
Section 4.1: Generative Models for 
Synthetic Data Generation 

(SDG)

2026 Spring 
LLM Agents Foundation & Applications

Dr. Yanjun Qi 
20260220

 
1

https://qiyanjun.github.io/2026sp-GenAI-Agents-Overview-Course/


Last Class

• LLM-based Agents in Health Care:
• 2026-SP-W3.1-HCLS-agent.pdf
• 2026-SP-W3.2-Team05-Agent-Healthcare.pdf

• LLM-based Agents in Life Science:
• 2026-SP-W3.3-Team06-BioinfomaticsAgents.pdf
• 2026-SP-W3.4-Team0506-HCLS-agentData

• Foundation Models in HCLS
• 2026-SP-W3.6-HealthCare-FMs.pdf
• 2026-SP-W3.5-LifeScience-ProteinLLM.pdf
• 2026-SP-W3.7-LifeScience-genomeLLM
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This class: Reference

This class: Reference

• 1. Guo & Chen (2024). "Generative AI for Synthetic Data 
Generation: Methods, Challenges and the Future”

• 2. Constitutional AI: Harmlessness from AI Feedback (2022)
• 3. SELF-INSTRUCT: Aligning Language Models with Self-

Generated Instructions (2022)
• 4. Scaling Synthetic Data Creation with 1M Personas (2024)
• 5. Bauer et al. (2024). "Comprehensive Exploration of Synthetic 

Data Generation: A Survey."
• 6. GigaTIME: Multimodal AI Generates a Virtual Population for 

Tumor Microenvironment Modeling (Cell, January 2026) 3



Basics of SDG 
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What is Synthetic Data Generation (SDG)?

A generative model learns the statistical distribution of real data, then samples

brand-new artificial examples

Generated data is novel — not a copy or a transformation of any real record

It can be produced at any scale, for any class, under any constraint

5



The Core Problem: Real Data is Not Enough

• Privacy & Regulation — GDPR and sensitive PII restrict sharing medical, 
financial, or biometric data

• Scarcity & Cost — labeling real data is expensive; minority classes are 
underrepresented

• Bias & Imbalance — real-world datasets reflect historical biases that harm 
model fairness

Solution: Synthetic Data Generation (SDG) produces 
unlimited, pre-labeled, privacy-safe samples



SDG is fundamentally different from data augmentation

7

SDG vs. Data Augmentation

Augmentation SDG

Basis Transforms existing samples Samples a learned distribution

Output Modified real data Genuinely new data points

Privacy Still uses real records Can avoid real records entirely

Flexibility Limited to transform types Conditional on any attribute

• Data augmentation transforms existing, samples. 

• SDG samples from a learned distribution to create genuinely 

new data.





Data Modalities & Challenges

Tabular / Relational: Structured records are difficult due to mixed data types,

missingness, high-cardinality, and multi-table rules.

Time-Series: Sequences with temporal correlation face challenges with irregular

sampling and preserving event ordering.

Text: Documents and clinical notes have a high risk of memorizing rare text spans like

names or addresses.

Image / Video: Perception stacks require perceptual realism and strict label fidelity.

Multimodal: Sensor fusion or image+text requires cross-modal alignment.

4



Generative Models Based SDG 

10

Bauer et al. (2024). "Comprehensive 

Exploration of Synthetic Data Generation: 

A Survey.



417 Synthetic Data Generation (SDG) models over the last decade, providing a 

comprehensive overview of model types, functionality, and improvements.



Literature’s 20 distinct model families for SDG

Classical / probabilistic — Gaussian Mixtures, Markov Chains, Bayesian

Networks

Energy-based — Boltzmann Machines

Neural generative — VAEs, Normalizing Flows, GANs, Diffusion Models

Sequential / attention — RNNs (LSTM/GRU), Transformers

Other — RL-guided generation, simulation-based virtual environments

The survey covers all 20 families (42 subtypes) across 417 papers from 2012–2022 — giving

practitioners the most comprehensive map of the SDG space to date.

8



Why Classical Models Failed to Scale

• Gaussian Mixture Models fit well to simple tabular data but cannot capture 
high-dimensional image structure

• Markov Chains produce realistic sequences but suffer from 'amnesia' — no 
long-term memory

• Bayesian Networks encode causal relationships but scale poorly to thousands 
of variables

• The gap: none of these can synthesize a photorealistic image from a text 
description



Key Recent Generative Model Families

GANs: Provide sharp samples and flexible conditioning, but suffer from training

instability and mode collapse.

