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Last Week: FLOPs
• Suppose we have N = 16384, D_in = 32768, D_out = 8192 
• X = [N, D_in], W = [D_in, D_out] # X --W--> loss 

• FLOPs of forward = 2 x N x D_in x D_out 
• FLOPS of backward = 4 x N x D_in x D_out  

• 2 for calculating grads of W (w.grad[j,k] = sum_i x[i,j] * h.grad[i,k]) 
• 2 for calculating grads of X (x.grad[i,j] = sum_k w[j,k] * h.grad[i,k]) 

• Total: 6 x (# data or tokens) x (# params)
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Last Week: Memory
• Linear layer [D_in x D_out] (no bias) 

• # params = D_in x D_out 
• # activations = N x D_out 
• # grads = # params 
• # optimizer states = 2 x # params (assume we use Adam family) 

• Total memory (bytes) = 4 x (4 x # params + # activations) 
• 4 for fp32 
• But in reality, we use mixed precision; more complicated
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Last Week: Transformer
• We learned 

• Tokenization (word strings to indices) 
• Embedding (indices to matrix) 
• Positional Encoding (add sequence order) 
• Attentions: 

• Multi-Head Attention 
• Masked Multi-Head Attention 

• Residual Connections (standard approach) 
• Layer Normalization (increase stability) 
• Pointwise FFN (add nonlinearities)

4

Cross-attention
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Traditional Paradigm
• Supervised training on a dedicated the dataset 

• Collect (x, y) task training pairs 
• Randomly initialize your model f(x) (e.g. vanilla Transformers) 
• Train f(x) on (x, y) pairs
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Then you get a trained Transformer ONLY for sentiment analysis
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Modern Paradigm
• Pre-training → fine-tuning 

• (1) Pre-training: train Transformer using a lot of general text using 
unsupervised (or self-supervised) learning 

• (2) Fine-tuning: Train the pre-trained Transformer for a specific task 
using supervised learning

6



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Latest Paradigm with LLMs
• Pre-training + prompting / in-context learning (no training here) 

• (1) LLM pre-training: train a large (>7~175B) Transformer using a lot of 
general text using unsupervised (or self-supervised) learning 

• (2) Prompting/in-context learning: Then directly use the pre-trained 
large Transformer (no further fine-tuning/training) for any different 
task given only a natural language description of the task or a few 
task (x, y) examples

7

Zero-shot prompting Few-shot prompting / in-context learning
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Steps of LLM Training
• Pre-training → Supervised fine-tuning (SFT) → RL-based training
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Steps of LLM Training
• Pre-training → Supervised fine-tuning (SFT) → RL-based training 
• Pre-training → Mid-training → Post-training 
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Lecture Overview
• LLM Pre-Training 

• BERT 
• T5 
• GPT 

• LLM Post-Training 
• Supervised Fine-tuning (SFT) or Instruction Tuning 
• RL-Based Training 

• Fine-Tuning and Prompting
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LLM Pre-Training
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Pre-training: Training Objectives
• We have the Transformer 
• During pre-training, we have a large text corpus (no labels; just text) 
• Question: what labels or objectives are used to train the Transformer?
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Pre-training: Training Objectives
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Pre-training: Transformer Architectures
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Pre-training: Transformer Architectures
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Encoder-Only Models: BERT
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BERT
• Bidirectional Encoder Representations from Transformers 

• A fine-tuning approach based on a bidirectional Transformer 
encoder instead of a Transformer decoder 

• The key: learn representations based on bidirectional contexts 
• Example #1: we went to the river bank 
• Example #2: I need to go to bank to make a deposit 

• Two new pre-training objectives: 
• Masked language modeling (MLM) 
• Next sentence prediction (NSP) - Later work shows that NSP 

hurts performance though...
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[Devlin+ 2019]
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Masked Language Modeling
• Why we can’t do language modeling with bidirectional models? 

