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Pretraining to Posttraining Pipeline

Posttraining

@ Pretraining: Train on large text datasets.

@ Instruction tuning (SFT): fine-tune on human instructions.

@ RLHF: refine with human feedback and reinforcement learning.
@ Deployment: use the model for real-world applications.

More recent reasoning models also require RL training of reasoning capability.



Instruction Tuning: What it Achieves

Instruction tuning aligns a pretrained LLM to follow human instructions by learning from
prompt—response examples.

@ Behavior alignment: outputs become more consistent with user intent.
@ Generalization: can transfer to new tasks described in natural language.

[Pretrained Model} >[Instruction-Tuned Model] :[RLHF / Deployment]
A
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Supervised Fine-Tuning (SFT): Data Format

SFT adapts a pretrained language model to follow human instructions using labeled
prompt—response pairs.

Prompt: Desired Answer:
"What is the capital of France?” “Paris”

@ Applied after pretraining and before RLHF.
@ Learn instruction following and task adaptation.
@ Quickly adds useful capabilities before RL refinement.

How do we construct instruction data with good quality, quantity, and diversity?



Instruction Tuning Task Example

To achieve diversity, instruction tuning data should include a diverse set of tasks, each
with its own prompt-response pairs.

Example task: summarization

@ Input: Article

@ Output: Human-written summary

@ Train model to predict summary from article

Benefits

@ Better instruction following

@ Task specialization

@ Much cheaper than full pretraining

Task diversity is essential, and diversity in tasks can lead to task generalization ability
beyond seen tasks.



Sources of Instruction Tuning Data

Two primary sources:
@ Human-curated data

o Human
task description

@ LLM-generated data

) i GPT . , GPT/Human .
seed instructions more instructions filtered output




Human-Curated Data: Pros and Cons

@ Pros:
* High-quality
® Domain-specific
e Often more reliable

@ Cons:
® Expensive
* Slow to create
e Difficult to scale

Source: Wang, Mishra, et al. (2022). “Super-naturalinstructions: Generalization via

declarative instructions on 1600+ nlp tasks”. arXiv preprint arXiv:2204.07705

Task Instruction

“... Given an utterance and recent dialogue context containing past 3
utterances (wherever available), output ‘Yes’ if the utterance
contains the small-talk strategy, otherwise output ‘No’. Small-talk is
a cooperative negotiation strategy. It is used for discussing topics
apart from the negotiation, to build a rapport with the opponent.”

Positive E:

« Input: “Context: ... ‘That's fantastic, I'm glad we came to
something we both agree with.” Utterance: ‘Me too. I hope you
have a wonderful camping trip.””

* Output: “Yes”

« Explanation: “The participant engages in small talk when wishing
their opponent to have a wonderful trip.”

Negative E:

« Input: “Context: ... ‘Sounds good, I need food the most, what is
your most needed item?!” Utterance: ‘My item is food too’”

* Output: “Yes”

« Explanation: “The utterance only takes the negotiation forward

and there is no side talk. Hence, the correct answer is ‘No’.

Evaluation Instances

Tk-Instruct

« Input: “Context: ... ‘I am excited to spend time
with everyone from camp!’ Utterance: ‘That’s
awesome! I really love being out here with my
son. Do you think you could spare some food?””

« Expected Output: “Yes”



https://arxiv.org/abs/2204.07705
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LLM-Generated Data

Pros:
@ Use LLMs to produce instruction data.
@ Easily scalable and cost-effective.

Cons:
@ Quality control: may contain errors.
@ Requires filtering and post-processing.
@ Bias propagation from the LLM model.

Source: Wang, Kordi, et al. (2022). Self-Instruct: Aligning Language Model

with Self Generated Instructions. arXiv preprint arXiv:2212.10560

Instruction: Given an address and city, come up
with the zip code.

Input:

Address: 123 Main Street, City: San Francisco <:>
Output: 94105

Instruction: I am looking for a job and I need to
fill out an application form. Can you please help
me complete it?

Input:

Application Form:

Name : Age: Sex:

Phone Number: Email Address:

Education:

Output:

Name: John Doe Age: 25 Sex: Male
Phone Number:

Instruction: How to write a code for converting
degrees fahrenheit to celsius.
Input: Null

Output:
def convert_fahrenheit to_celsius(fahr):
celsius = (fahr - 32) * 5 / 9

. </>
return celsius /
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Key Factors in Instruction Data Generation

@ Quality: high-quality data enhances model performance.

