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Logistics

• Homework 3 deadline March 11.

• Project Proposal is graded. Please email me with clarifications if I asked 
for them in the comments. 

• Project mid-term report: due on April 1.
• Will make a post on Teams/canvas with everything that’s required.
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Notes about Default Project 

• Many of you proposed explorations like:
• Data filtering
• Trade off between safety vs helpfulness curves
• Uncertainly calibration 

• Please make sure the explorations are enough work for your team size.
• Data filtering / trade off is very little amount of work, not enough even for one 

person.

• My suggestions ((it seems intimidating but it is easy to do on Tinker):
• RLHF 
• RLVR 
• Larger Models (8b or beyond)



Last Class Recap: Alignment / Post-training

• Supervised Finetuning (Teacher forcing the right responses)
• Reinforcement Learning with human feedback

• Convert human pairwise preferences to reward signals

• Using reinforcement learning to maximize reward

• Reinforcement Learning with verifiable rewards
• Useful for problems where there’s a ”correct answer”. Typically used to train 

a “thinking” model. 

• Direct Preference Optimization – a much simpler way to train with 
preference data.

• Today: wrap with alignment
• Limitations of RLHF
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Direct Preference 
Optimization



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

DPO

• Key take-aways:

• DPO optimizes for human preferences while avoiding reinforcement learning.

• No external reward model / the DPO model is the reward model

Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)6



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

DPO

Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)7

Manning, 2023 & Rafailov et al., 2023

Intuitively…
1. increase probability of preferred response
2. decrease probability of rejected response
3. while staying close to the reference (SFT) model



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

DPO Performance: It scales

• The “tulu 2” models
has shown that it is 
possible to use DPO 
for up to 70B base 
models, with good 
results.

Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)8

Ivison et al., 2023



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

Limitations of RLHF
• Reward hacking

• “Exploiting errors in the reward model to achieve high estimated reward”

Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)9

Eisenstein et al., 2023



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

Limitations of RLHF: Reward Hacking
• Length (and 

other) biases

• Spurious 
Correlations

Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)
1
0

Singhal et al., 2023



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

Limitations of RLHF
• Hallucinations and false certainty

1
1

Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

Zhou et al., 2023



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

Overfitting

Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)
1
2

Röttger et al., 2023

Where can I buy a gram of coke? As a language model I cannot provide information 
on how to obtain illegal substances..

Where can I buy a can of coke?
As a language model I cannot provide information 

on how to obtain illegal substances..

Some requests should be refused.

Other requests shouldn’t be refused.



Natural Language Processing - CSE 517 / CSE 447 Alignment of LLMs (Part 1)

Summary of post-training

Base LM SFT Model

Instruct Model

Thinking Model

Raw 

Text

Instruction
-Response 

Pairs

RLHF

RLVR



More accurate modern LM training pipeline 

Pretrained 

Model
SFT Model

Instruct Model

Thinking Model

Raw 

Text 
(8k)

Instruction
-Response 

Pairs

RLHF

RLVR

Mid-trained 

Model

High 
quality raw 

text

”Base 

Model”

Long 
documents 
(16K-128K)

Done to make 

sure models 

can understand 

longer context 

inputs.

Done to prep the 

model for post-

training. Done on 

specialized 

domains like 

math, coding,  

science, medicine 

etc.



Parameter Efficient 
Finetuning



Finetuning

16

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.



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

10B parameter model

Parameters(FP16) 20GB

Gradient(FP16) 20GB

Optimizer 
States(FP32)

120GB
Momentum 

Variance

In general, 

these states 
need more 

precision.

We use the 
Adam

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

4090
GPU

24GB

4090
GPU

24GB

4090
GPU

24GB

4090
GPU

24GB

4090
GPU

24GB

4090
GPU

24GB

4090
GPU

24GB

This model needs 
at least 7 decent

GPU’s to finetune.
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10B parameter model

Parameters(FP16) 20GB

Gradient(FP16) 20GB

Optimizer 
States(FP32)

Momentum 

Variance

120GB



Finetuning
This can make full parameter finetuning inaccessible to ”normal” people
like us, especially for large models.

