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Why synthetic data? 

● Human data is hard to collect, limited, low-quality, and sometimes closed-sourced



Wait… distillation?

Setting: Student (weak) and Teacher (strong)

Goal: match student prob. distribution to teacher prob. Distribution

Method: 

● minimizing cross entropy between student and teacher soft logit 
distribution

● training student on generated token outputs of teacher model (= synthetic 
data)
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Method: 

● minimizing cross entropy between student and teacher soft logit 
distribution

● training student on generated token outputs of teacher model (= synthetic 
data)

For today: distillation            student model training on synthetic data from 
teacher model

Question: Is distillation/synthetic data an effective way to train models? 
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This Presentation

Is synthetic data an effective way to train models? 

- Alpaca: A Strong, Replicable Instruction-Following Model
- IT, use teacher model to generate not only outputs, but also prompts/input

- Textbooks are All You Need
- Uses real data to seed generation

- The False Promise of Imitating Proprietary LLMs 
- Shallow alignment
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Back in the old days…

Everyone: We need instruction following models! 

OpenAI: Yay we have instruction following models! (InstructGPT, ChatGPT)

Academia / open-source: 😑
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Q: How can we generate synthetic data to 
train LLaMA to instruction-follow? 

Need: scalable & cheap method for IT



Brainstorming session

Setting: We have a good teacher model (OpenAI text-davinci-003) and a student 
model (LLaMA)

Question: How can we generate synthetic data from text-davinci-003 to train 
LLaMA to instruction-follow? 
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Brainstorming session

Setting: We have a good teacher model (OpenAI text-davinci-003) and a student 
model (LLaMA)

Question: How can we generate synthetic data from text-davinci-003 to train 
LLaMA to instruction-follow? 

We need: 

● Instructions
● Outputs -> easy -> prompt text-davinci-003 with instructions

Harder question: How can we generate good instructions? 
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Getting new instructions

Seed set of instructions
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Pool of instructions

Prompt model to generate 
new instructions



Getting new instructions

Seed set of instructions
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Pool of instructions

Prompt model to generate 
new instructions

Heuristic Filtering



Self-instruct Pipeline
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Self-instruct Pipeline
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Alpaca’s full pipeline
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Stage 1: task generation



Self-instruct Stage 1: task generation
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"instruction": "Is there anything I can eat for a 
breakfast that doesn't include eggs, yet includes 
protein, and has roughly 700-1000 calories?"
"output": "Yes, you can have 1 oatmeal banana 
protein shake and 4 strips of bacon. The 
oatmeal banana protein shake may contain 1/2 
cup oatmeal, 60 grams whey protein powder, 
1/2 medium banana, 1tbsp flaxseed oil and 1/2 
cup watter, totalling about 550 calories. The 4 
strips of bacon contains about 200 calories."

Hmmm… 



Stage 2: finetuning
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Alpaca is here to save the day!

Alpaca: A Strong, Replicable Instruction-Following Model

● Behaves similar to OpenAIʼs text-davinci-003!
● Just needs 52K instruction-following demonstrations (Synthetic!!)
● < 600$ to reproduce! 
● Open-weights!!
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Alpaca Report

Results: “Alpaca shows many behaviors similar to OpenAIʼs text-davinci-003, but 
is also surprisingly small and easy/cheap to reproduce”

Significance: using teacher model to generate synthetic outputs AND inputs to 
cheaply align student models to instruction follow

Follow-up: Vicuna

● Used real user interaction with ChatGPT - more realistic distribution of 
topics
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This Presentation

Is distillation an effective way to train models? 

- Alpaca: A Strong, Replicable Instruction-Following Model - Yes
- Textbooks are All You Need
- The False Promise of Imitating Proprietary LLMs
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Textbooks Are All You Need
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Textbooks Are All You Need
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Slides from 09/04



Problems with Web Coding Data
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1. Not Self Contained 2. Boilerplate

3. Poorly Documented 4. Unbalanced



Filtered Web Dataset
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35B Tokens

100k samples
Quality Label

Classifier 
Filter

Filtered Web Data
6B Tokens

12.19% ⇒ 17.69% on HumanEval
(350M parameter model)



Synthetic Textbook Dataset
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Synthetic Textbook Data
1B tokens 

Topic and 
Audience 

Constrained 
Prompts

Textbook Data
1B tokens 



Synthetic Exercise Dataset
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Synthetic Exercise Data
180M tokens 

Function Name 
Constrained 

Prompts
Exercise Data
180M tokens 



Data Composition

41



Models
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Filtered Web Data
6B tokens

Textbook Data
1B tokens 

Pretrain

Exercise Data
180M tokens 

Fine-tune
phi-1-base

(1.3B)
phi-1
(1.3B)

… phi-1-small
(350M)… 



Results: problem solving
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Results: using packages
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Results: chat capability
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Results: evaluation
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This Presentation

Is distillation an effective way to train models? 

