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AI Agent’s Social Media

EECS 6895 ADV. BIG DATA AND AI        COPYRIGHT © PROF. C.Y. LIN, COLUMBIA UNIV. 2



AI Agent’s Social Media (Feb 3, 2026, 5:10pm)
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Top Posts (Feb 3, 2026, 5:10pm)
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Top Posts (Feb 3, 2026, 5:10pm)
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There were 7 different types of "Human”
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A Brief History of Humankind – Why Sapiens are the 
only one that remain?
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Basic Structures



Generating Text using Large Language 
Models
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How LLM works
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Attention Model
[Bengio_2015]

Chorowski, Jan K., et al. "Attention-based models for speech recognition." Advances 
in neural information processing systems 28 (2015).

h : Input
αi : Attention Weight
yi : Output

In 2015, Bengio ‘s Model focuses on 

every phenon’s recognition as the 

combined weights. 
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Transformer [Vaswani_2017]

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information 
processing systems 30 (2017).

Cited 66157 (2023/2/21)

Noam Shazeer proposed scaled 
dot-product attention, multi-head 
attention and the parameter-free 
position representation.

Jakob Uszkoreit proposed replacing 
RNNs with self-attention and started 
the effort to evaluate this idea. 

In 2017, 8 Google researchers proposed Transformer 
Neuron Networks based on Attention, which was 
adopted by ChatGPT.  
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https://scholar.google.com.tw/scholar?cites=2960712678066186980&as_sdt=2005&sciodt=0,5&hl=zh-TW


Transformer

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information 
processing systems 30 (2017).

oTransformer is a Deep Learning Model based on Self-

Attention

oTransformer encodes and decodes data with different 

weights. 

oExamples of transformer language models include: GPT 

(GPT-1、GPT-2、GPT-3、ChatGPT) and BERT models 

(BERT、RoBERTa、ERNIE).

EECS 6895 ADV. BIG DATA AND AI        COPYRIGHT © PROF. C.Y. LIN, COLUMBIA UNIV. 13



Transformer

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information 
processing systems 30 (2017).

Encoder DecoderTransformer
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Transformer

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information 
processing systems 30 (2017).

Encoder Decoder

哥大學生很棒! Columbia University students are great!
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Transformer
Attention

weights Columbia university students are great !

哥 1 0.5 0.2 0 0.3 0.2

大 0.5 1 0.2 0.1 0.3 0.1

學 0.2 0.2 1 0 0.5 0.2

生 0.3 0.3 0.8 0.5 0.5 0.6

很 0 0.1 0 1 0.5 0

棒 0.3 0.3 0.5 0.5 1 0.8

! 0.2 0.1 0.2 0 0.8 1

K

Q

q1

q2

q3

q4

q5

q6

q7

k1 k2 k3
k4 k5 k6
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Transformer
Translation

Transformer uses 6 

layers of encoder 

and decoder to 

achieve the same 

quality of SOTA 

English-German 

and English-French 

translation. 
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Input Embedding
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• Convert each word to its corresponding vector

• Position Encoding:
• Encode the position of each word in the sequence to a vector



Self-Attention
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• Build up relationships between source language and target language

• Multi-Head Attention



Transformer to GPT

Input -> Encoder -> Latent Feature + Masked Output -> Decoder -> Output

Transformer GPT

Input -> Decoder(with Casual mask) -> shift Output

An ■ a day keeps the doctor away

An apple a day keeps the doctor away

apple   95%
banana  5%

An

An apple

apple    99%
almond   1%

a           99%
watch    1%

An apple a

Masked 
Language
Learning

Autoregressive 
Learning
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GPT Evolution

Not only Bigger and Bigger

? 
How does the Model Answer smartly or 

more like an Adult human

Thinking and Answering policy optimization
Reinforcement Learning from Human Feedback

(RLHF)