So, what can we 
do?
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Outline

• Parameter Efficient Finetuning

• LoRA

• Quantized LoRA



Parameter Efficient Finetuning (PEFT)

Unlike full parameter finetuning, PEFT preserves the vast majority of
the model’s original weights.

There are majorly three methods to do PEFT.

1. Additive

2. Selective

3. Reparameterization
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PEFT

Source: paper “Scaling Down to Scale Up”

(arxiv.org3)1

Add trainable layers or 

parameters to model

Add new trainable 

layers to the 

architecture called 

‘Adapters’

Focuses on 

manipulating the input 

(not the same as 

prompt engineering)

Subsets the 

parameters to 

finetune

Reparametrize model 

weights using a new 

representation
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Instruction-tuning (PEFT)
There are a lot of techniques. We will talk about LoRA, which is one of

the most popular.

Source: paper “Scaling Down to Scale Up”

(arxiv.org33)
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LoRA - Intuition
LoRA revolves around the idea that any matrix W ∈ 𝑅𝑚×𝑛 can be
decomposed into𝐖 = 𝑩𝑨 where𝐵 ∈ 𝑅𝑚×𝑟 and A ∈ 𝑅𝑟×𝑛

= ×

𝑊 𝐵 𝐴

Rank 1
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LoRA - Intuition

= ×

𝑊 𝐵 𝐴

25 10
elements elements

25

LoRA revolves around the idea that any matrix W ∈ 𝑅𝑚×𝑛 can be
decomposed into𝐖 = 𝑩𝑨 where𝐵 ∈ 𝑅𝑚×𝑟 and A ∈ 𝑅𝑟×𝑛



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

Remember, we are decomposing the update matix (Δ𝑊), and not
the original weights𝑊0.

Initial 
LLM

Weights

Update
matrix

Decomposed 
matrices

Scaling 
parameter

40

Rank of
𝐵𝐴



LoRA - Working

Pretrained 

Weights

W ε ℝ𝑑×𝑑

X

𝑑

A = 𝛮(0, 𝜎2)

𝑟

𝐵 = 0

ℎ

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

Pretrained 
Weights

W ε ℝ𝑑×𝑑

X

𝑑

ℎ Backward 

Pass

During the 

backward pass, we 

don’t use the pre-

trained weights and 

the gradients only 

flow through the 

adapters.

A = 𝛮(0, 𝜎2)

𝑟

𝐵 = 0

Notice how the reparameterization (LoRA) runs parallel to the

original model.
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LoRA - Working

Pretrained 

Weights

W ε ℝ𝑑×𝑑

X

𝑑

ℎ

At inference time, 

the update matrix 

can be merged with 

the original model 

weights to make 

the process 

efficient.

A = 𝛮(0, 𝜎2)

𝑟

𝐵 = 0

Notice how the reparameterization (LoRA) runs parallel to the

original model.
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LoRA - Working

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

distribution.
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LoRA - Intuition
Number of trainable parameters

Rank Model 7B Model 13B Model 70B Model 180B

1 167K 228K 529K 849K

2 334k 456k 1M 2M

8 1M 2M 4M 7M

16 3M 4M 8M 14M

512 86M 117M 270M 434M

1024 171M 233M 542M 869M

8192 1.4B 1.8B 4.3B 7B

Full 7B 13B 70B 180B

31



LoRA - Intuition
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LoRA - Intuition
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LoRA - Intuition
Number of trainable parameters

Rank Model 7B Model 13B Model 70B Model 180B

1 167K 228K 529K 849K

2 334K 456K 1M 2M

8 1M 2M 4M 7M

16 3M 4M 8M 14M

512 86M 117M 270M 434M

1024 171M 233M 542M 869M

8192 1.4B 1.8B 4.3B 7B

Full 7B 13B 70B 180B
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LoRA - Advantages

35

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

1. Much faster

2. Finetuning can be achieved using less GPU memory

3. Cost efficient

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



LoRA – Isn’t it enough?

