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Quiz 3

• Average: 78.74

• Std: 11.65

• Q1: 72

• Median: 81

• Q3: 86
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Quiz 4

• April 13 (Monday)

• Coverage: mainly Lecture 16 to 20

• Naturally include some concepts in Lecture 1 to 15

• In-class, 20 minutes, closed book, no cheat sheet

• Written quiz, 5 questions

• Please bring a pen

• Tips

• Get familiar with formula

• Understand the intuition behind the formula and the design

• Know the pros and cons of different approaches
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Invited Talk

• Date: 4/15 online @ Zoom

• https://tamu.zoom.us/my/khhuang?pwd=oAdWOKVOCGPApqDbJnVtktdW2AE6nb.1

• Talk: Less Is More: Why Compression May Be the Missing Incentive for LLM 
Generalization

• Speaker: Ben Zhou, Assistant Professor, Arizona State University
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https://tamu.zoom.us/my/khhuang?pwd=oAdWOKVOCGPApqDbJnVtktdW2AE6nb.1
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Invited Talk

Abstract:
Modern LLMs have such enormous capacity that they can memorize 
supervision signals without forming reusable abstractions. Humans, by 
contrast, are forced by biological and social constraints to compress 
experience into transferable concepts—arguably a key driver of general 
intelligence. We argue that compression should be an explicit training 
objective to encourage reusable, controllable generalization in large models. 
In this talk, I will draw connections to information-theoretic principles such as 
MDL and the information bottleneck, then present four of our recent works 
that operationalize compression as training-time signals via reinforcement 
learning, showing how constraining the information channel consistently 
forces models to reason rather than memorize.
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Invited Talk

Speaker Bio:

Ben Zhou is an Assistant Professor in the School of Computing and 
Augmented Intelligence at Arizona State University. Ben's research uses data 
and symbolic cognitive processes to improve model reasoning, controllability, 
and trustworthiness from learning/inference schemes and architectural 
perspectives. Ben obtained his Ph.D. degree from the University of 
Pennsylvania. He is a recipient of the ENIAC fellowship from the University of 
Pennsylvania and a finalist for the CRA Outstanding Undergraduate 
Researcher Award. Additional information is available at http://xuanyu.me/.
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Final Presentation

• Each team has 7 minutes for presentation

• You have to stop once you reach 7 minutes

• The presentation should include

• The topic you choose

• Novelty/challenges

• Your approach/design

• Experiments/evaluation

• Results, findings, insights/demo

• Clarity is important

• Teach your classmate about your topic

• Time control is also important
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Final Presentation

• Presentation dates

• 4/20, 4/22, 4/27

• Online

• https://tamu.zoom.us/my/khhuang?pwd=oAdWOKVOCGPApqDbJnVtktdW2AE
6nb.1

• Presentation order

• https://docs.google.com/spreadsheets/d/1qUZPFI4wciToJsXye8-
WN4L7xVG38IWdS2GCCzmu84A/edit?usp=sharing

• Everyone has to join Zoom with your name displayed
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Recap: Autoregressive Language Models
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𝑃 𝑤1, 𝑤2, 𝑤3, … , 𝑤𝑙 = 𝑃 𝑤1 𝑃 𝑤2, 𝑤3, … , 𝑤𝑙|𝑤1

= 𝑃 𝑤1 𝑃(𝑤2|𝑤1) 𝑤3, … , 𝑤𝑙|𝑤1, 𝑤2

= 𝑃 𝑤1 𝑃(𝑤2|𝑤1)𝑃(𝑤3|𝑤1, 𝑤2) 𝑤4, … , 𝑤𝑙|𝑤1, 𝑤2, 𝑤3

=ෑ

𝑖=1

𝑙

𝑃(𝑤𝑖|𝑤1, 𝑤2, … , 𝑤𝑖−1)

𝑃(She likes to go hiking) = 𝑃(She) ⋅ 𝑃(likes|She) ⋅ 𝑃(to|She likes)

⋅ 𝑃(go|She likes to) ⋅ 𝑃(hiking|She likes to go)



Recap: Autoregressive Language Models
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Prediction as a basis for skilled reading: Insights from modern language models



Non-Autoregressive Generation

• Can we generate text in ways other than word by word?

• Other order

• Parallel decoding

• Why?

• Faster decoding
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Non-Autoregressive Generation

• Can we generate text in ways other than word by word?

• Other order

• Parallel decoding

• Why?

• Faster decoding

• More similar to human writing (revision)
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There is a bird on the tree.

There is a red bird on the green tree.

There is a red bird with a big beak on the green tree.



Document Editing
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https://www.econtentpro.com/copyediting/samples



Challenges

• How to add words in the middle?

• Parallel decoding → fluency issue
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Machine Translation with Seq2Seq
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Semi-Autoregressive Decoding

• Autoregressive decoding

• Semi-autoregressive decoding
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Semi-Autoregressive  Transformer
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Mask Modification
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Machine Translation Performance
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Decoding Speed
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Fully Non-Autoregressive Decoding

• Autoregressive decoding

• Fully non-autoregressive decoding
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Motivation (Word Alignment)
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Motivation (Word Alignment)
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Motivation (Word Alignment)
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Fertility Predictor
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Fertility Predictor
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Decode with Latent Variables (A More General Version)
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Results
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Decode with Latent Variables
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Decode with Autoregressive Latent Variables
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How to Decide Latent Variables?
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Reconstruction from latent variables 

Discrete values
(Information Bottleneck)



Learning Mapping Between Inputs and Latent Variables
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Predict Output Length
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A separate classifier to predict the output length



Results
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Consider Syntactic Information for Latent Variables

39



Syntactic Information: Constituency Parse Trees
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Consider Syntactic Information for Latent Variables
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DT1  JJ1  NN1  VBD2  NP2  



Syntactically Supervised Transformer (SynST)
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Results
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Fully Non-Autoregressive Decoding

• Autoregressive decoding

• Fully non-autoregressive decoding
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How about iterative refinement?