- Alpaca: A Strong, Replicable Instruction-Following Model - Yes!
- Textbooks are All You Need - Yes!
- The False Promise of Imitating Proprietary LLMs
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The False Promise of Imitating Proprietary LLMs

After all this hype - is imitation really our life savior? 

In this paper, authors claim that Imitation models are good at mimicking style but not 
factuality -> can be a good and bad thing (can cause hallucinations, but also inhibit toxicity)

Imitation models should only be used if it will be applied in  a very narrow domain

Improvements through distillation taper out 

Any differences youʼd make in experimental setup? 

Limitation - did not ablate data quantity for narrow domain, choice of Natural Question 
(knowledge of wiki entities) is very shallow and easy to imitate
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Task Specific Imitation

6000 ChatGPT Generated 
Wikipedia Entity Facts

Broad Skill Imitation

50k ShareGPT Dialogues

51k HC3 Prompts/Responses

10k Discord ChatGPT Bot 
Dialogues

Setup

1.5B Params 7B Params 13B Params
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Task Specific Results

Strong results on task specific domains
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Broad Skill Results: Toxicity

Less toxic after board skill fine-tune
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Broad Skill Results: Similarity

Mimic teacherʼs style
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Broad Skill Results: Downfalls

Scaling data doesnʼt help

“STOP IMITATING, BUILD BETTER BASE MODELS!!!”

Scaling base model helps, but not close to teacher
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Broad Skill Results: Style Imitation

Imitates style, but factually incorrect



Lessons from False Promise

● Learn specific tasks

● Imitate style/persona/safety

● Alternative to expensive annotation 
for fine-tuning

55

● Acquire broad-coverage behavior

● Solve challenging tasks e.g. faculty, 
coding, problem solving

● Learn new knowledge

Can imitation ever be good enough???



Impact 
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Alpaca and Textbooks are early works using synthetic data, and we now use 
synthetic data in many ways:

● Synthetic pretraining -> Rephrasing the Web, Cosmopedia, Beyond Web

● Synthetic SFT -> Tulu 3

● Preference Model Data -> RLAIF

● Online RL -> PPO, GRPO, Deepseek v1

● Distillation to small model -> Orca

False Promise solidified common understanding that fine-tuning is only a 
knowledge extractor



Discussion points

1. Can model B use synthetic data that was generated from model A 
and outperform A? 

2. Given infinite GPT-5 inference credit or infinite training compute, 
would you rather train from scratch or imitate GPT-5 ?

3. How else could we use synthetic data?
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Synthetic Data & Distillation
Proponents
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Why is imitation/distillation useful?

1. Synthetic data can improve performance on targeted tasks/goals

2. Provides smaller alternatives for closed-source models, which gives 
the ability to run models locally

3. Well-designed data curation methods can be used in the future with 
better models to obtain better data
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Point #1
Synthetic data can improve performance on targeted tasks/goals
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Example of targeted task: Factual knowledge

● Task-specific models are widely used!
● Gudibande et. al. show that performance is strong after imitation on 

Natural Questions-style data
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Generic imitation data
Task specific imitation data



Example of targeted task: Factual knowledge

● Follow up questions:
○ What is the effect of the amount of imitation data on the performance 

of a task specific model?
○ For what types of tasks does imitation improve performance?
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Example of targeted goal: Safety

● Gudibande et. al. also show that imitation improves safety
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Coding-based tasks

● Gunasekar et. al. find that Phi-1 has strong performance while being 
significantly smaller than competing schemes (~1.3B params)
○ Specific use case: Python code generation
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Generalization for targeted tasks

● Task-specific distillation can generalize to unseen tasks!
○ For Phi-1: importing libraries, unconventional coding problems, etc.
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No Tkinter or 
Pygame!



Point #2
Provides smaller alternatives for closed-source models
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Model size
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Distilled models are a order of magnitude smaller in size, yet similar in 
performance to closed-source models!

~7B params ~1.3B params



Training cost

● Relatively cheap; Alpaca trained with <$100 and is completely open 
source and reproducible 
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Point #3
Good data curation methods can be re-used in the future
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Alpaca data generation method

● Synthetic data generation pipeline is well-principled, uses Self-Instruct seed 
data and then generates data in the same style (52K examples/~25M tokens)

70$500 using GPT-3.5! ~$250 using GPT-5!



