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Problems with directly using a
pretrained LLM

Prompt: Explain the moon landing to a six year old in a few sentences.
Output: Explain the theory of gravity to a 6 year old.

Prompt: Translate to French: The small dog
Output: The small dog crossed the road.

e Any others?

[Ouyang et al., 2022]


https://arxiv.org/abs/2203.02155

Pretraining Supervised fine- Preference learning Inference: prompting
tuning (SFT) (e.g., RLHF) and chain-of-thought

Instruction tuning
or alignment

o [Figure from Greg Durrett, Nov 2024]



Instruction data

e T[uples of either
* (prompt, desired_response)
* (prompt, response, rating)
e (Goal: train model to produce desired responses

e (Collected from
 New human collection
* Reformatting old annotated datasets

¢ [ons of new datasets collected ~2022-present

« 10s-100s millions of pairs, for dozens to ~100
languages, in recent open datasets

« (Commercial systems use proprietary datasets
 Many re-borrow from similar sources. Very confusing



por Qual é a capital do estadoda A capital do estado da Bahia, no Brasil, é Salvador. Fundada
Bahia? em 1549, foi a primeira capital do Brasil e é conhecida por

seu patrimonio cultural rico e diversificado. A cidade é famosa

por sua arquitetura colonial, particularmente no Pelourinho, um

centro histérico que foi declarado Patriménio Mundial pela UN-

ESCO.
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msa Apakah nasi lemak? Nasi lemak merupakan makanan tradisi orang Melayu yang
terdapat di semua bahagian Malaysia, Singapura, Indonesia
(terutama di Riau, Jambi serta utara dan pantai timur Su-
matera) dan Brunei. Sajian ini merujuk kepada nasi yang di-
masak dengan menggunakan santan kelapa bagi menambah rasa
lemaknya. Kadangkala, daun pandan wangi dimasukkan semasa
nasi dimasak bagi menambahkan aromanya.
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DTNV, Samples of prompt/completion instances in 4 of the 65 languages in the Aya
corpus (Singh et al., 2024).

; [from SLP3]



Few-Shot Learning for QA

Task Keys Values

Sentiment text Did not like the service that I was provided...
label 0
text It sounds like a great plot, the actors are first grade, and...
label 1

NLI premise No weapons of mass destruction found in Iraq yet.
hypothesis | Weapons of mass destruction found in Iraq.
label 2
premise Jimmy Smith... played college football at University of Col-

orado.

hypothesis | The University of Colorado has a college football team.
label 0

Extractive Q/A | context Beyoncé Giselle Knowles-Carter is an American singer...
question | When did Beyoncé start becoming popular?
answers { text: [’in the late 1990s’], answer_start: 269 }

IDTIVRR]  Examples of supervised training data for sentiment, natural language inference and Q/A tasks.
The various components of the dataset are extracted and stored as key/value pairs to be used in generating

instructions.

Task

Templates

Sentiment

-{{text}} How does the reviewer feel about the movie?
-The following movie review expresses what sentiment?

{{text}}

-{{text}} Did the reviewer enjoy the movie?

Extractive Q/A

-{{context}} From the passage, {{question}}

-Answer the question given the context.
{{context}} Question:

Context:
{{question}}

-Given the following passage {{context}}, answer the
question {{question}}

NLI

-Suppose {{premise}} Can we infer that {{hypothesis}}?
Yes, no, or maybe?

-{{premise}} Based on the previous passage, is it true
that {{hypothesis}}? Yes, no, or maybe?

-Given {{premise}} Should we assume that {{hypothesis}}

is true?

Yes,no, or maybe?

IOl ] [nstruction templates for sentiment, Q/A and NLI tasks.

[from SLP3]



Sample Extended Instruction

* Definition: This task involves creating answers to complex questions, from a given pas-
sage. Answering these questions, typically involve understanding multiple sentences.
Make sure that your answer has the same type as the “answer type” mentioned in input.
The provided ”answer type” can be of any of the following types: ”span”, ’date”, “num-
ber”. A ”span’” answer 1s a continuous phrase taken directly from the passage or question.
You can directly copy-paste the text from the passage or the question for span type an-
swers. If you find multiple spans, please add them all as a comma separated list. Please
restrict each span to five words. A “number” type answer can include a digit specifying
an actual value. For ’date” type answers, use DD MM YYYY format e.g. 11 Jan 1992.
If full date 1s not available in the passage you can write partial date such as 1992 or Jan
1992.

 Emphasis: If you find multiple spans, please add them all as a comma separated list.
Please restrict each span to five words.

 Prompt: Write an answer to the given question, such that the answer matches the "answer
type” in the input.
Passage: { passage}
Question: { question }

DTN Example of a human crowdworker instruction from the NATURALINSTRUCTIONS dataset for an
extractive question answering task, used as a prompt for a language model to create instruction finetuning
examples.

7 [from SLP3]



SUPER-NATURALINSTRUCTIONS:
Generalization via Declarative Instructions on 1600+ NLP Tasks
(Oct. 2022)
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https://arxiv.org/abs/2204.07705

e Say | evaluate ChatGPT on an interesting
dataset | downloaded. [s this legitimate®?

e Possible issue: data contamination
 [From pretraining time
* Or even from instruction tuning




Multitask learning

e \Why so many tasks? ldeally: tasks help each other

Instruction finetuning

Please answer the following question.

What is the boiling point of Nitrogen?
.