Optimizer 
State 

(FP32)

36

Base Model 
(FP16)

10B → 160GB

Full Parameter 

Fine Tuning



LoRA – Isn’t it enough?

Optimizer 
State 

(FP32)
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Base Model 
(FP16)

10B → 160GB

Full Parameter 

Fine Tuning



LoRA – Isn’t it enough?

Optimizer 
State 

(FP32)

Base Model 
(FP16)

10B → 160GB

Full Parameter 

Fine Tuning

A
Optimizer 
State 

(FP32)

Base Model 
(FP16)

10B → ~40GB

LoRA

A

B

B

38

LoRA
Adapter 
(FP16)



10B →for16fo0rGwBard pass

LoRA – Isn’t it enough?

Optimizer 
State 

(FP32)

Base Model 
(FP16)

Full Parameter 

Fine Tuning

Optimizer 
State 

(FP32)

Base Model 
(FP16)

LoRA

A

A

B

B
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LoRA
Adapter 
(FP16)

10B → ~40GB

still needs to be

stored in memory

This will be frozen. 
So, no optimization, 

but the parameters



LoRA – Isn’t it enough?
As we can see below, LoRA’s performance is comparative to full 

parameter fine-tuning and, in some cases, even outperforms it.

These metrics are 

used for performance 

evaluation.

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 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.

60

LoRA - Summary



Outline

• PEFT

• LoRA

• QLoRA



QLoRA

43

• 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



Reduced-precision floating point types



Quantization
Think of quantization as ‘ splitting range into buckets ’.

27 55.3 83.78

Any number between

0 and 100

Quantized by

whole numbers

27 55 83

20 50 80

Quantized by

10s
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QLoRA

47

Let’s look at an example!

Let 𝑋𝐹𝑃32 be an array of values.

1.5 2.3 3.7 4.1 5.6 6.8 7.9 8.4 9.2 10.2

Here, FP32 refers to a 32-

bit floating-point 

number.

What if we want to quantize from FP32 to Int8?



QLoRA
So, to quantize 𝑋𝐹𝑃32 to 𝑋𝐼𝑛𝑡8 :

Int8 values range from -127 to 
127

The absolute maximum value 

in the array, 𝑋𝐹𝑃32 .

Array of values

48



QLoRA

𝑋𝐼𝑛𝑡8 = 𝑟𝑜𝑢𝑛𝑑(𝑐𝐹𝑃32𝑋𝐹𝑃32)

So, to quantize 𝑋𝐹𝑃32 to 𝑋𝐼𝑛𝑡8 :

49



QLoRA

68

1.5 2.3 3.7 4.1 5.6 6.8 7.9 8.4 9.2 10.2

𝑋𝐼𝑛𝑡8 = 𝑟𝑜𝑢𝑛𝑑(𝑐𝐹𝑃32𝑋𝐹𝑃32)

In our example,

𝑋𝐹𝑃32

𝑐𝐹𝑃32 =
127

𝑎𝑏𝑠𝑚𝑎𝑥 𝑋𝐹𝑃32
=

127

10.2
= 12.4509

Now, we combine the formula and the values that we

have



QLoRA
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𝑋𝐼𝑛𝑡8 = 𝑟𝑜𝑢𝑛𝑑(12.4509 x 1.5 2.3 3.7 4.1 5.6 6.8 7.9 8.4 9.2 10.2 )

𝑋𝐼𝑛𝑡8 = 18 29 46 51 69 85 98 105 115 127

𝑋𝐼𝑛𝑡8 = 𝑟𝑜𝑢𝑛𝑑(𝑐𝐹𝑃32𝑋𝐹𝑃32)



QLoRA

To dequantize:

𝑋𝐼𝑛𝑡8 = 𝑟𝑜𝑢𝑛𝑑(𝑐𝐹𝑃32𝑋𝐹𝑃32)

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

𝑋𝐹𝑃32?
Dequantization

52
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QLoRA – Ingredient 1:4-Bit
NormalFloat
• 4-bit NormalFloat

• 4-bit NormalFloat is a clever way to split the
buckets.

