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Pre-Training vs Post Training

• Pre-training is the first and largest stage of training an LLM. Pre-training is the phase where a large 
language model learns general language patterns by analyzing massive amounts of text. Outcome is a 
base/foundational model that:

– Knows language well

– Generates coherent text

– But does NOT reliably follow instructions

– And is not aligned with human values or safety expectations

• Post-training refers to everything done to a base model after pre-training to make it more useful, safer, and 
better aligned with human expectations.

• Pre-training teaches a model general language ability, but post-training transforms a raw model into a 
helpful assistant.

https://todatabeyond.substack.com/p/visual-guide-to-llm-preference-tuning



LLM Post-training 
• Consider the following failed examples of following instructions from early work with GPT (Ouyang et 

al., 2022).
• Here, the LLM ignores the intent of the request and relies 

instead on its natural inclination to autoregressively 

generate continuations consistent with its context. In the 

first example, it outputs a text somewhat similar to the 

original request, and 

• in the second it provides a continuation to the given input, 

ignoring the request to translate.

• We can summarize the problem here is that LLMs are 

not sufficiently helpful: they need more training to be able 

to follow instructions.

• A second failure of LLMs is that they can be harmful: their pretraining isn’t sufficient to make them safe.

• They can generate text that is dangerous, suggesting that people do harmful things to themselves or 

others. 

• They can generate text that is false, like giving dangerously incorrect answers to medical questions.

• They can verbally attack their users, generating text that is toxic.

• One reason LLMs are too harmful and insufficiently helpful is that their pre-training objective (success at 

predicting words in text) is misaligned with the human need for models to be helpful and non-harmful.



LLM Post-training 

• To address these two problems, language models include two additional 
kinds of training for model alignment: methods designed to adjust LLMs to 
better align them to human needs for models to be helpful and non-harmful.
– In the first technique, instruction tuning (sometimes called SFT for supervised finetuning), 

models are finetuned on a corpus of instructions and questions with their corresponding 
responses. We’ll describe this in the next section. 

– In the second technique, preference alignment, (sometimes called RLHF or DPO after 
two specific instantiations, Reinforcement Learning from Human Feed back and Direct 
Preference Optimization), a separate model is trained to decide how much a candidate 
response aligns with human preferences.

• We’ll use the term base model to mean a model that has been pretrained but
hasn’t yet been aligned either 
– by instruction tuning or 

– preference alignment. 

• And we refer to these steps as post-training



LLM Post-training 

• Post-training refers to everything done to a base model after pre-training to 

make it more useful, safer, and better aligned with human expectations.

Pre-training teaches a model general language ability, but post-training 

transforms a raw model into a helpful assistant.

• Why post-training matters

– Pre-training alone does not make a model good at following instructions or being safe.

– Base models often ignore instructions, hallucinate, or behave unpredictably. 

[web.stanford.edu]

– Post-training enhances task performance, tone, reasoning, safety, and reliability. 

[opendatascience.com]

https://web.stanford.edu/~jurafsky/slp3/9.pdf
https://opendatascience.com/understanding-llm-post-training-a-deep-dive-with-maxime-labonne-at-odsc-east-2025/


Instruction Tuning

• Instruction tuning (short for instruction finetuning, and sometimes even 

shortened to instruct tuning) is a method for making an LLM better at 

following instructions. 

• It involves taking a base pretrained LLM and training it to follow 

instructions for a range of tasks, from machine translation to meal 

planning, by finetuning it on a corpus of instructions and responses.

• Instruction tuning is a form of supervised learning where the training data 

consists of instructions and we continue training the model on them using the 

same language modeling objective used to train the original model. In the 

case of causal models, this is just the standard guess-the-next-token 

objective. 



Instruction tuning compared to the other kinds of finetuning.



Instructions as Training Data
• By instruction, we have in mind a natural language description of a task to be performed, combined with labeled task 

demonstrations.

• Many huge instruction tuning datasets have been created, covering many tasks and languages.

• Developing high quality supervised training data is usually time consuming and costly unless you use the copious amounts 
of supervised training data that have been curated over the years for a wide range of natural language tasks like SQuAD, 
Aya, etc..

• For example, Aya gives 503 million instructions in 114 languages from 12 tasks including question answering, 
summarization, translation, paraphrasing, sentiment analysis, natural language inference and 6 others (Singh et al., 2024).



Instructions as Training Data

Fig. 9.3 illustrates examples for some applications from the 
SUPERNATURALINSTRUCTIONS resource (Wang et al., 2022), showing relevant
slots as text, context, and hypothesis.



Instructions as Training Data

• The ground-truth labels are extracted from the training data, encoded as key/value 
pairs,and inserted in templates (Fig. 9.4) to produce instantiated instructions.



Instructions as Training Data

• Fig. 9.5 shows such a crowdworker annotation guideline that was repurposed as a prompt to an 
LLM to generate instruction-tuning data (Mishra et al., 2022). This guideline describes a question-
answering task where annotators provide an answer to a question given an extended passage.