Chain-of-thought finetuning

-320.4F

~

. . \) =
/Answelf the following question by \\ /The cafeteria had 23 apples \N
reasoning step-by-step. originally. They used 20 to
The cafeteria had 23 apples. If they i make lunch. So they had 23 -
used 20 for lunch and bought 6 more, 20 = 3. They bought 6 more
\how many apples do they have? JJQ Language \apples, so they have 3 + 6 = 9. j ) |
= model ~ D,

Multi-task instruction finetuning (1.8K tasks)

Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George

Q: Can Geoffrey Hinton have a Washington died in 1799. Thus, they
conversation with George Washington? could not have had a conversation
Give the rationale before answering. together. So the answer is “no”,

Figure 1: We finetune various language models on 1.8K tasks phrased as instructions, and evaluate them on unseen tasks.
We finetune both with and without exemplars (i.e., zero-shot and few-shot) and with and without chain-of-thought,
enabling generalization across a range of evaluation scenarios.

[Flan, e.g. Flan-T5: Chung et al. 2022, [MLR 2024]



https://arxiv.org/abs/2210.11416
https://jmlr.org/papers/volume25/23-0870/23-0870.pdf

Core Skill Development Unseen

Knowledge MMLU (em) MMLU-Proem)
PopQA (g GPQA (em)
Truthful QA vz em)

Reasoning BigBenchHard ¢y, AGIEval English epm)
DROP (1)

Math MATH (fex em) Deepmind Mathematicsem)
GSMS8K (em)

Coding HumanEval p,ssai0) BigcodeBench pagsaio)
HumanEval+ passaio)

Instruction Following (IF)  IFEvaliep) [FEval-OOD (pagsan)
AlpacaEval 2(yinrate) HREF (winrate)

Safety TULU 3 Safety (ayex)

Table 3 TULU 3 EvAL consists of development and unseen splits to evaluate core skills. With TULU 3 EvaL, we
release a unified standardized evaluation suite and a toolkit to decontaminate training data against benchmarks. The
subscript shows the metric we use for evaluation. TULU 3 Safety is a collection of safety evaluations taking the average
score across them (avg™*), see Sec. 7.2.1 for details.

e [or multitask instruction tuning, can hold out tasks
 From Tulu 3 [Lambert et al., 2025].



https://arxiv.org/abs/2411.15124

Supervised FT

e (instruction, response) pairs

e ] the base model to maximize LL
* Jog p(response | context=instruction)

e Pros:
* Very straightforward with the same LM learning methods
* Much less compute-intensive than original pretraining

e (Cons:
 No way to mark dispreferred continuations

* Does not always work as well as preference-based
methods

e T[radeoffs and considerations for SFT vs. competing
methods are still under (intensive?) research

12



Preference-based FT

e Joday: data and annotation structure

e Thursday: RLHF (Reinf. Learning with Human
Feedback) training methods




Preference-based FT

e Human preference data

(0i = 0j|x)

Prompt: I’ve heard garlic is a great natural antibiotic. Does it help with
colds?

Chosen: It can be helpful against colds, but may make you stink.

Rejected: It might be one of the best natural antibiotics out there, so I think
it would help 1f you have a cold.

Prompt: What is malaria?

Chosen: Here’s an answer from a CDC page: “Malaria is a serious disease
caused by a parasite that is spread through the bite of the mosquito.”
Rejected: I don’t know what malaria is.




What preference data is

needed?

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

Explaingravity..  Explain war.

ooooooooooooooooooooooooo
eeeeeeeeeeeeeeeeeeee

0-0-0-0

Table 1: Distribution of use
case categories from our API

prompt dataset.
Use-case (%)
Generation 45.6%
Open QA 12.4%
Brainstorming  11.2%
Chat 8.4%
Rewrite 6.6%
Summarization 4.2%
Classification 3.5%
Other 3.5%
Closed QA 2.6%
Extract 1.9%

*

e [or the original InstructGPT (=Dec2022 ChatGPT)

Table 2: Illustrative prompts from our API prompt dataset. These
are fictional examples inspired by real usage—see more examples
in Appendix A.2.1.

Use-case Prompt

Brainstorming List five ideas for how to regain enthusiasm for my
career

Generation Write a short story where a bear goes to the beach,
makes friends with a seal, and then returns home.

Rewrite This is the summary of a Broadway play:

{summary}

nmnn

This is the outline of the commercial for that play:

nnn

Pretty open-ended tasks)

[Ouyang et al., 2022]


https://arxiv.org/abs/2203.02155

What preference data is
needed?

e [or the original InstructGPT (=Dec2022 ChatGPT)

Table 3: Labeler-collected metadata on the API distribution.

Metadata Scale
Overall quality Likert scale; 1-7
Fails to follow the correct instruction / task Binary
Inappropriate for customer assistant Binary
Hallucination Binary
Satisifies constraint provided in the instruction Binary
Contains sexual content Binary
Contains violent content Binary
Encourages or fails to discourage violence/abuse/terrorism/self-harm Binary
Denigrates a protected class Binary
Gives harmful advice Binary
Expresses opinion Binary
Expresses moral judgment Binary

[Ouyang et al., 2022]


https://arxiv.org/abs/2203.02155

'That Was Torture;' OpenAl Reportedly Relied on
Low-Paid Kenyan Laborers to Sift Through Horrific
Content to Make ChatGPT Palatable

The laborers reportedly looked through graphic accounts of child sexual abuse, murder, torture, suicide, and, incest.
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