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Final Opportunity for Bonus Points
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• We’ll have two days of project presentations: Apr 29, May 1
• Project Peer Review [template on website]

• Come to class
• Fill out a peer review form each day (2 teams each day)
• Submit on Canvas
• Earn 1% extra bonus points each day (up to 2% total)
• Due by Friday, May 2

https://lengerichlab.github.io/pgm-spring-2025/homework/


Today
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• Announcement: Final opportunity for bonus points
• Unsupervised training of LLMs

• Emergent Capabilities
• Challenges of MLE-based unsupervised training



Unsupervised Training of LLMs



Recall GPT training objective: MLE
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• Directed PGM
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• Probabilistic objective: Max log-likelihood of observed seqs
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[Radford et al., Improving Language 
Understanding by Generative Pre-Training]
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https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf


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


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?

2007

• Modeled n-grams, not relationships of token embeddings
• Transformer architecture
• Scale, GPU acceleration



Why GPUs?
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https://mobidev.biz/blog/gpu-machine-learning-on-premises-vs-cloud

https://mobidev.biz/blog/gpu-machine-learning-on-premises-vs-cloud


MLE à Emergent Understanding?
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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



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

Statistical intuition:

Why did we previously think scale would just overfit?



Smooth improvements à 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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Scale is difficult…for example, data filtering
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Scale is difficult…for example, data filtering
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A great learning opportunity
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LLM360
TxT360

https://huggingface.co/spaces/LLM360/TxT360


Scale is difficult…for example, parallel training
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Understanding LLMs: A Comprehensive Overview from Training 
to Inference

https://arxiv.org/pdf/2401.02038


Challenges of MLE-based unsupervised 
training



MLE = Minimizing KL-Divergence
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𝐾𝐿 𝑃&'#' ∣∣ 𝑃! =𝐸(∼*!"#" − log𝑃! 𝑥 + 𝑐𝑜𝑛𝑠𝑡.

argmax%𝐸&∼(!"#" log 𝑃% 𝑥 = argmin%𝐾𝐿(𝑃)*+* ∣∣ 𝑃%)

• 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



What does MLE not do?
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• No semantics
• No task goals
• No explicit reward



Entropy and Confidence
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• Token-level entropy:

𝐻# = −+
+

𝑃(𝑥# = 𝑣 ∣ 𝑥%# )log 𝑃(𝑥# = 𝑣 ∣ 𝑥%#)

= 𝐸+[− log 𝑃 𝑥# = 𝑣 𝑥%# ]

• 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) = 𝐸,∼-[log 𝑝 𝑥, 𝑧 𝜃 ] + 𝐻(𝑞) + 𝐾𝐿(𝑞 𝑧 𝑥 ∣∣ 𝑝 𝑧 𝑥, 𝜃 )

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

“ELBO”: Evidence Lower Bound

Maximizing ELBO à Increased entropy of 𝑞(𝑧)

Does Maximizing Likelihood à Increased entropy of 𝑝 𝑥 𝜃 ?



MLE and Entropy
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(𝜃!"# = argmax$𝐸%∼'!"#" log 𝑃$ 𝑥

• Directly optimize the data distribution 𝑃% 𝑥 without explicitly 
introducing auxiliary variables or explicitly controlling the 
entropy of 𝑥
• Often implicitly pushes 𝑃% 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


MLE and Entropy
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(𝜃!"# = argmax$𝐸%∼'!"#" log 𝑃$ 𝑥

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

!𝜃 = argmax!𝐸"∼$!"#"[log 𝑃!(𝑥)] + 𝜆4
%

𝐻[𝑃! 𝑥% 𝑥&% ]

• Smooth labels:

6𝑦' =
1 − 𝜖, 𝑦 = 1
𝜖

𝑉 − 1
, 𝑦 = 0

• Contrastive losses:
• Scheduled sampling / noise contrastive objectives
• Risk minimization, utility, preference-based losses



Some inspiration
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First-author
UW-Madison undergrad!

To appear at CVPR BASE 2025



Questions?


