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We are finally here!
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•  Phase 1: Search Engines
• basics, Boolean and ranked retrieval, link analysis, evaluation, learning to rank (ML + 

ranking), …

•  Phase 2: Recommender Systems
• basics, non-personalized recommendation, collaborative filtering, matrix factorization, 

implicit recommendation, …

•  Phase 3: From Foundations to Modern Methods
• embedding learning, Transformer, “small” language models, … (for search and 

recommendation)

• Phase 4: Large Language Models (!!)



NLP before the Era of Large Language Models
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• Given an NLP task
• Step 1: Find/annotate task-specific training data (e.g., 10,000 training samples)
• Step 2: Design a task-specific model (e.g., 3-layer recurrent neural networks with …)
• Step 3: Use the annotated data to train the model

Math Word Problem: (John 
buys 20 cards and 1/4 are 

uncommon. How many 
uncommon cards did he 

get?, 5)

Math
 Model

Paper Classification: (Rapid 
chromatographic technique 
for preparative separations 
with moderate resolution, 

Organic Chemistry)

Classification
     Model

Information Extraction: (in 
rats, nitrofurantoin causes 

pulmonary toxicity, 
[pulmonary toxicity, 

DISEASE])

IE
 Model

Question Answering: (Who 
formulated the zeroth law 
of thermodynamics?, Ralph 

H. Fowler)

QA
  Model



Recap: BERT [Devlin et al., NAACL 2019]
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• BERT has already learned knowledge, linguistic patterns, and other generally useful information for 
various NLP tasks from the entire Wikipedia and BookCorpus. 

• However, it cannot be directly used for many downstream tasks without any further fine-tuning.



How to fine-tune BERT for different NLP tasks?
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• Math Word Problem: Input the entire math word problem into BERT, get the [CLS] token 
embedding, and perform regression by training a regression layer

• Paper Classification: Input the paper into BERT, get the [CLS] token embedding, and perform topic 
classification by training a classification layer

• Information Extraction: Input the text into BERT, get the embedding of each token, and classify 
each token

• Suppose you train a math word problem solver from scratch (with all parameters initialized 
randomly), it might require around 10,000 training samples to achieve good performance.

• In contrast, fine-tuning BERT typically needs far fewer training samples (for example, around 100) 
to reach comparable performance.

in rats , nitrofurantoin causes pulmonary toxicity

None None None B-Chemical None B-Disease I-Disease



The BERT Revolution
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Math Word Problem: (John 
buys 20 cards and 1/4 are 

uncommon. How many 
uncommon cards did he 

get?, 5)

Paper Classification: (Rapid 
chromatographic technique 
for preparative separations 
with moderate resolution, 

Organic Chemistry)

Information Extraction: (in 
rats, nitrofurantoin causes 

pulmonary toxicity, 
[pulmonary toxicity, 

DISEASE])

Question Answering: (Who 
formulated the zeroth law 
of thermodynamics?, Ralph 

H. Fowler)

100 Math Word Problem 
training samples

100 Paper Classification 
training samples

100 Information Extraction 
training samples

100 Question Answering 
training samples

foundation model



But today’s ChatGPT is far more powerful!
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5 Organic Chemistry pulmonary toxicity Ralph H. Fowler

Solve the following Math 
Word Problem: 

John buys 20 cards and 
1/4 are uncommon. How 
many uncommon cards 

did he get?

Classify the following 
paper. Candidate classes 

are [XXX, XXX, …]: 
Rapid chromatographic 

technique for preparative 
separations with …

Find all the DISEASE 
entities in the following 

sentence: 
in rats, nitrofurantoin 

causes pulmonary toxicity

Answer the following 
question: 

Who formulated the zeroth 
law of thermodynamics?

0 Math Word Problem 
training samples

0 Paper Classification 
training samples

0 Information Extraction 
training samples

0 Question Answering 
training samples

One Model for All Tasks!



Let’s take a step back first
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5 Organic Chemistry pulmonary toxicity Ralph H. Fowler

5 Math Word Problem 
training samples

John buys 20 cards and 
1/4 are uncommon. How 
many uncommon cards 

did he get?

5 Paper Classification 
training samples

Rapid chromatographic 
technique for preparative 
separations with moderate 

resolution

5 Information Extraction 
training samples

in rats, nitrofurantoin 
causes pulmonary toxicity

5 Question Answering 
training samples

Who formulated the zeroth 
law of thermodynamics?

One Model for All Tasks!

The task instruction is optional if 
you have 5 training samples.