Prompts
&

Text

Prompts

&
Text^n

Labeler
Step I

Step II
Pre-trained 

model

Prompts

Training

Critic
… 5
… 4
… 3
… 2
… 1

Scoring
Text

Reward

Model
Training

Step III
Pre-trained 

model

Policy 

Model
… 5
… 4
… 3
… 2
… 1

Scoring
Texts

Reward

Model
Text

Policy Training

Prompts

Inference

Prompts

Text

ChatGPT
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Key elements of GPT
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• Input Embedding

• Position Encoding

• Dropout Layer

• Transformer Blocks

• Layer Stack

• Final Layers 

https://www.geeksforgeeks.org/introduction-to-generative-pre-trained-transformer-gpt/

• Unsupervised Pre-Training

• Downstream Task Fine-tuning

https://www.geeksforgeeks.org/introduction-to-generative-pre-trained-transformer-gpt/
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https://lifearchitect.ai/chatgpt/

ChatGPT
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Llama Model Structure
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https://www.researchgate.net/figure/Basic-
architecture-of-GPT-and-LLaMA-models-with-
differences_fig1_381112819
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Supervised Fine-Tuning



Supervised Fine-Tuning
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• Supervised Fine-Tuning (SFT) is to fine tune on pretrained models.

• SFT is also called as Prompt Tuning.

• Pretrained models have a lot of general knowledge. But, because its trained goal was to predict the next 
word, it does not really understand Natural Languages.

• To let model understand human prompt, LLM models needs fine-tuning.

• How to do fine-tuning efficiently is a key issue.



Evolution of NLP Learning Space
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https://arxiv.org/pdf/2107.13586v1.pdf

https://arxiv.org/pdf/2107.13586v1.pdf


Prompt-based Learning
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https://medium.com/@aniket.umbc/what-is-
prompt-based-learning-and-prompt-
designing-in-llm-bb4a27251826
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Prompt-based Learning
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Input: I missed the bus

Example: [x] I felt [z]
Answer: {‘great’: Positive, 

‘bad’: Negative; ‘ok’: neutral}

Prompt: x’ = I missed the bus. I felt [z]. 

Result: x’ = I missed the bus. I felt too bad. 

Three Steps:
• Prompt Increase
• Answer Searching
• Answer Mapping

negative



In-Context Learning
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https://ai.stanford.edu/blog/u
nderstanding-incontext/

https://ai.stanford.edu/blog/understanding-incontext/
https://ai.stanford.edu/blog/understanding-incontext/
https://ai.stanford.edu/blog/understanding-incontext/
https://ai.stanford.edu/blog/understanding-incontext/


Low-Rank Adaptation of Large Language Models (LoRA)
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LoRA, ICLR 2022. 
https://arxiv.org/pdf/2106.09685
https://iclr.cc/virtual/2022/poster/6319

https://arxiv.org/pdf/2106.09685
https://iclr.cc/virtual/2022/poster/6319


Model Context Window Expansion
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Limitation of context window size allowed. E.g., Llama 2023: 2048 words.

In order to satisfy the long context needs, the following three methods are usually used:

• Increase the length of window

• Position Encoding

• Extrapolation



Extrapolation Position Encoding
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• Naïve Learned Position Embedding – used by BERT

• Sinusoidal Position Embedding

• RoPE

• T5 Bias Position Embedding

• ALiBi Algorithm



Instruction Training
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• Manual Instruction Datasets and Automatic 
Instruction Datasets

• LIMA (Less Is More) as an example:
• LIMA data sources:

• High-Quality QA community
• Super-Natural Instruction dataset
• Manual annotated QA

LIMA: Less is More for alignment. 2023.
https://arxiv.org/pdf/2305.11206

https://arxiv.org/pdf/2305.11206


Open Data set for Instruction Training
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Instruction Dataset Size Language Method Type

