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Disclaimer

Machine learning systems is a broad and rapidly evolving field. 
The course material has been developed using a broad 
spectrum of resources, including research papers, lecture slides, 
blogposts, research talks, tutorial videos, and other materials 
shared by the research community.



LLM Finetuning: Outline

• Instruction Fine-Tuning
• Instruction Data Construction

• Parameter Efficient Fine-Tuning

• RLHF: Reinforcement Learning from Human Feedback
• RLHF Basics

• RLHF Workflow



Fine-Tuning Preliminary

• Why Fine-Tuning?
Domain Knowledge Insufficiency and “Hallucination”
Due to a lack of vertical-industry professional knowledge, models can easily 
generate plausible-sounding but factually incorrect false information (“AI 
hallucinations”) in fields such as healthcare and finance, potentially leading to 
serious consequences.

“Mismatch” in Format and Style
Models struggle to strictly follow enterprise-specified output formats, and they 
cannot accurately reproduce the communication style and writing tone unique to a 
brand, greatly increasing manual proofreading costs.

Limited Ability to Execute Complex Instructions
When faced with multi-step tasks that involve complex context, general-purpose 
models are prone to logical deviations, causing the output results to diverge from 
users’ true expectations.

—— Core Value of Fine-Tuning: Let a general LLM involve from a “Wikipedia” into a domain expert



Fine-Tuning Preliminary

• Instruction Fine-Tuning
• Supervised learning mode to train LLM with high-quality data

• Difference between instruction tuning and standard supervised fine-tuning 
lies in the data that the model is trained on

• Instruction Data Generation
• Using existing NLP datasets

• Using dialogues and API queries

• Using synthetic data



Fine-Tuning Preliminary

• Instruction Fine-Tuning
• Supervised learning to train LLM with high-quality data

• Format: Instruction-Input-Output

• Instruction tuning vs standard supervised fine-tuning
• Supervised fine-tuning trains models on input examples and their corresponding outputs

• Instruction tuning augments input-output examples with instructions, which enables instruction-
tuned models to generalize more easily to new tasks

• Instruction Data Generation
• Using existing NLP datasets
• Using dialogues and API queries

• Using synthetic data



Instruction Fine-Tuning

• Data generation using NLP datasets (CN-EN translation)
• Input: “⼤语⾔模型已经成为机器学习的⼀个重要研究⽅向”

• Output: “Large language models have become one important research 
direction for machine learning”

• Instruction on task description: “请把这个中⽂句⼦翻译成英⽂”

• Input: “What is the capital of China?”

• Answer: “Beijing”

• Instruction: “Please answer this question:”

Source: Book《⼤语⾔模型》



Instruction Fine-Tuning

• Data generation using dialogues and API queries
• Round 1 input: “激活函数有什么作⽤？”

• Round 1 output: “激活函数是神经⽹络中的⼀种⾮线性函数，通常应⽤于神经元
的输出上。它的作⽤是为神经⽹络引⼊⾮线性特性，使得神经⽹络可以更好地逼
近复杂的⾮线性函数。⋯⋯”

• Round 2 input: “什么是复杂的⾮线性关系？”

• Round 2 output: “复杂的⾮线性关系指的是输⼊与输出之间存在着⾮常复杂的⾮
线性映射关系，⽆法⽤简单的线性函数来描述。⋯⋯”

• Instruction: 请解释⼀个机器学习或深度学习相关的概念、作⽤或技术原理。

Source: Book《⼤语⾔模型》



Instruction Fine-Tuning

• Data generation synthetic data
• Human seed task preparation: a small, high-quality set of human-written Seed Tasks 

(usually 100 to 1,000 tasks)
• Instruction: e.g., "Write a professional email negotiating a salary increase." 

• Input (Optional): Contextual data if needed

• Output: A high-quality target response

• Task Expansion (Instruction Generation): 
• Loading a subset of seed tasks (e.g., 3 to 5 random examples) into a prompt context 

• Asking LLM to generate new, diverse instructions that are completely different from the seeds 
but follow the same high-quality format

• Input & Output Generation: checking if an instruction requires a context input

• De-duplication (Maintaining Diversity), Post-Processing & Quality Filtering

Source: Book《⼤语⾔模型》



Instruction Fine-Tuning

• Parameter Efficient Fine-Tuning
• Adaptor Tuning

• Prefix Tuning

• Low-rank Adaptation



Instruction Fine-Tuning

• Adaptor Tuning
• Introducing small-scale neural network modules (adaptors)

• Original pretrained model frozen

Inserting adaptors 
right after multi-head 
attention and feed-
forward network

ℎ = ℎ + 𝜎(ℎ & 𝑊!) & 𝑊"

𝑊! ∈ ℝ#×%

𝑊" ∈ ℝ%×#
Low computational 
and storage overhead



Instruction Fine-Tuning

• Adaptor Tuning
• Comparable performance with full fine-tuning

• Even better performance than fine-tuning
• Adapter- based tuning better mitigates forgetting

    issues than fine-tuning since it yields representations 

    with less deviation from those generated by the 

 initial pretrained model

Source: On the Effectiveness of Adapter-based Tuning for Pretrained Language Model Adaptation, 2021
Source: Parameter-Efficient Transfer Learning for NLP, 2019



