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• Let’s outline our review paper

• Sign up for section ownership

• For reference, our paper interest sign-up sheet

https://github.com/adaptInfer/fm-survey
https://docs.google.com/spreadsheets/d/1LOo_VWQ2LYGCzStdqEJwdbvKk6F5CC5zCYY2hD35XKY/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1D08HhZpdbxTz2kxvV7uD0Rdb9VAaU1IapC2H6FG24aY/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1D08HhZpdbxTz2kxvV7uD0Rdb9VAaU1IapC2H6FG24aY/edit?usp=sharing
https://docs.google.com/spreadsheets/d/1D08HhZpdbxTz2kxvV7uD0Rdb9VAaU1IapC2H6FG24aY/edit?usp=sharing


Last Time: From GPT-1 to GPT-4
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• Architecture:
• Scale: Variety of options, with biggest (1.5B params → >1T params):

• Block size (max context): 512 → 128k

• Layers: 12 → >96

• Attention Heads: 12 → >96

• Embedding Dim: 768 → >12,288

• Vocab: 40k → >50k tokens

• Tokenizer: Includes image patches for multimodal

• Mixture-of-Experts

• Training:
• Dataset: BookCorpus (5GB) → Private 13T tokens (~50TB)

• Reinforcement learning for alignment



Today
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• Unsupervised training of LLMs
• Emergent Capabilities

• Challenges of MLE-based unsupervised training



Modern Training Pipeline
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• Pipeline
✓Pretraining

✓Domain Adaptation

✓Alignment

✓Instruction Tuning

✓Preference Optimization

✓RLHF / DPO



Unsupervised Training (“Pre-training”) 
of LLMs



The Pretraining Problem
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• Goal: Learn a model of language from raw text

• Probabilistic objective: Max log-likelihood of observed seqs

max
𝜃

෍

𝑖

෍

𝑡

log 𝑃𝜃 𝑋𝑖,𝑡 𝑋𝑖,<𝑡

• Auto-regressive PGM:

𝑋1 𝑋2 … 𝑋𝑇−1 𝑋𝑇



Why next-token prediction is powerful
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• Language contains latent structure

• Next-token prediction forces models to infer that structure

• This produces general-purpose representations



Why next-token prediction is powerful
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• ”The simplest way to predict the next token is to understand what 
happened throughout the context.”

• To predict the word "is" in "The capital of France ___ Paris.", the 
model must:
• Resolve subject-verb agreement

• Recognize a factual structure

• Know the topic is geography



We’ve had MLE-based Language Models for a while…
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Some fun: 
https://github.com/LRitzdorf/TheJeffDeanFacts

2007

https://github.com/LRitzdorf/TheJeffDeanFacts
https://github.com/LRitzdorf/TheJeffDeanFacts
https://github.com/LRitzdorf/TheJeffDeanFacts
https://github.com/LRitzdorf/TheJeffDeanFacts
https://github.com/LRitzdorf/TheJeffDeanFacts
https://github.com/LRitzdorf/TheJeffDeanFacts


We’ve had MLE-based Language Models for a while…
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2007



We’ve had MLE-based Language Models for a while…
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• Why wasn’t this the LLM moment?

n-gram Models LLMs

𝑃 𝑤𝑡 = 𝑣 𝑤𝑡−𝑛+1:𝑡−1 = 𝜃𝑐,𝑣, c = 𝑤𝑡−𝑛+1:𝑡−1 𝑃 𝑤𝑡 = 𝑣 𝑤<𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑊ℎ𝑡 , ℎ𝑡 = 𝑓𝜃 𝑒 𝑤<𝑡

Tokens used as indexes into tables: 𝜃𝑐,𝑣 =
𝑐𝑜𝑢𝑛𝑡(𝑐,𝑣)

𝑐𝑜𝑢𝑛𝑡(𝑐)
 Tokens mapped to vectors via embedding matrix

Context length fixed as table dimensionality Dynamic hierarchical structure via stacked transformer blocks

No parameter sharing across contexts Shared parameters across all contexts

Generalization only via smoothing / backoff Generalization through representation similarity

Key change: representation learning through shared functional parameterization



Representation Learning



Contextual Representations
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• 𝑥𝑖 = 𝑒 𝑤𝑖

• ℎ𝑡 = 𝑓𝜃 𝑥1, … , 𝑥𝑡−1

• Representations encode:
• syntax

• entities

• relations

• task structure



Scale & Emergent Capabilities



What happens as we scale training?
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“Scaling Laws for Neural Language Models”. Kaplan et al 2021
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“Scaling Laws for Neural Language Models”. Kaplan et al 2021



What happens as we scale training?
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“Scaling Laws for Neural Language Models”. Kaplan et al 2021



What happens as we scale training (another view)
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“Training Compute-Optimal Large Language Models”. Hoffmann et al 2022

Turns out, most LLMs before 2022 were 
undertrained.



What happens as we scale training (another view)
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“Training Compute-Optimal Large Language Models”. Hoffmann et al 2022

Training compute = parameters * tokens

Kaplan (2020): Increase parameters
Chinchilla (2022): Parameters ∝ Tokens



Training at Scale



Parallel training
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Understanding LLMs: A Comprehensive Overview from Training to Inference

https://arxiv.org/pdf/2401.02038


Smooth improvements → sharp emergent ability?
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Example of emergence: In-Context Learning
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Example of emergence: Chain-of-Thought
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Why does this work? Some hypotheses
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Why does this work? Some debate
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Measurement artifact?

