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● Bio
○ 5th year PhD student working with Mosharaf
○ https://jaewonchung.me/about

● Background
○ 2017 – 2019: Machine learning, Computer vision, Meta-learning, Few-shot learning
○ 2019 – now: Systems for machine learning, Power & energy as first-class systems resources

● Three lectures
○ 08/29 (Thu) | Introduction to GenAI and Systems for GenAI
○ 09/04 (Thu) | Training basics
○ 10/02 (Thu) | Inference basics

Jae-Won Chung
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(Unofficial) Textbooks

● How to Scale Your Model (Google DeepMind)
○ Theoretical analysis of computations that are important to LLMs
○ Arithmetic intensity, compute- and memory-bound, roofline, back-of-the-envelope estimations

● The Ultra-Scale Playbook (Hugging Face)
○ Training LLMs on GPU Clusters
○ Various types of training parallelisms, implications on compute, memory, and communication

● Use as references
○ Each thing will take at least a week of full-time reading (it’s worth it, though)
○ It’s a fast-evolving field; the only way to be relevant is to continuously read

3

https://jax-ml.github.io/scaling-book/
https://huggingface.co/spaces/nanotron/ultrascale-playbook


Today

● Overview of GenAI
○ Essential ML-flavored knowledge and terminology
○ Aim to digest end-to-end and please ask questions if you don’t get something

● Overview of Systems for GenAI
○ A high-level landscape of systems challenges
○ This is what you’ll dive more deeply into this semester
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How did we end up with this?
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Attention is All You Need (Google, 2017)
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Attention is All You Need (Google, 2017)

● The Transformer model
○ It was a machine translation paper
○ Sequence-to-sequence learning

● Critical components
○ Tokenization & embedding
○ Attention
○ MLP
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“That’s impossible”

“그건 불가능해”

“That’s impossible”

[That, ’s, impossible]

[1983, 122, 51293]

Tokenize

[[0.12, -1.42, …, 0.98], [-0.07, 0.23, …, -1.33], [1.10, -0.41, …, 0.61]
Embed

Token embeddings



Attention is All You Need (Google, 2017)

● Autoregressive text generation
○ One forward pass produces one output token
○ Keep appending output token to input
○ Stop when the special EOS token is produced
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Attention is All You Need (Google, 2017)

● The Attention mechanism
○ Details deferred to The Illustrated Transformer
○ Importance-weighted sum over token embeddings
○ Two types

■ Causal attention (decoder)
● Token i aggregates over previous tokens

■ Bidirectional attention (encoder)
● Token i aggregates over every token

20

[BOS, 그, 건, 불, 가능, 해]

[그, 건, 불, 가능, 해, EOS]

[That, ’s, impossible]

Image credit: Exploring the limits of transfer learning with a unified text-to-text transformer, 2020

https://jalammar.github.io/illustrated-transformer/


GPT-1 (OpenAI, 2018)

● Generative Pre-trained Transformer
○ Improving language understanding with unsupervised learning (OpenAI blog post)
○ An autoregressive text generation model
○ 117M parameters, 5GB of text
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Decoder-only Transformer

https://openai.com/index/language-unsupervised/


GPT (OpenAI, 2018)

● A new paradigm
○ First, pre-train a large model on a large unlabeled corpus of text
○ Then, fine-tune the model on a small labeled task-specific dataset (e.g., translation)
○ The traditional way was to figure out how to build a large task dataset and train on it
○ Now, you can pre-train a large model once and reuse it for many downstream tasks
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Next Token Prediction
● Attention is all you → ?
● Large language → ?
● University of California, San → ?
● This is the best steak I’ve ever had in my → ?



GPT (OpenAI, 2018)

● A new paradigm
○ First, pre-train a large model on a large unlabeled corpus of text
○ Then, fine-tune the model on a small labeled task-specific dataset (e.g., translation)

● Systems challenge?
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5,760 GPU hours!