Instruction Fine-Tuning

• Prefix Tuning
• Prepend a sequence of “virtual token” vectors to each transformer layer 

as prefix keys and prefix values 

• Pretrained model is frozen, while virtual prefix parameters are trainable

Prefix parameters 
that need to be 
trained (in RED)



Instruction Fine-Tuning

• Prefix Tuning
• Sequence lengths of key and value increased: remembering linear projections

Prefix on Key and Value, with length 10~100

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑋𝑊& , 𝑃'⨁𝑋𝑊' , 𝑃(⨁𝑋𝑊()



Instruction Fine-Tuning

• Prefix Tuning
• An example on “hate speech classification”

• An input “x” from weibo and an output sequence “y”, e.g. {Hate, Non-Hate}

• Combining “x” and “y” as z=[x; y] to create a conditional generation

• Prepending virtual token vector “u” to “z” so to obtain [u; x; y]

• Feeding this unified sequence into the transformer model in an autoregressive manner, 
computing cross-entropy loss on the output “y”

• Backward propagation to update prefix vectors (pretrained model frozen)

• Reparameterization
• Directly training prefix vectors is usually unstable

• Replacing the prefix matrix as a project of a small matrix E, 𝑢 = 𝑀𝐿𝑃(𝐸)



Instruction Fine-Tuning

• Low-rank Adaptation (LoRA)
• Key idea: the pretrained model is over-parameterized for a specific application

so that the parameter update matrix usually has a low rank

ℎ = 𝑊) & 𝑥 + 𝐴 & 𝐵 & 𝑥



Instruction Fine-Tuning

• How Low-rank Adaptation is integrated into pretrained model?
• Applicable to any linear operations (designated by target_modules in peft)

• Adaptive optimization: different ranks on deep and shallow layers, and matrices

Minimal LoRA (only on 𝑊&	𝑎𝑛𝑑	𝑊() Full LoRA



Instruction Fine-Tuning

• LoRA memory estimation
• Number of parameters:

• Parameters, gradients and optimizer states in Bytes

• An example
• LLaMA 7B with 32 layers, hidden dimension 4096 and LoRA rank 8

• 𝑃*+%, = 8,388,608; LoRA fine-tuning memory: 14 GB; Full fine-tuning 108 GB

• LoRA’s rank 𝑟
• 𝑟 affects LoRA convergence, performance, and efficiency

#𝑙𝑎𝑦𝑒𝑟𝑠	×	6	×	𝑟	×	2𝑑

(2𝑃 + 2𝑃!"#$) + (2𝑃!"#$) + (12𝑃!"#$)



Instruction Fine-Tuning

• LoHA: Low-rank adaption with Hadamard product
• LoRA’s expressivity constrained by its rank

• Using Hadamard product to increase the rank without increasing # of parameters
• 𝑟𝑎𝑛𝑘(𝑋⨀𝑌) ≤ 𝑟𝑎𝑛𝑘(𝑋) 2 𝑟𝑎𝑛𝑘(𝑌)

LoRA matrix: rank 
no more than r 

LoRA matrix: rank 
no more than 𝑟-



Instruction Fine-Tuning

• LoKr: Low-rank adaption with Kronecker product
• Using Hadamard product to increase the rank of the model parameter increment

∆𝑊 = 𝐶⨂(𝐵 & 𝐴)

𝑟𝑎𝑛𝑘 𝐶⨂𝐷 = 𝑟𝑎𝑛𝑘(𝐶) & 𝑟𝑎𝑛𝑘(𝐷)

𝐶 ∈ ℝ.!×."; 𝐵 ∈ ℝ/!×0; 𝐴 ∈ ℝ0×/"

𝑟𝑎𝑛𝑘 𝐶⨂(𝐵 & 𝐴) = 𝑟𝑎𝑛𝑘 𝐶 & 𝑟𝑎𝑛𝑘 𝐵 & 𝐴
                                   ≤ min 𝑎1, 𝑎- & 𝑟

#	𝑜𝑓	𝑡𝑟𝑎𝑖𝑛𝑎𝑏𝑙𝑒	𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠:	𝑏1𝑟 + 𝑏-𝑟 + 𝑎1𝑎-

LoKr is more difficult to be implemented than LoHA



Instruction Fine-Tuning

• QLoRA: Quantized LoRA
• Base model parameter quantized in 4bits (NormalFloat, NF4)

• Quantization and Dequantization



Instruction Fine-Tuning

• Other LoRA variants
• LoRA+: Adaptors A and B choose different learning rates, making training faster

• LoRA-FA: Fixing A after its initialization, and training B only

• LoRA-drop: Finding which layers need to be fine-tuned

• DoRA: Decomposing each column of the

   model into a magnitude vector and a 

   directional vector. LoRA is only applied to

   the directional vectors



LLM Finetuning: Outline

• Instruction Fine-Tuning
• Instruction Data Construction

• Parameter Efficient Fine-Tuning

• RLHF: Reinforcement Learning from Human Feedback
• RLHF Basics

• RLHF Workflow



RLHF Basics

• Advantages of RLHF in LLM
• LLM output might be harmful, disrespect of human ethics 

