A

a
Forward pass in LoRA: Y = XW, + —XBA
r

Initial




QLoRA - Puttingitalltogether

a
Y = XWO + ; XBA
Let’s expand the formula and see how it looks!

, a
yBF16 = XBFl6doubleDequant (cfmz, c’zf‘b”f, WON”) 4 _ XBF16gBF16 4BF16
r

where doubleDequant (cfmz, cé‘_b“, WNF4) = dequant(dequant(climz, cg_bit) W4bit)
(0] ) (0]

— WBF16
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YOU
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