Phi-1 data generation method

● “Textbook-driven” synthetic data is an approach that is similar to how a 
human would learn
a. Pretraining done with CodeTextbook, contains natural language and code 

snippets (i.e., a mini-Jupyter notebook)

b. Finetuning done with CodeExercises dataset, contains docstring of a function 
that needs to be completed
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Overall
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Key takeaways

1. On targeted tasks/goals, imitation/distillation gives strong performance (i.e., 
the Phi models)

2. When imitation/distillation is done right (i.e., with a well-designed generation 
pipeline) same techniques can be used in the future to create better models

3. Both Alpaca and Phi are much smaller than closed-source equivalents

a. Provides the ability to run models locally!

b. Closed-source model providers can benefit from distillation as well
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Follow up questions

What synthetic data diversity and quality is needed to match closed source 
models? 
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Follow up questions

What synthetic data diversity and quality is needed to match closed source 
models? 
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Gudibande et al. claim:



Follow up questions

● This is a strong claim to make after only testing one method to create 
synthetic data

● Further work should be done to see:
○ How does the diversity and quality of synthetic data impact 

performance?
○ As the authorʼs mention themselves: What are the results if we create 

synthetic data via RLHF, constitutional AI, or active learning?
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Synthetic Data & Distillation
Critics
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Are there enough evidence to support synthetic data?

Alpaca: the evaluation focused on instruction following in domains 
similar to those in the Alpaca synthetic data. Less is known about 
out-of-distribution tasks, or very different prompts!

Textbook: even with the data decontamination effort, the train/test data 
could still overlap semantically. For coding problems, it is fairly easy to 
modify part of problem description to avoid the N-gram overlap, and 
embedding and syntax-based similarity analysis could be cheated too.
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Synthetic Generations exacerbate Contamination? 

Several papers have shown significant contamination across major benchmarks

● GPT-4 shows ~25% contamination on HumanEval
● LLaMA 2 70B shows ~11% contamination on MMLU

Use of synthetic data generated by these models will make it harder to evaluate 
contamination and contain its effects.
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Further, can GPT/LLaMA generated content have paraphrased versions of 
benchmark test cases?

> Will render n-gram decontamination ineffective!
> Cycle where synthetic data approaches appear successful due to contaminated 
evaluation (not improved capabilities) 



Are there enough evidence to support synthetic data?

Textbook (cont'd): evaluation was on HumanEval. Even without 
contamination, HumanEval is small and not rigorous enough.

(From: Is Your Code Generated by ChatGPT Really Correct? Rigorous 
Evaluation of Large Language Models for Code Generation)
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Are there enough evidence to support synthetic data?

False Premises: No evidence showed more synthetic data = better 
performance. However, scaling model size yields clearer signals.
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Are there enough evidence to support synthetic data?

False Premises: Human/Crowd Workers evaluation is not accurate.

Human preferences are driven by styles, and models can learn style from 
synthetic data/distillation, which does not reflect true model capabilities
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Can models trained with synthetic data be better?

Although Textbook's eval showed that Phi-1 (50.3%) > GPT-3.5 (47%) on 
HumanEval, this is not significant evidence, as Phi-1 contains data from 
web as well (not same baseline).

Both Textbook and Alpaca did not show models trained with synthetic 
data can be better than the distilled model.
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Diminishing Gains with Scaling Up?
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Initial Code-LMs
No improvement with 
increase in dataset size

LLMs Emerge
Increase in parameters 
leads to a small boost

GPT-4 achieves 67%

New models share 
similar traits



Style versus Substance

Is improved performance truly 
achieved using improved data 
quality?

What would happen if CodeExercises 
were not formatted as HumanEval 
problems? Would we still see the 
boost in performance? Possible 
contamination?

85



Contradiction with Scaling Laws & False Promises 
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Need for base model to 
be capable 

Imitation data is not 
representative of the 
true distribution → 
Quickly hit a ceiling in 
performance gains



Model Compression: Matching true distributions
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Bucila et al. (Model Compression, SIGKDD 
2006) demonstrated that distillation works 
best when the target task closely matches 
the original ensemble's capabilities. 

They ensured identical synthetic data 
distributions…

synthetic data approaches attempt to 
compress capabilities across vastly 
different domains + scales, violating the 
fundamental assumptions of compression.



LIMA: Less Is More for Alignment
Quality & diversity matter over quantity
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Data Source
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Result
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Why is Less More?

Diversity/Quality                                                 Quantity
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