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Today’s talk

Algorithms for generating outputs with a
language model

Why? Use test-time compute to improve performance



Language models

Al achieves silver-medal standard solving
International Mathematical Olympiad
problems

Solving olympiad problems

Writing code

Tasks framed as generating sequences: many other applications



Approach 1: scale pretraining compute

[2020-] Scaling pretraining: larger model, larger dataset
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Scaling Laws for Neural Language Models [Kaplan et al., 2020]



Approach 2: scale post-training comput

[2022-] Scaling post-training: e.g, fine-tune on (input, output) pairs

Instruction finetuning

Please answer the following question.
Whatis the bailing point of Nitrogen?

Chain-of-thought finetuning

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have?

] 4 makelunch.So they had 23 -

The cafeteria had 23 apples
originally. They used 20 to

20 = 3. They bought 6 more.
apples, so they have 3 + 6 = 9.

Q: Can Geoffrey Hinton have a
conversation with George Washington?

Give the rationale before answering.

Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

Scaling Instruction-Finetuned Language Models [Chung et al., 2022]



Approach 3: scale test-time compute

[Now] Test-time scaling: increase compute at generation time
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Test-time compute vs. accuracy ([OpenAl, 2024])



Approach 3: scale test-time compute | How?

1. Generate extra tokens

input -> answer input -> (thought|, answer
Model Output
A: The answer is 27. x )

[Wei et al,, 2022]

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answer is 9. «/




Approach 3: scale test-time compute | How?

1. Generate extra tokens

—— Standard prompting
—o— Chain-of-thought prompting
Prior supervised best
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Approach 3: scale test-time compute | How?

1. Generate extra tokens
2. Call generator multiple times
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Overview of AlphaCode.

AlphaCode [Li et al., 2022]



Approach 3: scale test-time compute | How?

1. Generate extra tokens
2. Call generator multiple times
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AlphaCode [Li et al., 2022]



Approach 3: scale test-time compute | How?

1. Generate extra tokens

2. Call generator multiple times
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Math [Brown et al, 2024] Agents [Nebius, 2024] Chat [Ankner et al, 2024]



Approach 3: scale test-time compute | How?

1. Generate extra tokens
2. Call generator multiple times
3. Incorporate other models/tools

[Zzaharia et al., 2024]

Verifiers, code interpreters, search engines, ...



This tutorial

This tutorial: How? Meta-Generation Algorithms



This tutorial | Generation Algorithms

Generator: Generates a sequence with a language model.

Input sequence —» — Output sequence

- Example: calling an LLM API
- Traditional algorithms

- Greedy decoding
- Temperature sampling

1



This tutorial | Meta-Generation Algorithms

Meta-generator: High-level strategies for calling generators and
using external information.

Meta-Generator

Primitive
Input —» [—]Ge"e""‘” — Output sequence

Strategy | (" Meta-Generator
Primitive
Generator

- Example: call API multiple times, select the best sequence with a
separate model



This tutorial | Meta-Generation Algorithms

Meta-generator: High-level strategies for calling generators and
using external information.

Meta-Generator

Primitive
Input —» g‘sene’a‘“ — Output sequence

Strategy|(” Meta-Generator
Primitive
Generator

Why?

- Generate more to improve task performance
- Combine multiple models (verifiers, retrievers, ...)
- Incorporate external information (tools, feedback, ...)



This tutorial

Beyond Decoding: Meta-Generation Algorithms for LLMs

- I: Primitive generators: Generating one token at a time
- |l: Meta-generators: High-level strategies for calling generators

- |II: Efficient meta-generation: Generating quickly and efficiently

Panel session at the end!
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This tutorial | resources

cmu-13.github.io/neurips2024-inference-tutorial

Code examples, reading list, slides


https://cmu-l3.github.io/neurips2024-inference-tutorial
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