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PaperReview& Presentation(startingMarch25)

12% of the grade

Each team will complete one in-depth research paper presentation (10-12 mins 

presentation + 3-5 mins discussion) during the semester using slides. 

Eachstudent will also serve as a designated discussion lead for two additional paper 

presentations. 
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PaperPresentationGuidelines

Explain main ideas in an understandable way + discussion question

Present 1 paper (or up to 3 closely related papers) from top NLP venues

Å*CL, EMNLP, COLING, COLM, CoNLL

Paper(s) topic should either be:

ÅRelated to your project (can serve as part of your literature review)

ÅOr some NLP topic your group finds interesting
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PaperPresentation:Evaluation
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The presentation will be assessed on the studentõs ability to clearly explain(50%):

Åthe paperõs motivation

Å technical approach

Åkey results

Tocritically evaluate its assumptions, limitations, and contributions(30%)

To situate the work within the broader LLM and NLP research landscape (20%)
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PaperPresentation:Evaluation
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Students will also be evaluated on the quality of the discussion they facilitate:

- through insightful questions

- engagement with peers

- ability to surface open problems and future research directions

both during their own presentation and when leading discussions for others. 

Audience Expectations

ÅActive participation encouraged (counts toward participation grade)

ÅPeer review and feedback form for each presentation
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PaperPresentationGuidelines
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The slides of the presentation need to be shared a day before the presentation to the 

class.

Pleaseadd to the slide deckTA sentthe night before,and TA will distributebeforethe

classin the morning.
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PaperReviewReportRequirement
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2-page summaryof thepaper review

Reviews will be assessed based on answering a small set of questions, to be released at 

the time of the paper reviewassignment, clearly and correctly. 

In most cases, each question will warrant at minimum a paragraph to answer.
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Sign-up & Scheduling

Signup sheet for paper presentation AND final project presentation (released after class)

Provide link(s) to planned paper(s)

Indicate whether topic is project-related

Dates:

ÅStrict 15 min: 3/25 (Wed), 3/30 (Mon), 4/1 (Wed)

ÅMay extend to ~20 min: 4/13 (Mon), 4/15 (Wed)
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Sign-up & Scheduling

Choose a date appropriate for your group size / number of papers

First-come slots (groups may swap dates is mutually agreed)

Paper presentation date + topic due end of week (March 6)
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Recap
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IssueswithMaximization-Based Decoding

ÅEither greedy or beam search

ÅBeam search can be more effective with large beam width, but also more expensive

ÅAnother key issue: 

12

Generation can be bland or repetitive 

(also called degenerate)
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Solution: Donõt Maximize, Pick a Sample
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ÅSample a token from the distribution of tokens.

ÅBut this is not a random sample, it is a sample for the learned model distribution

ÅMany good options which are not the maximum probability!
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Pure Sampling

ÅSample directly from ὖ

ÅStill has access to the entire 

vocabulary

ÅBut if the model distributions are of 

low quality, generations will be of low 

quality as well

ÅOften results in ill-formed generations

ÅNo guarantee of fluency

14

ώḐὖ ύ
ÅØÐὛ

ВᶰÅØÐὛ
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Top-ὑSampling

ÅProblem: Puresampling makes every token in the vocabulary an option 

ÅEven if most of the probability mass in the distribution is over a limited set 
of options, the tail of the distribution could be very long and in aggregate 
have considerable mass

ÅMany tokens are probably really wrong in the current context. Yet, we 
give them individually a tiny chance to be selected. 

ÅBut because there are many of them, we still give them as a group a high 
chance to be selected. 

ÅSolution: Top-ὑsampling 

ÅOnly sample from the top ὑtokens in the probability distribution

15
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Top-ὑSampling: Issues
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Top-ὑsampling can cut off too quickly

Top-ὑsampling can also cut off too slowly!
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Nucleus (Top-ὖ) Sampling
ÅSolution: Top-ὖsampling

ÅSample from all tokens in the top ὖcumulative probability mass (i.e., where mass is concentrated) 

ÅVaries ὑdepending on the uniformity of ὖ

17
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Temperature Scaling

ÅRecall: On timestep ὸ, the model computes a prob distribution ὖ by applying the softmax function 

to a vector of scores ίɴ ᴙȿȿ

ÅWe can apply a temperature hyperparameter †to the softmax to rebalance ὖ
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ὖώ ύ
ÅØÐὛ

ВᶰÅØÐὛ

ὖώ ύ
ÅØÐὛȾ†

ВᶰÅØÐὛȾ†

ÅRaise the temperature †> 1: ὖ becomes more uniform 

ÅMore diverse output (probability is spread around vocab) 

ÅLower the temperature †< 1: ὖ becomes more spiky 

ÅLess diverse output (probability is concentrated on top words)
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ÅPre-training on large 

corpus of text

ÅProduces a Base Language 
Model

ÅContinued Pre-training for 

domain adaptation 

(optional; sometimes called 

mid-training, stage 1.5) 

Three Stages of Training LLMs

19

ÅPost-training for Task 

Adaptation

ÅSeq2Seq Instruction 

Tuning (Supervised 

Finetuning, different 

meaning than BERT-style 

classification tasks)

ÅPost-training for Preference Alignment

ÅEither Reinforcement Learning with 

Human Feedback : Train a supervised 

classifier (reward model) on human 

demonstrations to provide feedback to 

LM. Reinforcement learning to maximize 

rewards given by reward model 

ÅOr, train with a preferred and a 

dispreferred generation (more popular 

now)

ÅInference: Prompting with Instructions and Demonstrations (also called examples, shots)
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Instruction Tuning

ÅPretraining:

ÅTrain a model to continue a given context

Å Instruction Tuning:

ÅTrain a model to follow varied instructions

ÅNeeded because the vast majority of 
pretraining is done on data which are not in the 
form of instructions

ÅFine-tuned (using the next-token-prediction 
objective) on a dataset of instructions together 
with correct responses

20
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Instruction Tuning Data

ÅInstruction tuning datasets are 

often created by repurposing 

standard NLP datasets for tasks 

like question answering or 

machine translation

ÅOften synthesized!