Super-Natural Instruction2 5M Multi-language Manual NLP

Flan2021 440K English Manual NLP

pCLUE 1.2M Chinese Manual NLP

Open Assistant Conversations 161K Multi-language Manual General Conversation

Dolly 15K English Manual General Conversation

LIMA 1K English Manual General Conversation

Self-Instruct 52K English Automatic General Conversation

Alapaca_data 52K English Automatic General Conversation

BELLE 1.5M Chinese Automatic General Conversation



Open Instruction Datasets - I
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• Super-Natural Instructions : 
• made by Allen Institute for AI.
• Including 55 languages
• 1616 NLP tasks
• 5M task examples, including 76 task types.
• Each task includes both instruction and task examples

• Flan2021:
• Built and released by Google. 
• Converted 62 generally used NLP standards to input-output examples.

• pCLUE:
• Bilt and made by CLUEbenchmark
• 9 Chinese NLP datasets, including single classification tnews, single classification iflytek, 

natural langue, word matching, keyword classification , reading understaning, reading 
understanding, and reaading understanding. 

 



Open Instruction Datasets - II
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• OpenAssistant Conversations:
• Distributed by LAION.
• 35 languages
• 161443 conversations in 66497 conversation trees. Diverse

• Dolly:
• Distributed by Databricks. 15K instructions.
• Including 7 areas: open QA, closed QA, info extraction, abstract, brainstorming, classification, and 

writing

• LIMA:
• Distributed by Meta
• 1000 high quality and diverse instructions.

• Self-Instruct data:
• Using GPT-3.  5.2M

• Alpaca_data was distributed by Stanford, using Self-Instruct, using text-davinci-003 model. 5.2M instruction 
data.

• BELLE was distributed by shell, using Self-Instruct, using text-davinci-003 model. 1.5M instruction data

 



Automatic Instructions Generation
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Self-Instruct dataset 
was created by 
iterative processes.

• Step 1: 
Instruction 
Generation

• Step 2: 
Classification 
Task 
Identification

• Step 3: 
Generative 
Mission Input 
and Output

• Step 4: Filtering 
low-quality data

SELF-INSTRUCT: Aligning Language Models with Self-Generated Instructions, 2023
https://arxiv.org/pdf/2212.10560

https://arxiv.org/pdf/2212.10560


Self-Instruct Step 1: Instruction Generation 
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• Manually construction of 175 tasks as seed instructions.

• Using Bootstrapping to create new instructions.

• Each time, sampling 8 instructions ( 6 from the manual seed instructions and 2 from iterative 
models), and putting them as a context example.

• Send to GPT-3 to generate more new tasks.

• Iterate the above process until the model stops generating, reaching the length of model, or 
generating the “Task 16” token.



Self-Instruct Step 2: Classification 
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• We need two different approaches 
for classification and non-
classification tasks.

• We next identify whether the 
generated instruction represents a 
classification task or not. 

• We prompt the LM in a few-shot 
way to determine this, using 12 
classification instructions and 19 
non-classification instructions from 
the seed tasks. 

• The prompting template is shown 
here.



Self-Instruct Step 3: Instance Generation
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Given the instructions and their 
task type, we generate instances 
for each instruction 
independently. This is challenging 
because it requires the model to 
understand what the
target task is, based on the 
instruction, figure out
What additional input fields are 
needed and generate them, and 
finally complete the task by 
producing the output.

We found that pretrained LMs can
Achieve this to a large extent 
when prompted with
instruction-input-output in-
context examples from other 
tasks.



Self-Instruct Step 3: Instance Generation

EECS 6895 ADV. BIG DATA AND AI        COPYRIGHT © PROF. C.Y. LIN, COLUMBIA UNIV. 42

A natural way to do this is the 
Input-first Approach, where we 
can ask an LM to come
up with the input fields first based 
on the instruction, and then 
produce the corresponding 
output.

This generation order is similar to 
how models are used to respond 
to instruction and input, but here
with in-context examples from 
other tasks. The prompting 
template is shown in Table 7.



