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Last Lecture

Voice Conversion

• Non-disentangle-based methods
• Statistics-based methods
• Generative-based methods

• Disentangle-based methods
• Instance normalization
• Quantization
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AlexNet 2012 ResNet 2015

UNet 2015

Transformer 2017 BERT 2018

GPT-1 2018

GPT-3 2020 GPT-3.5 2022

MaskRCNN 2017

Fast RCNN 2015

YOLO 2015

GAN 2014

VAE 2013 DDPM 2020CycleGAN 2017
X-Vector

2018

AutoVC 2019

FreeVC 2022

2025 ?

Advertising: Agentic AI in Spring 2026



This Lecture

• Recurrent Neural Network

• Attention

• Transformer

• Pretrained Foundation Model
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Recurrent Neural Network
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Vanilla Neural 
Networks

Image Captioning Action Prediction Video Captioning Video classification 
on frame level



Recurrent Neural Network
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RNN Hidden State Update
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RNN Output Generation
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RNN: Computational Graph
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Notice: the same function and the same set of parameters (same weight matrix) are used at every time step.



RNN Variants
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http://dprogrammer.org/rnn-lstm-gru (expired)
https://medium.com/analytics-vidhya/rnn-vs-gru-vs-lstm-863b0b7b1573 

C
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Sequence to Sequence with RNNs
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During training, we use the “correct” 
token even if the model is wrong.



RNN Tradeoffs

• RNN Advantages: 
• Can process any length of the input 
• Computation for step t can (in theory) use information from many steps 

back
• Model size does not increase for longer input
• The same weights are applied on every timestep, so there is symmetry in 

how inputs are processed. 

• RNN Disadvantages: 
• Recurrent computation is slow
• In practice, difficult to access information from many steps back 
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Image Captioning using Spatial Features
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This Lecture

• Recurrent Neural Network

• Attention: the relative importance of each component in a 
sequence

• Transformers

• Pretrained Foundation Model
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Image Captioning with RNNs and Attention
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Image Captioning with RNNs and Attention
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Image Captioning with RNNs and Attention
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Attention in Image Captioning
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“query” refers to a vector used to 
calculate a corresponding context vector. 



General Attention Layer (1)
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Multiple query vectors

Attention operation is permutation invariant, so reshape.

Each query creates a new, corresponding output context vector



General Attention Layer (2)
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We can add more expressivity to the 
layer by adding a different FC layer 
before each of the two steps.



Self-attention Layer
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We can calculate the query vectors 
from the input vectors, therefore, 
defining a "self-attention" layer.

No input query vectors anymore

Permutation equivariant: Self-attention layer 
doesn’t care about the orders of the inputs!



CNN with Self-Attention
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Masked self-attention layer
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Multi-head self-attention layer
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Why multi-head?



General attention versus self-attention
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This Lecture

• Recurrent Neural Network

• Attention

• Transformer

• Pretrained Foundation Model
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The Transformer encoder block
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The Transformer decoder block
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Transformer
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https://www.geeksforgeeks.org/deep-learning/rnn-vs-lstm-vs-gru-vs-transformers/



Image Captioning using Transformers
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ViTs – Vision Transformers

• Transformers from pixels to language

9/23/2025 CAI 6605 Trustworthy AI Systems 31



DeepSeek
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https://www.youtube.com/watch?v=KTonvXhsxpc



This Lecture

• Recurrent Neural Network

• Attention

• Transformers

• Pretrained Foundation Model
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Foundation Models in Different Modalities
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• Foundation model is trained on 
large amounts of unlabeled/self-
supervised data.

• A foundation model can centralize 
the information from all the data 
from various modalities.

• This one model can then be 
adapted to a wide range of 
downstream tasks. 

https://arxiv.org/pdf/2108.07258



Examples for Pre-training

• Download and preprocess the Internet
• https://huggingface.co/spaces/HuggingFaceFW/blogpost-fineweb-v1
• https://huggingface.co/datasets/HuggingFaceFW/fineweb

• Tokenization (GPT-4: 100,277 possible tokens)
• https://tiktokenizer.vercel.app/ 

• Neural Network Training
• https://bbycroft.net/llm

• Inference 
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Source: https://www.youtube.com/watch?v=7xTGNNLPyMI
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Examples for Post-training

• Base model: internet document simulator, stochastic, probabilistic
•➔ Human conversation training

• https://huggingface.co/datasets/OpenAssistant/oasst1
• https://github.com/thunlp/UltraChat/tree/main 
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https://arxiv.org/pdf/2203.02155
https://huggingface.co/spaces/huggingface/inference-playground

RLHF

https://huggingface.co/datasets/OpenAssistant/oasst1
https://huggingface.co/datasets/OpenAssistant/oasst1
https://github.com/thunlp/UltraChat/tree/main
https://github.com/thunlp/UltraChat/tree/main


Other Foundation Model Designs in NLP
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https://arxiv.org/pdf/2302.09419



Other Foundation Model Designs in NLP
• Encoder-only: BERT

• Bidirectional attention, low rank attention matrix
• masked language modeling
• understanding

• Encoder-Decoder: T5, BART
• Large amount of parameters, hard to train

• Decoder-only: GPT
• Next token prediction
• Full rank attention matrix (e.g., unique solution, invertibility, represent richer feature 

space, capture diverse range of relationship within the data)
• Understanding and generation
• High zero-shot/few-shot generalization
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Example: Llama 3
• Llama 3 uses a tokenizer with a vocabulary of 128K tokens that encodes 

language much more efficiently, which leads to substantially improved 
model performance.

• Llama 3 is pretrained on over 15T tokens that were all collected from 
publicly available sources.

• The training runs on two custom-built 24K GPU clusters.

• Instruction fine-tuning: post-training is a combination of supervised fine-
tuning (SFT), rejection sampling, proximal policy optimization (PPO), and 
direct preference optimization (DPO).
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https://github.com/meta-llama/llama3

https://engineering.fb.com/2024/03/12/data-center-engineering/building-metas-genai-infrastructure/


The Safety Measures of LLM (Llama) 
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• Instruction-fine-tuned models have been red-teamed (tested) for safety. ​​
• The red teaming approach leverages human experts and automation methods to 

generate adversarial prompts that try to elicit problematic responses.



Homework – Just Kidding 

• 1. Implement a basic transformer model from scratch using 
PyTorch.  Focus on the multi-head attention mechanism and 
positional encoding

• 2. Given a small transformer layer, walk through the forward pass 
for a 5-token sequence

• 3. How would you optimize memory usage when training a 175B 
parameter model on limited GPU memory?
• Gradient checkpointing, model sharding,  mix precision training, 

offloading, ZeRO optimizer, dynamic batching, gradient accumulation…
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References
• https://cs231n.stanford.edu/slides/2024/lecture_7.pdf

• https://cs231n.stanford.edu/slides/2024/lecture_8.pdf

• On the Opportunities and Risks of Foundation Models 

• A Comprehensive Survey on Pretrained Foundation Models: A History from BERT to 
ChatGPT 

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

• https://github.com/sooftware/attentions/blob/master/attentions.py 
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