@ Quantity: LLMs require massive amounts of data for instruction tuning.

@ Diversity: essential for generalization to unseen tasks.

¢ Different tasks across multiple domains.
¢ Different instruction types: Zero-shot, few-shot, and chain-of-thought examples.



Natural Instructions: Human-Curated Instruction Data

@ Source: crowdsourced human-written instructions.

@ Scale: 61 NLP tasks, 193k instances.

@ Structure: title, definition, examples, and constraints.

@ Goal: train on seen tasks and generalize to unseen tasks.

Result:
@ Detailed instructions improve generalization to unseen tasks.
@ About 19% improvement reported in held-out evaluation.



Human-Curated Data: Super-Natural Instructions

Human-curated tasks and instructions by

NLP experts to train models to generalize to

unseen tasks.

Statistic Value
# of tasks 1616
# of task types 76
# of languages 55
# of domains 33
# of non-English tasks 576
Avg. definition length (words per task) 56.6
Avg. # of positive examples (per task) 2.8
Avg. # of negative examples (per task) 2.4
Avg. # of instances (per task) 3106.0

Source: Wang, Mishra, et al. (2022). “Super-naturalinstructions: Generalization via declarative instructions on 1600+

nlp tasks”. arXiv preprint arXiv:2204.07705
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Comparison to Natural Instructions

Resource — Sup-Natinst | Natinst
Has task instructions? v v
Has negative examples? v v
Has non-English tasks? v X

Is public? v v

# of tasks 1616 61

# of annotated task types 76 6
Avg. task definition length (words) 56.6 134.4

Table: Comparison of Super-Natural and Natural Instructions



Example Task for Human Expert: Cause Effect Classification

Task Type | Cause Effect Classification

Task ID task828_copa_cause_effect_classification

Definition | In this task you are given two statements. You must judge whether the second sentence
is the cause or effect of the first one. Label the instances as “cause” or “effect” based
on your judgment. The sentences are separated by a newline character.

Positive Input: The women met for coffee. They wanted to catch up with each other.

Example Output: cause
Explanation: The women met for coffee because they wanted to catch up with each
other.

Negative Input: My body cast a shadow over the grass. The sun was rising.

Example Output: effect
Explanation: The rising of the sun isn’t an effect of casting a shadow over the grass.

Instance Input: The woman tolerated her friend’s difficult behavior. The woman knew her friend
was going through a hard time.
Valid Output: [“cause”]




Results: Importance of Task Diversity
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Source: Wang, Mishra, et al. (2022). “Super-naturalinstructions: Generalization via declarative
instructions on 1600+ nlp tasks”. arXiv preprint arXiv:2204.07705

ROUGE-L measures the similarity between a system-generated response and a reference response (human created)
based on the longest common subsequence (LCS) between them. It is highly strongly correlated with human evaluation.
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Human-Curated Data: FLAN Collection

FLAN Collection is a collection of public datasets designed to support generalization
across many NLP tasks released by Google.

Focus on scaling up tasks and response enrichment techniques
@ Task scaling
@ Mixture of zero-shot, few-shot, and chain-of-thought prompts
@ Dataset mixing
Longpre et al. (2023). “The flan collection: designing data and methods for effective instruction tuning”. ICML 2023


https://arxiv.org/abs/2301.13688

Comparison of Data and Models

Model Detail Data Collection & Training Detail
Release Collection Model Base Size  Public? |[PromptTypes TasksinFlan #Exs Methods

- 202005 UnifiedQA UnifiedQA RoBerta T10-340M ° e 46/46 | 750k

-0 202104 CrossFit BART-CrossFit  BART 140M @ F 5 /159 7IM

®- 202104 Natural Instv1.0 | Gen. BART BART 140M @ 61/61 | 620k + Detaled keshot Prompts

@< 202109 Flan 2021 Flan-LaMDA LaMDA 1378 @ 62/62 | 44M TR T

+ Template Variety
®- 202110 P3 T, TO+, TO++ T5-LM 318 ° 62/62 12M e e
®-< 202110  MetalCL MetalCL GPT-2 770M ° 100/142 3.5M kadlnputlinversion,