• Solution: Mask out k% of the input, and predict the masked words
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[Devlin+ 2019]
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BERT
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[Devlin+ 2019]
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BERT Pre-Training → Fine-Tuning
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[Devlin+ 2019]

aka downstream task
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BERT Pre-Training → Fine-Tuning
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[Devlin+ 2019]
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Encoder-Only Models (BERT): Pros & Cons
• 👍 Consider both left and right context (bidirectional) 
• 👍 Capture intricate contextual relationships 

• 👎 Not good at generating text from left-to-right, one token at a time
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Encoder-Decoder Models: T5
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Pre-training: Transformer Architectures
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Text-to-Text Transfer Transformer
• Encoder-only models enjoy the benefits of bidirectionality, but they 

can’t be used to generate text 
• Decoder-only models can do generation but they are left-to-right LMs 
• Text-to-text models combine the best of both worlds!
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[Raffel+ 2020]



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

T5 Training Objective
• Text span corruption (denoising) 
• Replace different-length spans 

from the input with unique 
placeholders (e.g., <extra_id_0>); 
decode out the masked spans
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[Raffel+ 2020]
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T5 Pre-Training → Fine-Tuning
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[Raffel+ 2020]
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Encoder-Decoder Models (T5): Pros & Cons
• 👍 A nice middle ground between leveraging bidirectional contexts 

and open-text generation 
• 👍 Good for multi-task fine-tuning 

• They treat all the NLP tasks as text-to-text transfer task 

• 👎 Require more text preprocessing 
• 👎 Harder to train 
• 👎 Less flexible for natural language generation
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BERT → T5: A Multi-Task Learning View
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BERT

T5
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Decoder-Only Models: GPT
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Pre-training: Transformer Architectures
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Auto-Regressive Language Models

• Predict next token (word) from all previous tokens 
• e.g. given a context "Inha U", what would be the next token?
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Next Token Prediction
• This is classification over the entire 

vocabulary 
• We can think of neural language 

models as neural classifiers 
• They classify a prefix of a text into  

|V| classes, where the classes are 
vocabulary tokens
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Next Token Prediction
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Pre-Training Dataset
• Example: LLaMA 1 pre-training dataset mixture

35

1.4 Trillion tokens
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Note: How Large are 1T Tokens?
• Physical size (if printed) 

• A typical page contains about 300-500 words 
• Assume 1T tokens are 750B words, and 400 words per page 
• Total (book) pages is around 1.875B 

• Reading time 
• The average reading speed is about 200-250 words per minute 
• To read 750B words, it would take about 3.75 billion minutes, or 

around 7,125 years of reading
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Summary
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Summary
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BERT

GPT
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LLM Post-Training
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Recall: Steps of LLM Training
• Pre-training → Supervised fine-tuning (SFT) → RL-based training 
• Pre-training → Mid-training → Post-training 

40
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Recall: Steps of LLM Training
• Pre-training → Supervised fine-tuning (SFT) → RL-based training 
• Pre-training → Mid-training → Post-training 
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Recall: BERT
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Recall: T5
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T5: Limitations

44
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Instruction Fine-Tuning 

45

[Wei+ 2021,  
Sanh+ 2021,  
Ouyang+ 2022]
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Instruction Fine-Tuning 

46

[Wei+ 2021,  
Sanh+ 2021,  
Ouyang+ 2022]
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Why Instruction Tuning?
• (Pre-trained) LLMs are not aligned with user intention 

• They have a massive knowledge from the web-scaled dataset 
• But they don't learn to follow users' instructions
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Why Instruction Tuning?
• Solution: Finetune LLMs to follow the human instruction 

• This fine-tuning process is also called alignment
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Instruction Tuning

• Collect prompt and completion (response) set 
• Now, the prompt is an input X and completion is a target Y 
• With (X, Y), fine-tune the pre-trained LLM with NTP loss
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Supervised Fine-Tuning (SFT)
• The term "supervised fine-tuning (SFT)" is more widely used than 

"instruction fine-tuning" (or instruction tuning) 
• The logic behind these two terms is the same, but 