GPT-3 [Brown et al., NeurIPS 2020]
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Recap: Two Types of Transformer Architecture
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What if we pre-train a Transformer decoder?
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• With only one task – next token prediction – on web-scale corpora

�
𝑖𝑖

𝑝𝑝  𝑤𝑤𝑖𝑖  𝑤𝑤1,𝑤𝑤2, … ,𝑤𝑤𝑖𝑖−1 ;  Θ )

• Most NLP tasks can “reduce” to next token prediction.
• Math: {Input to the model} John buys 20 cards and 1/4 are uncommon. How many 

uncommon cards did he get? The answer is
• {Model predicts the next token(s)} 11

• Classification: {Input to the model} (paper title) Rapid chromatographic technique for 
preparative separations with moderate resolution => (label)

• {Model predicts the next token(s)} Organic Chemistry

next 
token

previous 
tokens

model
parameters



What if we pre-train a Transformer decoder?
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• With only one task – next token prediction – on web-scale corpora

�
𝑖𝑖

𝑝𝑝  𝑤𝑤𝑖𝑖  𝑤𝑤1,𝑤𝑤2, … ,𝑤𝑤𝑖𝑖−1 ;  Θ )

• Most NLP tasks can “reduce” to next token prediction.
• Information Extraction: {Input to the model} (text) in rats, nitrofurantoin causes 

pulmonary toxicity. => (entity, type)
• {Model predicts the next token(s)} pulmonary toxicity, disease

• Question Answering: {Input to the model} Who formulated the zeroth law of 
thermodynamics?

• {Model predicts the next token(s)} Ralph H. Fowler

next 
token

previous 
tokens

model
parameters



GPT-3 can perform each task with just a few examples
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• The model may acquire a broad set of skills and pattern recognition abilities during pre-
training. It then uses these abilities at inference time to rapidly adapt to or recognize the 
desired task. – “In-context learning”

? ? ?



Can a model be that “smart”?
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• Only if it is big enough!

GPT-3

BERT-Base: 0.11B
BERT-Large: 0.34B



Can we make our demo examples more insightful?
(Prompt Engineering)
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Chain-of-Thought Prompting [Wei et al., NeurIPS 2022]
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Chain-of-Thought Prompting

• Add a series of intermediate reasoning steps in the demonstration examples(s)
• Get the model to explain its reasoning steps before making an answer
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Self-Consistency [Wang et al., ICLR 2023]
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Self-Consistency
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From Few-Shot to Zero-Shot
(Instruction Tuning and Alignment)
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Our Final Goal
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5 Organic Chemistry pulmonary toxicity Ralph H. Fowler

Solve the following Math 
Word Problem: 

John buys 20 cards and 
1/4 are uncommon. How 
many uncommon cards 

did he get?

Classify the following 
paper. Candidate classes 
are [XXX, XXX, …]: 
Rapid chromatographic 

technique for preparative 
separations with …

Find all the DISEASE 
entities in the following 

sentence: 
in rats, nitrofurantoin 

causes pulmonary toxicity

Answer the following 
question: 

Who formulated the zeroth 
law of thermodynamics?

0 Math Word Problem 
training samples

0 Paper Classification 
training samples

0 Information Extraction 
training samples

0 Question Answering 
training samples

One Model for All Tasks!



From Few-Shot to Zero-Shot
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Is GPT-3 a zero-shot learner?

Task Instruction
+ A Few Examples

Task Instruction
Only

23



Why is the zero-shot setting hard?

• GPT-3 is not good at following an instruction to perform a new task.
• Because it is never asked to do so during pre-training.

• How to solve this problem?
• Tune the model to follow task instructions!

�
𝑖𝑖

𝑝𝑝  ground truth output instruction, task input )

• How can we ensure that the model can handle unseen task instructions when it is actually used?
• Let it see a sufficiently diverse set of task instructions during training so that it can generalize 

well
• What really matters is the number of different tasks, not how many samples each task has

• Find all available NLP benchmark datasets and convert them into the (instruction, input, 
output) format

• Think of lots of creative new tasks and get people to label them
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FLAN [Wei et al., ICLR 2022]
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FLAN
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Instruction Tuning: A Competition of Data Collection/Annotation
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FLAN: 62 tasksSup-NatInst: 1,616 tasks



InstructGPT [Ouyang et al., NeurIPS 2022]
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InstructGPT
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Instruction Tuning



InstructGPT
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Train another model to 
imitate human preferences

Train GPT to satisfy the 
“human” model



InstructGPT
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Alignment

Reinforcement Learning with Human Feedback (RLHF)



Zero-Shot CoT Prompting [Kojima et al., NeurIPS 2022]
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“Let’s think step by step.”
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The Power of “Let’s think step by step.”
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Large Language Models with Search Engines
(Retrieval-Augmented Generation)

35



What if an LLM does not have the knowledge to answer a question?

ChatGPT 3.5, queried on January 23, 2024

HIN2Vec was 
published in 
CIKM 2017.

HIN2Vec was 
written by 

Tao-yang Fu,
Wang-Chien Lee, 

and Zhen Lei.
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What if an LLM does not have the knowledge to answer a question?