• Human Alignment
• Helpfulness: LLM answers need to be useful and insightful, and could help 

accomplish tasks from users

• Honesty: LLM output needs to be true and objective

• Harmlessness: LLM output should not cause potential negative influence on 
physical health, moral and social norms



RLHF Basics

• Advantages of RLHF in LLM





RLHF Basics

• RLHF Pipeline 
• Supervised Fine-Tuning, Reward Model Training and Reinforcement Learning

Ø SFT: Teach the model to follow instructions, and 
output an instruction-following mode

Ø Reward Model: Learn human preferences and 
output a reward function that scores responses

Ø Reinforcement Learning: Optimize the model 
according to the reward and output an aligned 
policy model



RLHF Basics

• Reinforcement Learning

Actor Environment

State 𝑠Q

Action 𝑎Q

Reward 𝑟Q

𝑚𝑎𝑥 𝔼[(
QRS

T
𝛾Q𝑟Q]

Pavlov's Dog



RLHF Basics

• Reinforcement Learning from Human Feedback 
• Reward model trained on human preference data

Actor Environment

State 𝑠Q

Action 𝑎Q

Reward 𝑟Q



RLHF PPO Models
• Actor model

• Taking in a prompt and generate the response, token 
by token; parameters constantly updated so to 
generate human preferred responses

• Reference model
• The guardrail to avoid the actor model deviating from 

the original model too much

• Reward model
• The evaluator of human preferences, taking the 

complete responses generated by the Actor and 
outputs a single scalar score

• Critic model
• The value estimator that looks at the response token-

by-token and estimates the final reward based on the 
words written so far

Proximal Policy Optimization (PPO)

?



RLHF PPO Training

• Workflow at each iteration



RLHF PPO Training

• Workflow at each iteration
• Generation: Sample an input prompt X = “A dog is”; Actor model generates responses 

token-by-token, e.g. “man’s best friend.” One can obtain a complete “state-action” 
trajectory, and the conditional probabilities of tokens.

• Reward: Reference model computes KL divergence on each token’s position. Reward 
model reads “A dog is man’s best friend.” and generates a scalar score on the basis of 
human preference. 

• Advantage Estimation: Critic model estimates conditional scores, e.g. reading 
“man’s” and estimating V(s1), reading “best” and estimating V(s2), and reading 
“friends.” with V(s3). Generating advantage function, performing backpropagation and 
model update, and synchronizing Actor model as well.



RLHF PPO Training

• Model Architectures
• Actor and Reference model architectures must be the same

• Reward and Critic model can possibly be smaller than Actor model

• Critic model has a regression head, other than a language head

• Actor and critic models may or may not share the backbone

• An example
• Symmetric configurations: LLaMA-8B. All the four models are of the size 8B

• Asymmetric configurations: InstructGPT (GPT3). Actor 175B, Reference 175B, 
Reward 6B



RLHF PPO Training

• Time Breakdown
• Generation/inference (esp. rollout responses) 

consumes much more time than model training

Source: OpenRLHF: Usability-Oriented RL Training from the RLHFer's Perspective



RLHF PPO Training

• Key Bottleneck
• Heavy-tailed Rollout Length

GPU resource waste



RLHF PPO Training

• Optimization by RLHFuse
• Bubbles appear at both the inference and training stages 

Source: Optimizing RLHF Training for Large Language Models with Stage Fusion



RLHF PPO Training

• Optimization by RLHFuse
• Migrate long-tailed samples together and start inference stage early

Source: Optimizing RLHF Training for Large Language Models with Stage Fusion

Work in 
parallel 

For those tail responses

long-tailed



RLHF PPO Training

• Optimization by RLHFuse
• Fuse any two different pipeline schedules for squeeing bubbles

Source: Optimizing RLHF Training for Large Language Models with Stage Fusion



GRPO Training

• Group Relative Policy Optimization (by DeepSeek)
• Key idea: eliminate the memory-heavy Critic model by replacing it with a relative 

comparison among a group of outputs generated for the same prompt. 

Reward model can be further removed on 
coding or math questions that have accurate 
and objective answers

Policy model will general a group of answers via 
stochastic sampling (e.g. temperature coefficient), 
path divergence of autoregressive decoding and 
batch decoding



Asynchronous RL Post-Training 

Source: AReaL: A Large-Scale Asynchronous Reinforcement Learning System for Language Reasoning

Rollout using different policy models:
Impairing rollout quality and training convergence



Asynchronous RL Post-Training 

Source: StreamRL: Scalable, Heterogeneous, and Elastic RL for LLMs with Disaggregated Stream Generation

• Disaggregated and Collocated RL Frameworks

Training and 
inference are on 
different GPUs

Training and 
inference are on 
the same GPUs



Thanks!