Mask-Predict: Iterative Refinement

• Input: Der Abzug der franzsischen Kampftruppen wurde am 20. November 
abgeschlossen

• Step 1: Predict the output length based on the input (12)
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Mask-Predict: Iterative Refinement

• Step 2: Iterative non-autoregressive refinement
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[Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask]

The departure departure the French combat completed completed on 20 November

0.9 0.2 0.3 0.1 0.4 0.2 0.2 0.2 0.1 0.6 0.7

The [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] 20 November

departure of French combat troops troops completed on

0.2 0.9 0.8 0.7 0.8 0.1 0.2 0.9

The [Mask] of French combat troops [Mask] [Mask] on 20 November

withdrawal was completed

0.9 0.8 0.9

The withdrawal of French combat troops was completed on 20 November



Results
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Image Diffusion
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Gradually add noise to image

Learn to denoise



Image Diffusion Examples
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How About Text?
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https://www.youtube.com/watch?v=8BTOoc0yDVA

Word-Level Diffusion



Sentence-Level Diffusion
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https://www.youtube.com/watch?v=8BTOoc0yDVA



Recap: Mask-Predict
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[Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask]

The departure departure the French combat completed completed on 20 November

0.9 0.2 0.3 0.1 0.4 0.2 0.2 0.2 0.1 0.6 0.7

The [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] [Mask] 20 November

departure of French combat troops troops completed on

0.2 0.9 0.8 0.7 0.8 0.1 0.2 0.9

The [Mask] of French combat troops [Mask] [Mask] on 20 November

withdrawal was completed

0.9 0.8 0.9

The withdrawal of French combat troops was completed on 20 November
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Masked Diffusion Language Models (LLaDA)

56
Large Language Diffusion Models, 2025



Masked Diffusion Language Models (LLaDA)
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Large Language Diffusion Models, 2025
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Insertion Operation

• Generate text by inserting words
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<slot 0> This <slot 1> is <slot 2> a <slot 3> boring <slot 4> book <slot 5>

This is a book

This is a boring book

<slot 0> This <slot 1> is <slot 2> a <slot 3> book <slot 4>

Insert “boring” at <slot 3>

This is a very boring book

Insert “very” at <slot 3>



Example
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Example (Parallel Version)
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Advantages

• More similar to human writing

• Don’t need to predict the output length in advance

• Dynamically decide when to stop
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There is a bird on the tree.

There is a red bird on the green tree.

There is a red bird with a big beak on the green tree.



Insertion Transformer

63

This is a book

<start> This is a book <end>

𝐸0 𝐸1 𝐸2 𝐸3 𝐸4 𝐸5

<slot 0> This <slot 1> is <slot 2> a <slot 3> book <slot 4>

Transformer
Output

Slot Representation



Insertion Transformer
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This is a book

<start> This is a book <end>

𝐸0 𝐸1 𝐸2 𝐸3 𝐸4 𝐸5

<slot 0> This <slot 1> is <slot 2> a <slot 3> book <slot 4>

Transformer
Output

Slot Representation



Insertion Transformer
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This is a book

<start> This is a book <end>

𝐸0 𝐸1 𝐸2 𝐸3 𝐸4 𝐸5

<slot 0> This <slot 1> is <slot 2> a <slot 3> book <slot 4>

Transformer
Output

Slot Representation

Predict words based on slot 
representations

𝑃 = 𝑊⊤concat(𝐸𝑖 , 𝐸𝑖+1)



Training Loss
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A B C D E F G H I J K L M N O

<S0> A <S1> C <S2> D <S3> I <S4> M <S5>

𝐿𝑜𝑠𝑠(0) = −log 𝑝(𝐸𝑂𝑆)

𝐿𝑜𝑠𝑠(1) = −log 𝑝(𝐵)

𝐿𝑜𝑠𝑠(2) = −log 𝑝(𝐸𝑂𝑆)

𝐿𝑜𝑠𝑠(3) = Avg − log 𝑝 𝐸 ,− log 𝑝 𝐹 ,− log 𝑝 𝐺 ,− log 𝑝 𝐻

𝐿𝑜𝑠𝑠(4) = Avg − log 𝑝 𝐽 ,− log 𝑝 𝐾 ,− log 𝑝 𝐿

𝐿𝑜𝑠𝑠(5) = Avg − log 𝑝 𝑁 ,− log 𝑝 𝑂



Training Loss (Balanced Binary Tree)
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A B C D E F G H I J K L M N O

<S0> A <S1> C <S2> D <S3> I <S4> M <S5>

𝐿𝑜𝑠𝑠(0) = −log 𝑝(𝐸𝑂𝑆)

𝐿𝑜𝑠𝑠(1) = −log 𝑝(𝐵)

𝐿𝑜𝑠𝑠(2) = −log 𝑝(𝐸𝑂𝑆)

𝐿𝑜𝑠𝑠(3) = Avg − log 𝑝 𝐸 ,− log 𝑝 𝐹 ,− log 𝑝 𝐺 ,− log 𝑝 𝐻

𝐿𝑜𝑠𝑠(4) = Avg − log 𝑝 𝐽 ,− log 𝑝 𝐾 ,− log 𝑝 𝐿

𝐿𝑜𝑠𝑠(5) = Avg − log 𝑝 𝑁 ,− log 𝑝 𝑂



Training Loss (Balanced Binary Tree)
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Results
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Examples
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Examples
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