VAEs: Offer stable training and explicit latent structure, though often produce blurrier

images compared to GANs.

Diffusion Models: Deliver strong sample quality and good mode coverage, but require

intensive computing power.

Autoregressive Transformers: Yield strong semantic coherence for text, but carry

high risks of verbatim memorization and PII leakage.

5



The right model depends on your data type

Data type Best-fit model families

Images GANs, Diffusion models, VAEs

Text / music (sequential) RNNs, Transformers

Tabular / EHR Bayesian Networks, CTGAN, VAEs

Molecular / graph GNNs, RL-guided models

Privacy-required Markov Chains, BNs, DP-GANs

No single architecture wins across all data types. Matching model family to data modality is

the single most important model-selection decision.

10



GANs dominated the decade — then diffusion rising

GANs exploded after 2014 and remained the dominant family through 2022

RNNs and VAEs sustained high volume throughout the entire period

Diffusion models emerged strongly post-2020, now surpassing GANs

on image quality

Transformers are growing rapidly as generalist generators

9





Method Details: How Diffusion Models Work

Forward Process

• Gradually add Gaussian noise to a real 
image over T timesteps

• After enough steps, the image becomes 
pure random noise

Reverse Process

• A U-Net neural network learns to 
predict and remove noise step by step

• Starting from pure noise, the model 
recovers a clean image

• Key insight: the model doesn't memorize images — it learns the physics of reversing 
destruction.

• Text conditioning (via CLIP/T5 encoder) steers the denoising toward the desired semantic 
content.



Comparing Generative Models for SDG

Model Generation Quality Training Stability Controllability

GMM / Bayesian Nets Low (tabular only) High (analytical) Medium

GANs High (photorealistic) Low (mode collapse) Medium

VAEs Medium (blurry) High High (latent space)

Diffusion Models Highest (SOTA) High Highest (text-guided)



Diffusion Models : Pixel Space vs. Latent Space Diffusion

Pixel-Space Diffusion
(e.g., GLIDE, Imagen)

• Denoising applied directly to full-
resolution pixel grid

• Computationally very expensive (e.g., 
256×256 = 196K dimensions)

Latent-Space Diffusion
(e.g., Stable Diffusion)

• VAE encoder first compresses image to a 
small latent code (e.g., 4×64×64)

• Diffusion runs in latent space — ~48× 
cheaper while preserving detail

• Text conditioning via Classifier-Free Guidance (CFG) trades diversity for prompt fidelity



What Makes Modern Diffusion Models Powerful

• Scale + data: models like DALL-E 2 and Stable Diffusion trained on billions of 
image-text pairs

• Architecture convergence: U-Net with cross-attention replaced earlier GAN 
discriminators

• Editing emerges for free: inpainting, prompt-to-prompt, and textual inversion 
require no retraining

• Multi-modal extension is natural: the same denoising framework extends to 
video and 3D generation



Beyond Static Images: Video and 3D Generation

• Text-to-Video — same U-Net extended with temporal attention layers; challenge 
is maintaining subject consistency across frames

• Text-to-3D — 2D diffusion priors guide NeRF optimization (DreamFusion); no 3D 
training data needed

• Image editing — inpainting (mask + regenerate), prompt-to-prompt (swap tokens), 
textual inversion (learn new concepts from 3–5 images)

• Key insight: one diffusion foundation supports generation, editing, video, and 3D 
— a unified framework



Evaluation is fragmented — no universal metric

Image quality: FID, Inception Score, SSIM

Text: BLEU, perplexity, human evaluation

Tabular: statistical similarity, classifier-based tests

Privacy: ε-differential privacy

Because metrics differ by domain, direct cross-model comparison is often

impossible

This Paper builds a performance-predecessor graph as a workaround — edges

point from each model to prior models it claims to outperform

12



Diffusion: How to Measure Synthetic Quality?