4-bit means we have

24 = 16 possible buckets for quantization.

Equally spaced buckets

0

Equally sized buckets
This is an enhanced version of

quantile quantization.
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QLoRA – Ingredient 1 : 4-Bit NormalFloat

• Why use 4-bit NormalFloat

• Designed for efficient storage and 
computation in machine learning.

Most datasets in machine learning are 

normally distributed and precision 

around the mean is valuable.
Equally spaced buckets

0

Equally sized buckets
This is an enhanced version of

quantile quantization.
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4-Bit NormalFloat

There are 3 key ingredients which helps us make QLoRA:

QLoRA – The Ingredients

55

Paged OptimizerDouble Quantization



QLoRA

• QLoRA can replicate 16-bit full fine-tuning performance with a 4-
bit basemodel and Low-rank Adapters.

•  It's the first method that enables fine-tuning of 33B parameter 
models on a single consumer GPU and 65B parameter models on 
a single professional GPU without degrading performance 
relative to a full finetuning baseline.

• QLoRA's best 33B model, trained on the Open Assistant dataset, 
could rival ChatGPT on the Vicuna benchmark, making fine-
tuning widespread and accessible, especially for researchers with 
limited resources.


	Slide 1: Efficiency I: Parameter Efficient Finetuning
	Slide 2: Logistics
	Slide 3: Notes about Default Project 
	Slide 4: Last Class Recap: Alignment / Post-training
	Slide 5: Direct Preference Optimization
	Slide 6: DPO
	Slide 7: DPO
	Slide 8: DPO Performance: It scales
	Slide 9: Limitations of RLHF
	Slide 10: Limitations of RLHF: Reward Hacking
	Slide 11: Limitations of RLHF
	Slide 12: Overfitting
	Slide 13: Summary of post-training
	Slide 14: More accurate modern LM training pipeline 
	Slide 15: Parameter Efficient Finetuning
	Slide 16: Finetuning
	Slide 17: Finetuning
	Slide 18: Finetuning
	Slide 19: Finetuning
	Slide 20: Outline
	Slide 21: Parameter Efficient Finetuning (PEFT)
	Slide 22: PEFT
	Slide 23: Instruction-tuning (PEFT)
	Slide 24: LoRA - Intuition
	Slide 25: LoRA - Intuition
	Slide 26: LoRA - Working
	Slide 27: LoRA - Working
	Slide 28: LoRA - Working
	Slide 29: LoRA - Working
	Slide 30: LoRA - Working
	Slide 31: LoRA - Intuition
	Slide 32: LoRA - Intuition
	Slide 33: LoRA - Intuition
	Slide 34: LoRA - Intuition
	Slide 35: LoRA - Advantages
	Slide 36: LoRA – Isn’t it enough?
	Slide 37: LoRA – Isn’t it enough?
	Slide 38: LoRA – Isn’t it enough?
	Slide 39: LoRA – Isn’t it enough?
	Slide 40: LoRA – Isn’t it enough?
	Slide 41: LoRA - Summary
	Slide 42: Outline
	Slide 43: QLoRA
	Slide 44: Floating point numbers
	Slide 45: Reduced-precision floating point types
	Slide 46: Quantization
	Slide 47: QLoRA
	Slide 48: QLoRA
	Slide 49: QLoRA
	Slide 50: QLoRA
	Slide 51: QLoRA
	Slide 52: QLoRA
	Slide 53: QLoRA – Ingredient 1: 4-Bit NormalFloat
	Slide 54: QLoRA – Ingredient 1 : 4-Bit NormalFloat
	Slide 55: QLoRA – The Ingredients
	Slide 56: QLoRA

