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The success we dreamed of
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Language models that are remarkably capable at solving many 
important NLP benchmarks.
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Scaling Laws: A Low-risk Recipe

Kaplan et al. 2020; 
among others

More data (and compute) leads to better models. 
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Meanwhile, whispers of a bubble …
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Making sense of the “bubble” concerns
• The progress is real. However, many challenges remain. 

• There may be various reasons: 
• Profit-cost mismatch, 
• Future regulations, 
• Lack of enduring moats, 
• etc. 

• Expectation-capabilities mismatch: Investors bet on rapidly 
improving capabilities. 
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Limits of scaling “laws”
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Kaplan et al. 2020; 
among others

Diminishing returns w/ scaling (compute, data, human supervision.)

Exponential Exponential 

Linear



Limits of scaling “laws”

Kaplan et al. 2020; 
among others

Which data? How is it distributed? 
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Today: Deconstructing Scaling Laws 
• Scaling laws hide important data-dependent effects that 

current “laws” fail to capture.

• We’ll examine LLM behaviors that become apparent only once 
you look inside the data distribution.
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Roadmap 

1. Scaling is distribution-dependent

2. Learning emerges beyond human language

3. LLMs show belief inertia
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Wait … How did we get here? 



Language Models
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[Bengio et al. ‘04, Peters et al. ‘18,  Raffel et al. ‘20, Brown et al. ’20, many others]

LM



Language Models: Pre-training
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Language Models: Next-Token Prediction
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Johns Hopkins 
University is in _______. Baltimore

Bengio et al. ‘04, Peters et al. ‘18,  Raffel et al. ‘20, Brown et al. ’20, many others

LM



Language Modeling ≠ Following User Intents
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Explain ”space elevators” 
to a 6-year-old.

Explain gravity to a 6-year-old. 
Explain black-holes to a 6-year-old. 
Explain big bang to a 6-year-old. 
….

LMs are not “aligned” with user intents.

Training language models to follow instructions with human feedback, Ouyang et al. 2022

LM



Language Modes — Post-training 
• “Aligning” LMs with our intents embedded in instructions. 
• Supervised Fine-tuning (Behavior cloning) in labeled data.
 

25Weller et al. 2020. Mishra et al. 2021; Wang et al. 2022,  Sanh et al. 2022; Chung et al. 2022, many others 

LMExplain ”space elevators” 
to a 6-year-old.

Summarize this article ...

Answer the question: … 

Imagine a normal elevator 
that you ride to space …

Summary: …

Answer: 320 °F



Language Modes — Post-training 
• “Aligning” LMs with our intents embedded in instructions. 
• Supervised Fine-tuning (Behavior cloning) in labeled data.
• Reinforcement Learning on preference data or verifiers.  

 

26

LMExplain ”space elevators” 
to a 6-year-old. RIt is basically …. 

Christiano et al. 2017; Stiennon et al. 2020; Ouyang et al., 2022; many others



The Overall Recipe for Modern LLMs
• Almost all the modern models follow this recipe: 

• Note, we did not end up here overnight. 
• A lot of incremental progress to get to this point. 
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Time travel to ~2019



Challenge: Incompatible Datasets 
• Question-answering datasets carried different assumptions 
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Result: We were stuck with dataset-specific models

• Despite having pre-trained models, everyone kept training 
task-specific models. 

31

RACE SQuAD1ARC StrategyQAReCorD BoolQ
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questions

Reading-
Comprehension

questions
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Questions

Dataset-groups for answering questions

🤖🤖🤖
🚫

Task specific assumptions 
prevent generalization! 

There are MANY tasks — 
this is not scalable!  
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RACE SQuAD1ARC StrategyQAReCorD BoolQ
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Questions

Dataset-groups for answering questions

Research questions:  How can we build a system that 
tackles a variety of language tasks?

🤖
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UnifiedQA: A Single Unified Model for QA

“UnifiedQA: Crossing Format Boundaries With a Single QA System.” Khashabi et al. EMNLP-Findings 2020



34

UnifiedQA: A Single Unified Model for QA

• Outperformed dataset-specific models 
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“UnifiedQA: Crossing Format Boundaries With a Single QA System.” Khashabi et al. EMNLP-Findings 2020



UnifiedQA: Impact
• Empirical success: 
• Its superior performance was reproduced on subsequent datasets. 
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MMMLU [Hendrycks et al. ’21]

🤖

16x largerQasper [Dasigi et al. ’21]

QAConv [Wu et al. ’21]

🤖

🤖



UnifiedQA: Impact
• Empirical success: 
• Its superior performance was reproduced on subsequent datasets. 
• Even today, it is being used by industry.

https://consensus.app 



UnifiedQA: Impact
• Empirical success: 
• Its superior performance was reproduced on subsequent datasets. 
• Even today, it is being used by industry.

• Conceptual progress: 
• Helped alleviated the conceptual barriers for building broader models.
• Inspired follow-ups works to extend it further.

[Aghajanyan et al.'21, Gupta et al.'21, Jiang et al.21, Aribandi et al. 21, …] 



• There are variety of goals that one can accomplish via language. 
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Beyond unified QA: 

Unified Models Across Different Tasks 

Creative writing Translation Summarization

🤖

Write an essay in which … Translate it to … Write a summary of … 

Language 
Instructions

Hypothesis: Task “instructions” are enough to induce sharedness among them. 



Behavior Cloning w/ Instructions 
Enables Generalization 

• One of the (if not the) first results that showed that one can 
build generalist systems with “instruction-tuning”. 
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GPT3 [Brown et al. ‘20] 1200x larger

“Cross-Task Generalization via Natural Language Crowdsourcing Instructions.” Mishra, Khashabi,  Baral, Hajishirzi, arXiv 2021



Natural-Instructions: Impact 
• One of the (if not the) first results that showed that one can 

build generalist systems with “instruction-tuning”. 

• One of the first datasets that enabled this line of research. 
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Natural-Instructions: Impact 
• One of the (if not the) first results that showed that one can 

build generalist systems with “instruction-tuning”. 

• One of the first datasets that enabled this line of research. 

• Motivated further efforts to building general-purpose systems. 
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Back to today! 



Roadmap 

1. Scaling is distribution-dependent

2. Learning emerges beyond human language

3. LLMs show belief inertia
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The long tail — most things are infrequent
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• Nassim Nicholas Taleb suggests that biological & social 
dynamics lead to asymptotic distributions.

• Examples: 
• Wealth, 
• popularity, 
• number of sales of books, 
• number of views on social media, 
• frequency of a word, 
• many other social phenomena … 

The long tail — most things are infrequent
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