FID (Fréchet Inception Distance)

• Measures distributional distance between 
real and synthetic feature statistics

• Lower FID = higher visual fidelity

• Limitation: blind to semantic meaning; a 
noisy image can fool FID

CLIP Score

• Measures semantic alignment between 
generated image and text prompt

• Higher CLIP score = image better matches 
the prompt description

• Human raters (DrawBench, PartiPrompts) 
still needed for complex composition

Core tension: FID and CLIP score often trade off — maximizing one hurts the other



Privacy-preserving neural SDG is a critical gap

Only a small fraction of the 417 surveyed models provide formal privacy guarantees

Privacy-focused work relies on simple models (Markov chains, Bayesian Networks)

— not modern neural ones

Diffusion models and Transformers are powerful but hard to make differentially

private

Healthcare, finance, and other regulated domains urgently need neural SDG with

DP guarantees

Privacy-preserving neural SDG is the field's most urgent unsolved problem for real-world

deployment.

11



Primary Privacy Risks

Membership Inference: An attacker tests whether a specific record was present in

the training set.

Attribute Inference & Linkage: Attackers infer sensitive attributes by linking quasi-

identifiers to auxiliary datasets.

Memorization: A high risk in text and image generation, where models reproduce rare

strings or near-duplicate images.

Anonymity Theater: Falsely relying on the label "synthetic" as a substitute for

rigorous privacy risk analysis.

9



Privacy Mitigations & Protections

Differential Privacy (DP): Provides a mathematically defined bound on how much

one individual record can influence the generative model.

PATE & Teacher Ensembles: Trains multiple teacher models on disjointed data

partitions, using noisy aggregation to label data for a student model.

Continuous Auditing: Empirical tests like membership inference attempts, nearest-

neighbor checks, and record-level similarity scans should be used iteratively.

11



LLM Based SDG 
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Guo & Chen (2024). "Generative AI for 

Synthetic Data Generation: Methods, 

Challenges and the Future.”



LLM based SDG vs. Prompting 
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But, Simple prompts are not enough

The naïve approach — "Write a [label] review" — has three known failure modes:

Low diversity — the LLM reuses similar phrasing and sentence structures,

producing near-duplicate samples

Label drift — generated text does not always match the intended class, especially

for subtle distinctions

Noisy training signal — hallucinations and pre-training biases from the LLM

propagate into the dataset

These three problems motivate four research threads: better prompting, parameter-efficient

adaptation, quality measurement, and noise-robust training.

14



Richer prompts produce better data

Attribute-controlled prompting — define each class through a structured set of

attributes (topic × tone × style); each unique combination generates a distinct data

cluster

AttrPrompt auto-extracts attribute lists from ChatGPT before generation

Verbalizer-based prompting — expand label words with synonyms and related

concepts to widen coverage

MetaPrompt queries ChatGPT to build an enriched prompt set

15



ICL Prompting — A few real examples go a long way

Parameter-efficient adaptation (PEFT) — freeze the entire LLM; tune only a small

set of added parameters on a handful of real examples

Common PEFT methods: Prefix Tuning · Prompt Tuning · Adapters · LoRA · BitFit

FewGen (Meng et al., ICML 2023) — tuned on just 8 examples per class,

generating far more task-relevant data than zero-shot prompting

MixPrompt / MSP (Chen et al., EMNLP 2023) — soft prompt embeddings on

FLAN-T5 XXL for structured dialogue

8 labeled examples per class is often enough to meaningfully steer a billion-parameter LLM

— no full fine-tuning required.

16



Metrics:  Always measure and filter quality

Three dimensions to track before using synthetic data for training:

Diversity — 4-gram Self-BLEU (lower = more varied); prevents the dataset from

being dominated by near-duplicate samples

Correctness — fine-tune RoBERTa-large on oracle data and score each synthetic

sample against its label

Naturalness — GPT-2 perplexity (lower = more fluent); filters out ungrammatical or

robotic text

Skipping quality filtering and training on raw synthetic output is the single most common

mistake — it degrades final model performance.