[Schaeffer et al 2023]

https://arxiv.org/pdf/2304.15004


Data: The Real Bottleneck



Modern pre-training datasets
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LLM360

LLM360

TxT360

• FineWeb
• Dolma
• RedPajama
• SlimPajama
• Cosmopedia (synthetic)

Dataset composition strongly affects 
model behavior

https://www.llm360.ai/
https://huggingface.co/spaces/LLM360/TxT360


Synthetic Data
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Modern LLMs train on large amounts of synthetic data.

Examples:
• reasoning datasets
• synthetic textbooks
• distillation datasets

Synthetic data expands the training distribution.



Data filtering
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Data filtering
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Challenges of MLE-based unsupervised 
training



MLE: A KL-Divergence view
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𝐾𝐿 𝑃𝑑𝑎𝑡𝑎 ∣∣ 𝑃𝜃 = 𝐸𝑥∼𝑃𝑑𝑎𝑡𝑎
− log 𝑃𝜃 𝑥 + 𝑐𝑜𝑛𝑠𝑡.

argmax𝜃𝐸𝑥∼𝑃𝑑𝑎𝑡𝑎
log 𝑃𝜃 𝑥 =  argmin𝜃𝐾𝐿(𝑃𝑑𝑎𝑡𝑎 ∣∣ 𝑃𝜃)

• Must spread probability mass to cover observed sequences, even if 
incoherent
• Repetition and genericity ("The man said the man said...")

• Poor calibration on out-of-distribution prompts

• Memorization of rare patterns

• Sampling strategies matter

• Entropy / confidence



Entropy and Confidence
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• Token-level entropy:

𝐻𝑡 = − ෍

𝑣

𝑃(𝑥𝑡 = 𝑣 ∣ 𝑥<𝑡 )log 𝑃(𝑥𝑡 = 𝑣 ∣ 𝑥<𝑡)

= 𝐸𝑣[− log 𝑃 𝑥𝑡 = 𝑣 𝑥<𝑡 ]
 

• Low entropy = high confidence.

Do we want our model to be low or high entropy?



Recall from Variational Inference
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log 𝑝(𝑥 ∣ 𝜃) = 𝐸𝑧∼𝑞[log 𝑝 𝑥, 𝑧 𝜃 ] + 𝐻(𝑞) + 𝐾𝐿(𝑞 𝑧 𝑥 ∣∣ 𝑝 𝑧 𝑥, 𝜃 )

log 𝑝(𝑥 ∣ 𝜃) ≥ 𝐸𝑧∼𝑞[log 𝑝 𝑥, 𝑧 𝜃 ] + 𝐻(𝑞)

“ELBO”: Evidence Lower Bound

Maximizing ELBO → Increased entropy of 𝑞(𝑧)

Does Maximizing Likelihood → Increased entropy of 𝑝 𝑥 𝜃 ?



MLE and Entropy
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෣𝜃𝑀𝐿𝐸 =  argmax𝜃𝐸𝑥∼𝑃𝑑𝑎𝑡𝑎
log 𝑃𝜃 𝑥

• Directly optimize the data distribution 𝑃𝜃 𝑥  without explicitly 
introducing auxiliary variables or explicitly controlling the entropy of 
𝑥

• Often implicitly pushes 𝑃𝜃 𝑥  toward low-entropy distributions

• Mode collapse / degeneration / “memorization”



MLE and Entropy
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THE CURIOUS CASE OF NEURAL TEXT 
DeGENERATION [Holtzman 2020]

https://arxiv.org/pdf/1904.09751
https://arxiv.org/pdf/1904.09751


MLE and Entropy
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෣𝜃𝑀𝐿𝐸 =  argmax𝜃𝐸𝑥∼𝑃𝑑𝑎𝑡𝑎
log 𝑃𝜃 𝑥

• Solutions:
• Explicitly add a penalty for low entropy:

෠𝜃 = argmax𝜃𝐸𝑥∼𝑃𝑑𝑎𝑡𝑎
[log 𝑃𝜃(𝑥)] + 𝜆 ෍

𝑡

𝐻[𝑃𝜃 𝑥𝑡 𝑥<𝑡 ] 

• Smooth labels:

෥𝑦𝜖 =

1 − 𝜖, 𝑦 = 1
𝜖

𝑉 − 1
, 𝑦 = 0

• Contrastive losses:

• Scheduled sampling / noise contrastive objectives

• Risk minimization, utility, preference-based losses



What does MLE not do?
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• No semantics

• No task goals

• No explicit reward



Why alignment is needed
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• MLE optimizes likelihood of text.

• But we want models that:
• follow instructions

• avoid harmful outputs

• reason step-by-step

• Alignment adds new objectives on top of pretraining.



Modern Training Pipeline
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• Pipeline
✓Pretraining

✓Domain Adaptation

✓Alignment

✓Instruction Tuning

✓Preference Optimization

✓RLHF / DPO



A good resource

Ben Lengerich © University of Wisconsin-Madison 2026

https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook

https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook
https://huggingface.co/spaces/HuggingFaceTB/smol-training-playbook


Another good resource
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https://djdumpling.github.io/2026/01/31/frontier_training.html

https://djdumpling.github.io/2026/01/31/frontier_training.html


Key Takeaways
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• Pretraining uses next-token prediction

• Scaling enables representation learning

• Data quality and mixture matter enormously

• MLE has limitations

• Modern systems combine pretraining + alignment



Questions?
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