• Instruction fine-tuning is called "instruction fine-tuning" because 
this specifically fine-tunes models to follow user instructions 

• SFT literally refers to a "supervised" fine-tuning approach; it can 
cover instruction dataset, but has to be

50
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Recap
• Pre-training 

• Grasp a massive knowledge from the 
web-scale dataset 

• Unaligned, hard to use 

• SFT 
• Align pre-trained LLM to follow 

instructions from the users 
• Further training to learn extra knowledge 

• Both training procedures use next-token prediction
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Recall: Instruction Fine-Tuning
• For a given input, the target is the single correct answer 
• In RL, this is called behavior cloning 

• Hope is that, if we have enough data, the model can learn to generalize 
• This requires formalizing the correct behavior for a given input
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Single Correct Answer?
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Single Correct Answer?
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Single Correct Answer?
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Single Correct Answer?
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Single Correct Answer?
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Another Aspect
• Increasingly we want to teach models more abstract behaviors 

• Objective function of instruction fine-tuning (NTP from supervised 
dataset) seems to be the "bottleneck" of teaching these behaviors 

• The maximum likelihood objective is a predefined function 
(i.e. no learnable parameters in the loss function) 

• Can we parameterize the objective function and learn it?
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TL;DR: Use Reinforcement Learning
• Instead of using labeled text, we use human preference dataset 

• We want to make LLM to maximize human preference 
• How to train the model? use RL 

• In RL, we try to maximize the expected reward function 

• Reward is the objective function and we can learn the reward 
• By training the reward model using the human preference dataset 
• So, reward model predicts the human preference 
• RL-trained LLM maximizes reward from the reward model
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Reinforcement Learning
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Reinforcement Learning
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RL from Human Feedback

62



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

1. Instruction Fine-Tuned Model
• Starting point: a base LLM + instruction fine-tuning
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2. Preference Collection
• Which completion (answer from the input) is better? 

• Humans label which completion is "preferred" 
• This setup aims to align models to the human preference
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2. Preference Collection
• Feedback collection interface

65



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

3. Train Reward Model
• It is also called preference model 

• Starting point: a base instruction-tuned LLM 
• We train the reward model to predict human preference
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4. RL Training

67



Generative Computing Lab 
Inha University ECE7115 Multimodal VLM (Spring 2026)

Summary
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Fine-Tuning

69
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Full Fine-Tuning
• Simply continue training the (pre-trained) LM on the new output 

• But it can take lots of memory! 
• Example: Training 65B params model with FP16 mixed precision

70

1000-1400GB of GPU memory! [Rajbhandari+ 2019]
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Notes: GPU Specs
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Multi-GPU Training
• One solution: buy and use more hardware at it! 
• We will see parallelism, but this takes lots of GPUs
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Parameter-Efficient Fine-Tuning (PEFT)
• We don't have money to buy all this GPUs 

• Don't tune all of the parameters, but just some 
• Prompt/prefix tuning 
• Adapters 
• LoRA
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Prompt/Prefix Tuning
• Prompt tuning optimizes only the embedding layer 
• Prefix tuning optimizes the prefix of all layers

74

[Li+ 2021, Lester+ 2021]
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Adapters
• Sandwich in layers in a pre-trained LLM  and only update the adapters 

• These layers only have 2 x model_dim x adapter_dim params 

• 👎 It modifies the model structure

75

[Houlsby+ 2019]
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Low-Rank Adaptation (LoRA)
• : a pre-trained weight matrix 
• Constrain update with a low-rank decomposition 

•   
• where  (row-rank) 

•  is the trade-off between pre-trained knowledge 
and task-specific knowledge  

• Only  contain trainable parameters 
• A = random initialization 
• B = zero initialization (so  starts from zero)

W0 ∈ ℝd×k

W′￼ = W0 + ΔW = W0 + αBA
B ∈ ℝd×r, A ∈ ℝr×k, r ≪ min(d, k)

α

A, B

ΔW

76

[Hu+ 2021]
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Low-Rank Adaptation (LoRA)

• Freeze pre-trained weights, train only the low-rank approximation of 
difference (residual) from the pre-trained weights 

• 👍 after training, just add in to pre-trained weights; no new components!