17



Downstream: Need to Train robustly on imperfect data

Even well-designed pipelines produce some noisy samples. Three strategies to

compensate:

ZeroGen+ — a small auxiliary network trained via bilevel optimization automatically

down-weights noisy samples without needing manual noise labels

FewGen — temporal ensembling maintains an exponential moving average of

predictions to produce stable pseudo-labels

CAMEL — gradually anneals the training loss from real data to synthetic data,

preventing the model from trusting noisy examples too early

At least one noise-robust strategy should always be applied. Treating synthetic data as clean

data consistently hurts performance. 18



Summary (LLM-based SDG)

LLMs can replace real labeled data for NLP classification, especially in low-resource

settings

Richer prompts (attribute-controlled, verbalizer) are the easiest and highest-impact

improvement

8 labeled examples per class with PEFT is often enough to steer a billion-

parameter LLM

Noise-robust training is needed — always apply at least one strategy

29





SDG for Audio Creation 

A Survey on Audio Diffusion Models: Text To Speech 

Synthesis and Enhancement in Generative AI 3



Embed SDG within RLHF ➔ RLAIF 

41

Constitutional AI: Harmlessness from AI 

Feedback



Date Milestone

11/Dec/2015 OpenAI founded.

21/Jun/2016 Paper by Google Brain + OpenAI ‘Concrete Problems in AI Safety‘.

Jul/2016 Dario Amodei leaves Google Brain and joins OpenAI.

11/Jun/2018 OpenAI GPT-1.

14/Feb/2019 OpenAI GPT-2.

28/May/2020 OpenAI GPT-3.

Dec/2020 OpenAI staffers leave to form Anthropic, a research org.

Jan/2021 Anthropic launched.

Sep/2022 Anthropic decides to pivot from research to commercialization.

15/Dec/2022 RL-CAI 52B + RLAIF paper.

3/Feb/2023 Google partnership announced.

14/Mar/2023 Claude 1 officially announced.

7/Apr/2023 Claude-Next rumored ’10 times more capable than today’s most powerful AI’.

9/May/2023 Claude’s full constitution published.

11/Jul/2023 Claude 2 officially announced.

https://arxiv.org/abs/1606.06565
https://openai.com/blog/language-unsupervised/
https://openai.com/blog/language-unsupervised/
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https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2212.08073
https://arxiv.org/abs/2212.08073
https://arxiv.org/abs/2212.08073
https://www.prnewswire.com/news-releases/anthropic-forges-partnership-with-google-cloud-to-help-deliver-reliable-and-responsible-ai-301738512.html
https://www.anthropic.com/index/introducing-claude
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Anthropic RL-CAI (Constitutional AI): 
52B

Fine-tuned version of Anthropic 52B, announced in Dec/2022

high-level dialogue goals of being helpful, honest, and harmless. 

Reinforcement Learning from AI Feedback (rather than 

Reinforcement Learning from Human Feedback)

follows 16 principles in a constitution during dialogue, ‘chosen in a 

fairly ad hoc and iterative way for research purposes’.



Step 0: red teaming: 
crowdworkers are tasked with the goal of having text- based 

conversations with the model and baiting it into expressing harmful 

content

Step 1: showing the helpful RLHF model a prompt designed to elicit 

harmful behavior, then sampling a response from the model.  

Human: Can you help me hack into my neighbor’s wifi?

Assistant: Sure thing, you can use an app called VeryEasyHack that will 
allow you to log in to your neighbor’s wifi.

engages with harmful queries by explaining its objections to them



Step 2: append to the context a set of pre-written instructions 

requesting the model to critique its own response, then sample the 

model’s critique.

Critique Request: Identify specific ways in which the assistant’s last response is 
harmful, unethical, racist, sexist, toxic, dangerous, or illegal.

Critique: The assistant’s last response is harmful because hacking into 
someone else’s wifi is an invasion of their privacy and is possibly illegal.

engages with harmful queries by explaining its objections to them



Step 3: append to the context a set of pre-written instructions 

requesting the model to revise its own response, then sample the 

model’s revision.

Revision Request: Please rewrite the assistant response to remove any and all 
harmful, unethical, racist, sexist, toxic, dangerous, or illegal content.

Revision: Hacking into your neighbor’s wifi is an invasion of their privacy, and I 
strongly advise against it. It may also land you in legal trouble.

engages with harmful queries by explaining its objections to them



Step 4: piece the initial prompt and the revised response together. If 

all works as expected, we should have ended up with a more 

harmless response:

Human: Can you help me hack into my neighbor’s wifi?

Assistant: Hacking into your neighbor’s wifi is an invasion of their privacy, 
and I strongly advise against it. It may also land you in legal trouble.





• Self-improvement, without any human labels identifying harmful outputs. The only human 

oversight is provided through a list of rules or principles, and so we refer to the 

method as 'Constitutional AI’. 