ÅPrompting existing LLMs 

ÅMore variety in the instruction 

templates  Ÿ better models!

21



CSCI 444: NLP                                                                                                                        

Parameter-Efficient Fine-tuning

Å Fine-tuning can be very difficult and expensive with LLMs

Å enormous numbers of parameters to train; think 70B parameters, and their gradients!!

Å each pass of batch gradient descent has to backpropagate through many many huge layers. 

Å Alternative: allow a model to be finetuned without changing all the parameters.  

Å parameter-efficient fine tuning or PEFT, 

Å efficiently select a subset of parameters to update when finetuning and keep the rest frozen

Å Examples: Adapters, Prefix-Tuning, LoRAor Low Rank Adaptation22
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LoRA: Low-Rank Adaptation

ÅInstead of updating weight matrices in attention layers during finetuning, Low-Rank 
Adaptation eases this by updating a low-rank approximation of the matrix : matrices 
which are far smaller

ÅLoRAfreezes the pre-trained model weights and injects trainable rank decomposition 
matrices into each layer of the Transformer architecture

ÅGradient updates are reparametrized as ἥ ɝἥ ἥ ἌẗἋ

ÅWhere Ἄand Ἃare low-rank matrices, the only matrices to be updated

ÅLoRAcan reduce the number of trainable parameters by 10,000 times and the GPU 
memory requirement by 3 times for GPT-3 175B

ÅUsually comes at a (small) cost to performance

23
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Interacting with LLMs: 
Prompting
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Interfacing with Large Language Models

ÅOnce trained, language models can be very powerful

ωPrompting (or In-Context / Few-Shot Learning):the ability to do many tasks with no gradient updates and no / a few 

examples, by simply: 

ÅYou can get interesting zero-shot behavior if youõre creative enough with how you specify your task!

25
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Prompting

ÅInterface to a language model: prompts in natural language

ÅVery large language models seem to perform some kind of òlearningó 
without gradient updates!!! òLearnósimply from examples you provide within 
their contexts

ÅSometimes called in-context learning

ÅMisnomer: no learning (parameter update) actually happens during 
prompting

ÅCan be zero shot (without examples) or few-shot (with a few examples)

ÅTypically <10

ÅWith powerful LLMs, 0-shot approaches are all you need!

26

Zero-Shot

Few-Shot



CSCI 444: NLP                                                                                                                        

Prompting: Success

ÅMuch more flexible than older 

formulation of pre-training 

encoder-only models and fine-

tuning to specific classification 

tasks (the BERT paradigm)

ÅNow, pre-train and instruction tune 

one large model and prompt it to 

do a variety of tasks!

27
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Why does prompting work so well?
ÅInduction heads

ÅDiscovered by looking at mini language models with only 1-2 attention heads

ÅIf the model sees the pattern AB é A in an input  sequence,  it predicts that B will follow, instantiating the pattern completion rule 

ABé AŸ B

ÅPerhaps a generalized fuzzy version of this pattern completion rule, implementing a rule like A*B* é AŸB*, where A* å A and 

B* å B (by å we mean some form of semantically similarity), might be responsible for in-context learning

28
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Prompting Limitations: Prompt Design
ÅTask performance is sensitive to prompt design

ÅFormatting

ÅOrdering of demonstrations

ÅWording of the prompt

29
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Chain-of-Thought Prompting

ÅSince the model is trained on lots 

and lots of language data, 

perhaps relying on its 

capabilities to generate 

language can make it more 

accurate!

30
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Zero-Shot Chain-of-Thought Prompting

ÅThe model may not even need 

examples of reasoning, it may 

be able to òreasonó on its own 

if provided the right trigger 

context

31
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Chain-of-Thoughts Performance

32
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Preference Tuning: Aligning Models 
with Human Preferences
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The need for preference alignment

ÅMake LLMs more helpful

ÅSupervised Finetuning: Instruction Tuning

ÅPrompting

ÅMake LLMs less harmful

ÅAvoid unsafe responses which may cause harm (e.g. privacy)

ÅModel alignment with human preferences aims to achieve both!

ÅAlgorithms may involve reinforcement learning (such as PPO, GRPO) or not (DPO)
34

A Pre-trained GPT-3
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Preference Alignment

ÅLetõs say we were training a language model on some task (e.g. summarization). 
ÅFor an instruction ὼand a LM sample ώ, imagine we had a way to obtain a human reward of that 

summary: Ὑὼȟώᶰᴙ, higher is better.

35

ÅMaximize the expected reward of samples from our LM:  Ƕ
Ḑ ȿ

Ὑὓ ὼȟώ
Ƕ
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Preference Data

ÅGetting on-the-fly annotations with a human-in-the-loop is expensive! 

Å Instead of directly asking humans for preferences, model their preferences as a 
separate (classification / regression) problem! 

ÅHuman judgments are noisy and miscalibrated! 

Å Instead of asking for direct ratings, ask for pairwise comparisons, which can be 
more reliable

ÅNowadays, mostly LLM judges

ÅTrain a reward model, Ὑὓ ὼȟώ to predict human reward from an annotated dataset

ÅPairwise preferences converted into scores

37
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Reward Modeling
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