+ Noisy Channel Opt.
®- 202111 ExMix EXTS s 220M-TIB @ 72/107 | 500k + With Pretraining
@ 202204 Super-Natural Inst. | Tk-Instruct TS-LM,mTS 11138 (-] 1556 /1613 M
©-0 202210 GLM GLM-130B GLM 1308 ° 65/77 12M Wi AIETEtTaining]

+ Bilingual (en, zh-cn)
90202211 xP3 BLOOMz mT0  BLOOM,mT5 | 131768 (-] 53/7 aIM + Massively Multilingual
202212 Unnatural Inst! | T5-LM-Unnat. Inst. T5-LM ne @ ~20/mM7 64k +Synthetic Data

+ Synthetic Data
60 202212 Self-Instruct? GPT3Selfinst.  GPT-3 1758 o Unknown | 82k +Knowledge Distillation
+Template Variety
©-o 202212 OPT-IML Bench! | OPT-IML OPT 30-175B ° ~2067 / 2207 8M +Input Inversion
+ Multilingual
+ Template Variety
- 202210 Flan 2022 (ours) | Flan-T5, Flan-PaLM T5-LM, PaLM  10M-5408 w 1836 158M + Input Inversion
+Multilingual

Source: Longpre et al. (2023). “The flan collection: designing data and methods for effective instruction tuning”. ICML 2023
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Adding Few-shot Prompts Improves Performance
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Scaling with Tasks and Model Size
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Single-Task Fine-Tuning on Held-Out Tasks
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Source: Longpre et al. (2023). “The flan collection: designing data and methods for effective instruction tuning”. ICML 2023
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Input Inversion Helps Held-Out Task Performance
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Source: Longpre et al. (2023). “The flan collection: designing data and methods for effective instruction tuning”. ICML 2023
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Dataset Mixing

Train Mixtures Metrics
Held-In | CoT | MMLU
All (Equal) 649 | 414 | 473
All - Flan 2021 55.3 | 38.6 | 457
All - TO-SF 63.2 |43.4 | 447
All - Super-Nat. Inst. 659 |422 | 46.8
All - CoT 65.6 | 29.1 | 46.8
All - Prog. Synth. 66.9 |423 | 46.8
All - Dialog 65.4 | 403 | 471
All (Weighted) 66.4 | 40.1 | 48.1

@ FLAN Collection contains multiple dataset sources
@ Proper mixing improves performance (requires tuning of mixing weights)
@ Weighting controls quality; mixing improves quantity and diversity

Source: Longpre et al. (2023). “The flan collection: designing data and methods for effective instruction tuning”. ICML 2023
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LLM Generated Data: Self-Instruct

Self-Instruct generates instruction-following data without human intervention.

Iterative Bootstrap Process:
1. Start with a small seed set of tasks as the initial task pool

2. Random tasks are sampled from the task pool, and used as in context examples to
prompt an LLM to generate additional task instances

3. Filtering low-quality or similar generations
4. Add them back to the task repository



System Overview

Step 2: Classification

17§ seed ta.sks with Task Pool Step 1: Instruction Generation Task Identification
1 instruction and s 8
1 instance per task W W

Instruction : Give me a quote from a LM
famous person on this topic.

(@

Step 3: Instance Generation

Yes
Instruction : Find out if the given text is in favor of or against abortion.
- Fil T -
Step 4: Filtering Class Label: Pro-abortion W
Input: Text: I believe that women should have the right to choose whether or not Output-first LM
they want to have an abortion.
Instruction : Give me a quote from a famous person on this topic. W No
Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson Input-first

Source: Wang, Kordi, et al. (2022). Self-Instruct: Aligning Language Model with Self Generated Instructions. arXiv
preprint arXiv:2212.10560


https://arxiv.org/abs/2212.10560

Example: New Instruction Generation Prompt

Come up with a series of tasks:
Task 1: instruction for existing task 1
Task 2: instruction for existing task 2
Task 3: instruction for existing task 3
Task 4: instruction for existing task 4
Task 5: instruction for existing task 5
Task 6: instruction for existing task 6
Task 7: instruction for existing task 7
Task 8: instruction for existing task 8
Task 9:

Eight existing instructions are randomly sampled from the task pool for in-context
demonstration. The model is allowed to generate instructions for new tasks, until it stops
its generation, reaches its length limit or generates “Task 16” tokens.