77

[Hu+ 2021]
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Q-LoRA
• Further compress memory requirements for training by 

• 4-bit quantization of the pre-trained model 
• Use of GPU memory paging to prevent OOM 

• We can train a 65B model on a 48GB GPU

78

[Dettmers+ 2023]
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A Unified View of PEFT

79

[He+ 2021]
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A Unified View of PEFT
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[He+ 2021]
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Which One to Choose?
• Convenience:  

• LoRA doesn’t change model architecture 

• Accuracy: 
• Simpler tasks (e.g. classification): probably doesn’t matter much 
• More complex tasks + small budget: prefix tuning seems favorable 
• More complex tasks + larger budget: adapters and LoRA 

• In most case, LoRA-family is the best option to choose
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DoRA: Weight-Decomposed LoRA
• Decompose weight into magnitude and direction 

• Learning new thing: large  small   
• Using prior knowledge: large  small   

• LoRA: 

• Weight decomposition: 

• DoRA: 

ΔD ΔM
ΔM ΔD
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[Liu+ 2024]
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PiSSA: SVD + LoRA
• Poor initialization of LoRA

83

[Meng+ 2024]
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PiSSA: SVD + LoRA
• Better initialization → better performance

84

[Meng+ 2024]
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PiSSA: SVD + LoRA
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[Meng+ 2024]
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Prompting

86
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What is Prompting?
• Encouraging a pre-trained model to make particular predictions by 

providing a textual "prompt" specifying the task to be done
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Prompt Templates
• A template where you fill in with an actual input
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Chat Prompts
• Recently, many models are trained as chatbots 
• Usually inputs are specified in OpenAI messages format
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Chat Prompts
• Behind the scenes, messages are converted to token strings
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In-Context Learning
• GPT-3: Language Models are Few-Shot Learners 

• Provide a few examples of the task together with the instruction

91

[Brown+ 2021]
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In-Context Learning

92

[Brown+ 2021]
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In-Context Learning
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[Brown+ 2021]
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Standard Prompting
• Provide instruction + role + example 

• Before the advancement in post-
training techniques, standard 
prompting performance is poor on 
reasoning benchmarks 

• Issue: standard few-shot exemplars 
only provide information on the final 
solution format, but not the rationale 
to derive the solution
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Chain-of-Thought (CoT)

95

[Wei+ 2022]
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Many-Shot ICL
• Previously, many-shot was bottlenecked by limited context length 

• e.g. GPT-3 (2048 tokens), but now we ~ 1M tokens!

96

[Agarwal+ 2024]
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Many-Shot ICL
• Some important observations 

• Many-shot ICL can overcome pre-training biases (small-shot cannot) 

• Many-shot ICL enables to learn high-dimensional functions 

• Many-shot ICL shows comparable performance to SFT 

• Many-shot ICL wins against repeating the same few-shot

97

[Agarwal+ 2024]
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Subtlety of Prompting
• Even with many-shot, example ordering is important 

• This is long-standing limitation of ICL [Lu+ 2021, Agarwal+ 2024] 

• "Lost in the middle" [Liu+ 2023] 
• The model tends to forget middle context 

• Prompt repetition helps [Xu+ 2023, Leviathan+ 2025]
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In practice...

99

ChatGPT → LLM + RAG → Claude code
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• Fine-tuning 
• Train an LLM with your data using SFT 
• Instead of training all parameters, use LoRA or its recent variants 

• Unless you have massive server or intend to make your own LLM 

• Prompting 
• The "emergent abilities" of LLM 
• Providing examples helps because LLM learns from the "context" 
• When utilizing AI, building a good context is really important 

• And now people focus on building good AI systems (aka harness) 
• Agent, workflow, etc; see how people use Claude Code recently

Summary
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