GPT-2 (OpenAI, 2019)

● Successor to GPT
○ Better language models and their implications (OpenAI blog)
○ 1.5B parameters (12.8x), 40GB of Internet text (8x)
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https://openai.com/index/better-language-models/


GPT-2 (OpenAI, 2019)

● Safety concerns and the closed model strategy
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Scaling Laws (OpenAI, Kaplan et al., Jan 2020)

● GPT-1 to GPT-2
○ Model parameters: 117M → 1.5B (12.8x)
○ Data: 5 GB → 40 GB (8x)

● Questions
○ Should we continue scaling the number of parameters and the dataset?
○ What’s the best ratio between scaling model parameters and the dataset?

■ Equivalently, given the same amount of target compute,
what’s the (#params, data size) pair that leads to the best model quality?
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Scaling Laws (OpenAI, Kaplan et al., Jan 2020)

● Questions
○ Should we continue scaling the number of parameters and the dataset?
○ What’s the best ratio between scaling model parameters and the dataset?

● “Let’s do a grid search and see what happens.”
○ Scaling Laws for Neural Language Models (OpenAI)
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https://arxiv.org/abs/2001.08361


Scaling Laws (OpenAI, Kaplan et al., Jan 2020)

● Questions and Kaplan et al.’s answer
○ Should we continue scaling the number of parameters and the dataset? Yeah, probably.
○ What’s the best ratio between scaling model parameters and the dataset? Roughly equally.

● “Let’s do a grid search and see what happens.”
○ Scaling Laws for Neural Language Models (OpenAI)
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https://arxiv.org/abs/2001.08361


Scaling Laws (OpenAI, Jan 2020)

● Two notable progressions after this
○ Chinchilla scaling law (Google DeepMind, Hoffman et al., 2022)

■ You should actually scale data more!
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https://arxiv.org/abs/2203.15556


Scaling Laws (OpenAI, Jan 2020)

● Two notable progressions after this
○ Chinchilla scaling law (Google DeepMind, Hoffman et al., 2022)

■ You should actually scale data more!
○ Overtraining: Train models on more data than the Chinchilla-optimal point

■ Your training time compute is no longer optimal (in Chinchilla sense)
■ You end up with a smaller model with good model quality
■ But smaller models are cheaper to run inference on!
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https://arxiv.org/abs/2203.15556


GPT-3 (OpenAI, May 2020)

● GPT-3
○ Language Models are Few-Shot Learners (OpenAI paper)
○ 175B parameters, 400B tokens

● A new paradigm
○ Previously: Pre-train on large corpus, and then fine-tune on task-specific dataset.
○ GPT-3: Don’t even do the fine-tuning part. Instead, put a few examples in the prompt.
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Few-shot 
examples

Actual prompt
GPT’s completion

https://arxiv.org/abs/2005.14165


RLHF (OpenAI, Jan 2022)

● Reinforcement Learning with Human Feedback (RHLF)
○ Aligning language models to follow instructions (OpenAI blog)

● Few-shot prompting works, but it has limitations
○ Hope: We want GPT to do text completion in a super friendly way
○ But nothing in the pre-training corpus really endorses the model to be friendly
○ We do need a step after pre-training to reinforce certain behaviors
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https://openai.com/index/instruction-following/


RLHF (OpenAI, Jan 2022)

● Three steps
○ Among many GPT responses to the same prompt, a human indicates which one they prefer
○ Train a reward model that predicts human preference for a given response
○ Run RL on the LLM using the reward model (PPO; Proximal Policy Optimization)
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ChatGPT (OpenAI, Nov 2022)
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ChatGPT (OpenAI, Nov 2022)

● Still a text generation model that predicts the next token!
● But the prompt is formatted in a particular way
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System prompt: You are a helpful assistant.
User’s prompt: Write a poem about systems.

Prompt
rendering

<|start|>system<|message|>You are ChatGPT, a 
large language model trained by OpenAI.
Knowledge cutoff: 2024-06
Current date: 2025-08-28
Reasoning: medium

# Valid channels: analysis, commentary, final. 
Channel must be included for every 
message.<|end|><|start|>developer<|message|># 
Instructions

You are a helpful assistant.