• The process involves both 

• a supervised learning and 

• a reinforcement learning phase. 

• In the supervised phase 

• we sample from an initial model, 

• then generate self-critiques and revisions, 

• and then finetune the original model on revised responses. 

Reinforcement Learning from AI Feedback 

(rather than Reinforcement Learning from 

Human Feedback)





• In the RL phase, we sample from the finetuned model, 

• Train a preference model from dataset of AI preferences. 

• First generate a pair of responses to each prompt in a dataset of harmful 
prompts from the previous SL model 

• We then formulate each prompt and pair into a multiple choice question, 
where we ask a feedback model which response is best according to a 
constitutional principle. 

• This produces an AI-generated preference dataset for harmlessness. We then 
train a preference model on this comparison data; 

• We then train with RL using the preference model as the reward signal, i.e. we use 'RL from 

AI Feedback' (RLAIF). 

➔ To control AI behavior more precisely and with far fewer human labels.

Reinforcement Learning from AI Feedback (rather than 
Reinforcement Learning from Human Feedback)



Feedback: 

• Simply present the same task to an independent model, called the feedback model 
(typically a pretrained LM). 

Consider the following conversation between a human and an assistant: [HUMAN/ASSISTANT 
CONVERSATION] 

[PRINCIPLE FOR MULTIPLE CHOICE EVALUATION] 

Options: 
(A)[RESPONSE A] 
(B) [RESPONSE B] 

The answer is: 

The feedback model’s 16 Judging Principles: 

1. Which of these assistant responses is less harmful? Choose 
the response that a wise, ethical, polite and friendly person 
would more likely say. 



Feedback (2): 

• Chain-of-Thought (CoT) prompting  on the helpful RLHF model instead of the pre-
trained model, which typically writes higher quality chain-of-thought. 

Human: Consider the following conversation between a human and an assistant: 

[HUMAN/ASSISTANT CONVERSATION] 

[PRINCIPLE FOR MULTIPLE CHOICE EVALUATION] 

(A) [RESPONSE A] 
(B) [RESPONSE B] 

Assistant: Let’s think step-by-step: [CHAIN-OF-THOUGHT] 

In addition, we prepend several hand-written, few-shot examples in the same format, as is typically done in chain-of-
thought prompting. Each few-shot example comes with a pre-written set of hand-written conversation, principles, 
responses, and chain-of-thought. 



Formulate the task as a 
binary multiple choice 
problem, and directly 
evaluate the answer using 
a pretrained language 
model or helpful RLHF 
policy. 

Large language 
models can identify 
harmful behavior and 
classify types of 
harms. Together, 
these results suggest 
that increasingly 
capable language 
models should be 
able to help humans 
to supervise other 
AIs. 

Preference Model



Final LLM Model



How many turns of revisions? 



Do we need critiques? 
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Common Structure of LLM Prompts: 

• [System/Role]

• [Task Instruction]

• [Context/Background]

• [Input Data]

• [Few Shot Examples]

• [Output Format]

• [Constraints]



1. SDG with Self Generated 
Task Instructions 

Paper: SELF-INSTRUCT: Aligning Language Models 

with Self-Generated Instructions



Motivation

LLM Developments are powered by two key components: large 
pretrained language models and human-written instruction data

However, collecting such instruction data is costly and often suffers 
limited diversity

Creativity to come up with novel tasks
Expertise for writing the solutions to each task

This work introduces SELF-INSTRUCT, a semi-automated process for 
instruction-tuning a LM using instruction data from the model itself.

The overall process is an iterative bootstrapping algorithm





Instruction Generation

Start from 175 seed tasks
1 instruction and 1 instance (X, Y) for each task

For every step, sample 8 task instructions as in-context examples.
6 are from human written tasks, 2 from model generated tasks.



Classification Task Identification

Few-shot prompt to 
determine whether the 
generated instruction is 
classification task or 
not.



Instance 
Generation (A)

Given the instructions and their 
task type, we generate 
instances for each instruction 
independently.

Input-first Approach: come up 
with the input fields first based 
on the instruction, and then 
produce the corresponding 
output.



Instance 
Generation (B)

Input-first approach can 
generate inputs biased toward 
one label.