Fig. 8 Summary of instruction categories, which are categorized into 15 groups

Datasets for large language models: a comprehensive survey [pdf]

https://link.springer.com/content/pdf/10.1007/s10462-025-11403-7.pdf
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https://link.springer.com/content/pdf/10.1007/s10462-025-11403-7.pdf


Instruction Tuning (Supervised Fine-Tuning / SFT)

Instruction tuning fine-tunes a pre-trained model on datasets consisting of instructions paired with correct 
responses.
• The goal is to teach the model to actually follow instructions, not just predict the next token.
• Also known as Supervised Fine-Tuning (SFT). [web.stanford.edu]
What it fixes
Before instruction tuning, LLMs often:
• Ignore the user's request
• Produce irrelevant continuations
• Fail to follow task cues

Examples from early GPT models demonstrated these limitations. [web.stanford.edu]
What instruction tuning provides
• Better task following
• Better formatting
• More helpful responses
• A foundation for the alignment phase [web.stanford.edu]

https://web.stanford.edu/~jurafsky/slp3/9.pdf
https://web.stanford.edu/~jurafsky/slp3/9.pdf
https://web.stanford.edu/~jurafsky/slp3/9.pdf


Instruction-tuning (SFT) datasets

Below is a clean, citation-supported list of widely used instruction-tuning (SFT) datasets based on the 
most relevant search results.

 Instruction-Tuning (Supervised Fine-Tuning) Datasets
 1. Nemotron-Post-Training-Dataset-v2 (NVIDIA, 2025)

• Size: 6.34M samples
• Content: Math, code, general reasoning, multilingual (ES, FR, DE, IT, JA)
• Used for: Nemotron-Nano-9B-v2 [github.com]

 2. smoltalk2 (Hugging Face, 2025)
• Size: 3.38M samples
• Includes: OpenThoughts3, Tulu 3, multilingual data
• Used for: SmolLM3 models [github.com]

https://github.com/mlabonne/llm-datasets
https://github.com/mlabonne/llm-datasets


Instruction-tuning (SFT) datasets
 3. open-perfectblend (2024)

• Size: 1.42M samples

• Content: General-purpose instruction tuning (chat, math, code, reasoning) [github.com]

 4. Orca-AgentInstruct-1M-v1 (Microsoft, 2024)

• Size: 1.05M samples

• Notes: Subset of AgentInstruct; used in Orca-3-Mistral [github.com]

 5. OpenCodeInstruct (Code-focused, 2025)

• Size: 5 million samples

• Content: Programming questions, solutions, test cases, execution feedback

• Purpose: Code LLM instruction fine-tuning (LLaMA, Qwen variants) [arxiv.org]

https://github.com/mlabonne/llm-datasets
https://github.com/mlabonne/llm-datasets
https://arxiv.org/abs/2504.04030


Other Notable Instruction-Tuning Datasets

 6. Alpaca (52K)
• Early widely used synthetic SFT dataset 

(GPT-3 generated)

• Known limitations, but highly influential 
[lxt.ai]

 7. FLAN Collection

• Converted NLP tasks into instruction 
format

• Large mixture of instruction tasks [lxt.ai]

 8. Dolly-15K

• Employee-written instructions and 
responses

• Used to train Databricks Dolly [lxt.ai]

 9. OpenAssistant (OASST1)

• Community-sourced multi-turn assistant dataset

• Diverse conversational instructions [lxt.ai]

 10. ShareGPT

• Real user conversations scraped from GPT outputs

• Commonly used for early chat-model SFT [lxt.ai]

https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/


Widely Used Instruction-Tuning (Supervised Fine-Tuning) Datasets Summary

Dataset Size Domain Source

Nemotron-Post-Training-v2 6.34M
General, multilingual, code, 

math
[github.com]

smoltalk2 3.38M General + reasoning [github.com]

open-perfectblend 1.42M Chat, math, code, reasoning [github.com]

Orca-AgentInstruct-1M 1.05M General [github.com]

OpenCodeInstruct 5M Code instructions [arxiv.org]

Alpaca 52K General [lxt.ai]

FLAN Multi-million
General NLP task 

reformulations
[lxt.ai]

Dolly-15K 15K General instructions [lxt.ai]

OpenAssistant OASST ~100K Multi-turn chat [lxt.ai]

ShareGPT ~100K+ Real conversations [lxt.ai]

https://github.com/mlabonne/llm-datasets
https://github.com/mlabonne/llm-datasets
https://github.com/mlabonne/llm-datasets
https://github.com/mlabonne/llm-datasets
https://arxiv.org/abs/2504.04030
https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/
https://www.lxt.ai/datasets/instruction-tuning/


Instruction fine-tuning datasets four types based on construction methods

Datasets for large language models: a comprehensive survey [pdf]

As shown in Fig. 9, these datasets are classified into four types based on construction methods: (a) human generated 

datasets, (b) model constructed datasets, (c) collection and improvement of existing datasets, and (d) datasets created 

with multiple methods. 

https://link.springer.com/content/pdf/10.1007/s10462-025-11403-7.pdf


General instruction fine-tuning datasets 

Datasets for large language models: a comprehensive survey [pdf]

https://link.springer.com/content/pdf/10.1007/s10462-025-11403-7.pdf


General instruction fine-tuning datasets 

Datasets for large language models: a comprehensive survey [pdf]

Language: “EN” indicates English, “ZH” indicates Chinese, “AR” indicates Arabic, “PL” indicates Programming Language, “Multi” indicates Multilingual, and the number in 

parentheses indicates the number of languages included. “CM” indicates Construction Methods, where “HG” indicates Human Generated Corpora, “MC” indicates Model 

Constructed Corpora, and “CI” indicates Collection and Improvement of Existing Corpora. 

https://link.springer.com/content/pdf/10.1007/s10462-025-11403-7.pdf
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