Self-Instruct Step 3: Instance Generation
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However, we found that this 
approach can generate inputs 
biased toward one label, 
especially for classification tasks 
(e.g., for grammar error detection, 
it usually generates grammatical
input). Therefore, we additionally 
propose an Output-first Approach 
for classification tasks, where we 
first generate the possible class 
labels, and then condition the 
input generation on each class 
label. The prompting template is 
shown in Table8.

We apply the output-first 
approach to the classification tasks 
identified in the former step, and 
the input-first approach to
the remaining non-classification 
tasks.



Self-Instruct Step 3: Instance Generation
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However, we found that this 
approach can generate inputs 
biased toward one label, 
especially for classification tasks 
(e.g., for grammar error detection, 
it usually generates grammatical
input). Therefore, we additionally 
propose an Output-first Approach 
for classification tasks, where we 
first generate the possible class 
labels, and then condition the 
input generation on each class 
label. The prompting template is 
shown in Table8.

We apply the output-first 
approach to the classification tasks 
identified in the former step, and 
the input-first approach to
the remaining non-classification 
tasks.



Self-Instruct Step 4: Filtering low-quality data
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• To encourage diversity, a new instruction is added to the task pool only when its ROUGE-L similarity with 
any existing instruction is less than 0.7. 

• We also exclude instructions that contain some specific keywords (e.g., image, picture, graph) that 
usually can not be processed by LMs. 

• When generating new instances for each instruction, we filter out instances that are exactly the same or 
those with the same input but different outputs. 

• Invalid generations are identified and filtered out based on heuristics (e.g., instruction is too long or too 
short, instance output is a repetition of the input).



Self-Instruct Performance Comparisons
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DeepSpeed-Chat core functions
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• Easy-to-use Training and Inference Experience for ChatGPT Like Models: 

• A single script capable of taking a pre-trained Huggingface model

• Running it through all three steps of InstructGPT training

• Using DeepSpeed-RLHF system

• Producing your very own ChatGPT like model. 

• An inference API for testing conversation-style interactions after the model is trained.

• DeepSpeed-RLHF Pipeline: DeepSpeed-RLHF pipeline primarily replicates the training pipeline from the 

InstructGPT paper with careful attention to ensure completeness and one-to-one correspondence with the 

three-steps that includes:

• a) Supervised Fine-tuning (SFT), 

• b) Reward Model Fine-tuning and 

• c) Reinforcement Learning with Human Feedback (RLHF). 

 Data abstraction and blending capabilities to enable training with multiple data sources.



DeepSpeed-Chat core functions
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• DeepSpeed-RLHF System: 

• A robust and sophisticated RLHF system that combines the training and inference prowess of 

DeepSpeed into single unified Hybrid Engine (DeepSpeed-HE) for RLHF. 

• The Hybrid-Engine is capable of seamlessly transitioning between inference and training modes within 

RLHF, 

• Allowing it to leverage various optimizations from DeepSpeed-Inference such as tensor-parallelism and 

high-performance transformer kernels for generation, 

• Benefiting from the multitude of ZeRO- and LoRA-based memory optimization strategies for RL training.

• DeepSpeed-HE is also aware of the full RLHF pipeline

• Allowing it to make optimal decisions in terms of memory management and data movement across 

different phases of RLHF.



DeepSpeed-Chat SFT
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DeepSpeed-Chat: Easy, Fast and Affordable RLHF Training of ChatGPT-like Models at All Scales, 2023 https://arxiv.org/pdf/2308.01320

• Step 1: Supervised finetuning (SFT), where human responses to various queries are carefully selected to 

finetune the pretrained language models.

• Step 2: Reward model finetuning, where a separate (usually smaller than the SFT) model (RW) is trained 

with a dataset that has human-provided rankings of multiple answers to the same query.

• Step 3: RLHF training, where the SFT model is further finetuned with the reward feedback from the RW 

model using the Proximal Policy Optimization (PPO) algorithm.

https://arxiv.org/pdf/2308.01320
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