Self-Instruct Data Quantity, Diversity, and Quality

@ 52,445 instructions and 82,439 instances generated.
@ Many new instructions were generated, with limited overlap with the seeds.
@ Filtering is needed to ensure correctness

Quality Review Question Yes %
Does the instruction describe a valid task? 92%
Is the input appropriate for the instruction? 79%

Is the output a correct and acceptable response to the instruc- | 58%
tion and input?

All fields are valid 54%

Table: Quality Review of Instruction Tasks



Self-Instruct Data Compared to Human Curated Data

= A: correct and satisfying response = B: acceptable response with minor imperfections

C: responds to the instruction but has significant errors = D: irrelevant or invalid response
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Source: Wang, Kordi, et al. (2022). Self-Instruct: Aligning Language Model with Self Generated Instructions. arXiv
preprint arXiv:2212.10560 27/34
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Scaling in SFT

Can we achieve better results by scaling up SFT?
1. scaling the number of tasks.

2. scaling the model size.

3. fine-tuning on chain-of-thought data.

Chung et al. (2024). “Scaling Instruction-Finetuned Language Models”. Journal of Machine Learning

Research


http://jmlr.org/papers/v25/23-0870.html

Instruction Tuning Tasks

Finetuning tasks
4 N Muffin EYE ™\

Program execution

f“ . i Sentence ARG (*] 1 ,836 tOta| taSkS

55 Datasets, 14 Categories, Implicit reasoning 372 Datasets, 108 Categories,
\ 193 Tasks / 9 Datasets, 1Category, 9 Tasks J \ 1554 Tasks J

Struct-to-text

TO-SF Natural
Commonsense reasonin Natural language inference Closed-book QA Instructions v2
@D < Code instruction gen. Conversational QA Cause effect classification
@ d*bgok QA Program synthesis Code repair Commonsense reasoning
Adversaria OA Bliariel o Named enyrecogriin @ 473 datasets
Extractive QA \ 69 Datasets, 27 Categories, 80 Tasks / Toxic language detection
Title/context generation Ques\!on answering .
Topic classification / CoT (Reasoning) N\ Question generation ° 1 46 taSk Categorles

% ADataset is an original data source (e.g. SQUAD).

% ATask Category is unique task setup (e.g. the SQUAD dataset is configurable for multiple task categories such as
extractive question answering, query generation, and context generation).

% ATaskis a unique <dataset, task category> pair, with any number of templates which preserve the task category (e.g. .
query generation on the SQUAD dataset.) Source: Chung et al. (2024). “Scaling

Instruction-Finetuned Language Models”.

Held-out tasks Journal of Machine Learning Research
MMLU BBH TyDiQA MGSM
Abstract algebra Sociology Boolean expressions Navigate Information bl

College medicine Philosophy Tracking shuffled objects ~ Word sorting

Professional law Dyck languages seeking QA math problems

57 tasks 27 tasks 8 languages 10 languages
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Scaling Model Size and Task Numbers Improve Performance
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Source: Chung et al. (2024). “Scaling Instruction-Finetuned Language Models”. Journal of Machine Learning Research


http://jmlr.org/papers/v25/23-0870.html

SFT with non-CoT + CoT Data Improves Performance
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Evolution: Task Specific Fine-Tuning to Instruction Tuning

@ Seq2Seq (Task-specific models)
® Encoder-decoder trained for a specific task.
® Each task typically requires separate fine-tuning.
e Example (Translation only): "What is your name?” — "Quel est votre nom?”

@ T5 (Text-to-text framework)
® All tasks cast into a unified text-to-text format.
* Task identity encoded as a prefix.
e Example: "translate English to French: What is your name?”

@ Instruction tuning (general capability for LLMs)
® Train on diverse natural-language instructions.
* Model learns to generalize to unseen tasks.
e Example: "Translate this to French: What is your name?”



Domain-Specific LLM: A Variation of Post-Training

Pre-training Optional Instruction Tuning
General Data Domain Data Task Data

@ Start from a general LLM.
@ Optionally adapt to a specific domain (e.g., legal, medical).
@ Then apply instruction tuning for domain-specific tasks.
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