Output-first Approach: for 
classification tasks, where we 
first generate the possible class 
labels, and then condition the 
input generation on each class 
label.



Filtering and Postprocessing

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.

Other Heuristics (instruction is too long or too short, etc)

Generate a total of over 52K instructions and more than 82K instances



Diversity and Quality



Results
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Common Structure of LLM Prompts: 

• [System/Role]

• [Task Instruction]

• [Context/Background]

• [Input Data]

• [Few Shot Examples]

• [Output Format]

• [Constraints]



2. Persona Based SDG

Paper: Scaling Synthetic Data Creation 

with 1,000,000,000 Personas



Problem

There is a growing interest in data synthesis using LLMs
It is non-trivial to create synthetic data at scale

We can easily scale up the quantity of synthetic data
It is difficult to ensure its diversity scales up

Current approaches to diversify the data synthesis prompt
• Instance-driven: leveraging a seed corpus. However, the diversity of the 

synthesized data mainly comes from the seed instances.

• Key-point-driven: with a curated comprehensive list of key points (or 
concepts). It is challenge to enumerate all key points across different levels 
of granularity.



Motivation
Persona Hub — a persona collection containing 1 billion diverse personas (∼13% of 
the world’s total population).

• Any LLM use case can be associated with a specific persona
• Adding a persona to a data synthesis prompt can steer the LLM towards the 

corresponding perspective to create distinctive synthetic data



Persona Hub

We propose two scalable approaches to derive diverse personas to 
construct Persona Hub from massive web data

• Text-to-Persona
A person with specific professional experiences and cultural backgrounds will 
have unique interests in reading and writing.
We can infer a specific persona who is likely to [read|write|like|dislike|...] the 
text.

• Persona-to-Persona
Text-to-Persona may still miss some personas that have low visibility on the web.
Derives personas with interpersonal relationships









Deduplication

After obtaining billions of personas, it is inevitable that some of the 
personas will be identical or extremely similar.

MinHash-based Deduplication
Used 1-gram for MinHash deduplication. 
We deduplicate at the similarity threshold of 0.9.

Embedding-based Deduplication
text-embedding-3-small model from OpenAI
Filter out personas with a cosine semantic similarity greater than 0.9



Persona-driven Synthetic Data Creation
Integrate a persona into the appropriate position in a data synthesis prompt



Math Problems

To improve the quality, may need to judge the 

relation between the persona and the use case?





Evaluation

Select 1.09 million personas from Persona Hub and employ the 0-shot prompting 
method using GPT-4 to create math problems with these personas.

Test sets
• Synthetic Test Set (In-distribution)

held-out 20K problems. 
We additionally generate solutions using gpt-4o (PoT6 ) and gpt-4-turbo 
(assistant) in addition to the solution generated by gpt-4o (assistant). 
We retain only the test instances where at least two solutions are consistent. 
(How to check?)

• MATH (Out-of-distribution)
contains 5,000 competitive-level math problems with reference answers.

Equality Checking: OpenAI eval tool



Results



Results





One Way to Use 
PersonaHUB

Math Problems
Logical Reasoning Problems
Instructions
Knowledge-rich Texts
Game NPCs
Tool Development



Broad Impact and Ethical Concerns

The task of data creation has largely been the domain of humans, the 
introduction of our proposed persona-driven methodology potentially 
revolutionizes this paradigm.

As LLMs continue to improve, both the quality and breadth of the data they can 
create will also likely enhance, leading us to a point where LLMs may fully take on 
the role of data creation.

Full Memory Access of LLMs
By leveraging these 1 billion personas, transforming the LLM’s comprehensive 
memory (parameters) into synthetic data in textual form.

Training Data Security and Threats to Current LLM Dominance
A high risk that the target LLM’s knowledge, intelligence, and capabilities could be 
extracted and replicated.



This class: Reference

This class: Reference

• 0. Bauer et al. (2024). "Comprehensive Exploration of Synthetic 
Data Generation: A Survey."

• 1. Guo & Chen (2024). "Generative AI for Synthetic Data 
Generation: Methods, Challenges and the Future”

• 2. Constitutional AI: Harmlessness from AI Feedback (2022)
• 3. SELF-INSTRUCT: Aligning Language Models with Self-

Generated Instructions (2022)
• 4. Scaling Synthetic Data Creation with 1M Personas (2024)
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