<|end|><|start|>user<|message|>Write a poem 
about systems.<|end|><|start|>assistant

Real prompt rendering of the OpenAI GPT OSS 20B model. 
The template is baked into the model during post-training.
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The multimodal era (2023 – now)

● Multimodal means non-text, e.g., image, video, audio
● How to input to LLMs is more or less fixed now
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Decoder-only transformer

Vision 
encoder

V V V V V V

[Can, I, park, ?]

T T T T

[No]

T

(Encoder-only transformer)



Recap
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● Transformers
○ Training on next token prediction and doing autoregressive text generation.
○ It works pretty well!

● Scaling laws
○ More parameters and more data shall make your model even better.
○ Scale up more and more! We haven’t seen it significantly slow down yet.

● Which brought us …



Unprecedented scale
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● Unprecedented scale of adoption
○ ChatGPT passed 1 million users in 5 days and has 800 million weekly active users now.
○ Why? Transformers worked pretty well.

● Unprecedented scale of ML workloads
○ Llama 4 series pre-training took 7.4 million GPU hours. OpenAI GPT OSS 2.1 million.
○ One pre-training job can use 100k GPUs, and there are plans to scale further.
○ We don’t know how many GPUs are serving ChatGPT, but it’s probably a fair amount.
○ Why? Scaling laws fueled the fad, and it has not betrayed us yet.



Unprecedented scale
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With great scale
comes great systems challenges



Pre-training

● Much compute and memory requirements
● Much GPU

○ Like, 100k or more for a single training run
○ We are already in the era of multi-datacenter training
○ How are we going to split one model training into 100k+ GPUs?

● Much communication
○ The 100k GPUs need to talk to each other
○ If not optimized well, expensive GPUs are going to spend all their lives doing communication

● Much power and energy
○ An H100 GPU draws anywhere between 100 to 700 W during training, and we have 100k of it
○ Building power plants take years but we need that power now

● Much failure
○ Say a GPU fails at any moment with probability 0.01%
○ The probability of no GPUs failing is (1 - 0.0001)100000 = 0.00004538 42



Post-training

● All the problems of pre-training
● Unprecedented adoption also brought about so many requirements

○ Be friendly
○ Be helpful
○ Don’t hallucinate
○ Do reasoning to solve challenging problems (but also don’t take forever)
○ Understand multimodal (image, video, audio) inputs
○ Generate multimodal content, too

● After pre-training, there are typically tens of post-training phases with
○ Supervised fine-tuning (SFT)
○ Reinforcement learning (RL)

■ Different environments and rewards
■ Not all rewards are trivial to define
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Inference serving

● 1% gain amounts to a lot if you’re serving ChatGPT
○ Every drop of efficiency gain is precious!

● LLM text generation has a very distinct computation characteristic
○ Generating the first output token: computation ops > memory ops (compute-bound)
○ All other output tokens: computation ops < memory ops (memory-bound)
○ Memory management is key!

● Many use cases and application requirements
○ Conversational
○ Multimodal input and output
○ Agents

● ⇒ More and more complex and heterogeneous model architectures
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● Keeping a datacenter with O(10,000) GPUs in it healthy and optimized is hard
● Power management

○ Getting power is the first grand challenge
○ Power management at datacenter-scale is challenging (e.g., mitigating fluctuations)

● Datacenter networking
○ Large amounts of bursty communication during training
○ One straggler bottlenecks the whole training job

● Hardware heterogeneity
○ Especially accelerators (GPUs, TPUs, MTIAs, etc.)
○ (1) You can’t get enough of one type, and (2) relying on a single type introduces supply risks

● Multi-datacenter training makes all of the above even harder

Infrastructure
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● ML advances → Scalability challenges for systems
● We manage to build systems that scale → Accelerates ML advances
● It’s a great time to be alive and building!

Advanced Scalable Systems
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