• Why does this happen?
• Knowledge cutoffs: parameters are usually only updated to a particular time
• Private data: data stored in private text or data repositories not suitable for training
• Learning failures: even for data that the model was trained on, it might not be 

sufficient to get the right answer

• How to solve this?
• Fine-tune the LLM to know one more fact 
• Teach the LLM to explore the external, up-to-date information 
• “Give a man a fish, and you feed him for a day; teach a man to fish, and you feed him for 

a lifetime.”
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Retrieval-Augmented Generation [Lewis et al., NeurIPS 2020] 
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Retrieval-Augmented Generation (RAG) 

What is the most cited 
paper in WWW 2017?

Hallucination!

Directly generating
the answer

Querying Augmenting the input with 
relevant docs / sentences

Neural Collaborative 
Filtering

External Corpora / Web

Correct Answer!

39

• Simplest version: single round with a pre-specified plan

Input
Retriever

(e.g., BM25, BERT) Generator



What if single-round retrieval is not enough?

ChatGPT 4o, queried on October 12, 2024
Transformer was published 

in NeurIPS 2017.

40



Toolformer [Schick et al., NeurIPS 2023]
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Retrieval-Augmented Generation (RAG) 
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• Advanced version: multi-round, self-adaptive, agentic
• Let the model decide when to search, how many rounds to perform, how to formulate 

queries, …

What is the most cited 
paper in WWW 2017?

Hallucination!

Directly generating
the answer

Retrieving
(e.g., Google API) Returning

Neural Collaborative 
Filtering

External Corpora / Web

Correct Answer!Input LLM Agent



…, and multi-tool

• Retrieval is just one “tool” that can be used by LLMs.
• There are many other “tools”.

• Tool use: switching between the text-generation mode and the tool-execution mode

43



How to induce tool use?

• Solution 1: Few-shot prompting

• Solution 2: Supervised fine-tuning (if you have 1,000 training samples of how to use a tool, you can 
fine-tune the model)

44



Solution 1: Few-Shot Prompting

• Inference-time technique
• Put reasoning and action 

examples in the prompt, 
then ask the question

45

LLM

question

search
(tool execution)

reasoning
(text generation)

answer



Solution 1: Few-Shot Prompting

• Limitation: The ability to call 
a search engine is not 
internalized through model 
parameter updates

46

LLM



Solution 2: Supervised Fine-Tuning
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LLM

LLM

• Training-based solution
• Collect reasoning and search trajectories to fine-tune the LLM



Solution 2: Supervised Fine-Tuning
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LLM

LLM

• Limitation 1: Hard to scale due to reliance on high-quality labeled trajectories
• Limitation 2: Poor generalization to unseen tools (e.g., trained on BM25 but deployed on Google 

API)



Training LLMs with Reinforcement Learning
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DeepSeek-R1: Training LLMs to Reason with RL

• The correct answer (finally…):

DeepSeek-R1 671B, queried on May 8, 2025

50



Scratchpad of DeepSeek-R1
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Scratchpad of DeepSeek-R1
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DeepSeek-R1 [Guo et al., Nature 2025]
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DeepSeek-R1: Training LLMs to Reason with RL

• Supervised Fine-Tuning (SFT): Given a question, maximize the likelihood that the LLM generates 
the reference answer.

• If the reference answer is 0.5, then generating 1/2 is wrong.
• If the LLM is asked to write code for a specific function, only an exact match with the 

reference answer is considered fully correct. A program that differs from the reference by 
just one token (even if it does not run at all) is regarded as better than an alternative 
implementation that correctly achieves the same functionality.

Supervised Fine-Tuning (SFT): 
Imitating surface-level patterns 

from training data

Reinforcement Learning (RL): 
Maximize long-term reward (e.g., 

correctness, format)

54



DeepSeek-R1: Training LLMs to Reason with RL

• Reinforcement Learning with Verifiable Rewards (RLVR): When the LLM does something correct 
according to our rubrics, it gets certain reward. The model is trained to maximize the reward.

• Format Reward:
• Has <think> and </think> tokens in its output; puts its intermediate reasoning steps 

between these two tokens.
• Has <answer> and </answer> tokens in its output; puts its final answer between these 

tokens
• …

Supervised Fine-Tuning (SFT): 
Imitating surface-level patterns 

from training data

Reinforcement Learning (RL): 
Maximize long-term reward (e.g., 

correctness, format)
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DeepSeek-R1: Training LLMs to Reason with RL

• Reinforcement Learning with Verifiable Rewards (RLVR): When the LLM does something correct 
according to our rubrics, it gets certain reward. The model is trained to maximize the reward.

• Correctness Reward:
• The answer (i.e., tokens between <answer> and </answer>) should be “equivalent” to 

the reference answer (according to a verifier).
• If the model does not generate the correct answer, it will NOT know the answer after this 

iteration; it will only know that the reward is low.
• This question can be used repeatedly until the model generates a good answer.

Supervised Fine-Tuning (SFT): 
Imitating surface-level patterns 

from training data

Reinforcement Learning (RL): 
Maximize long-term reward (e.g., 

correctness, format)

56



DeepSeek-R1: Training LLMs to Reason with RL

• When the model can repeatedly try while only receiving binary feedback (correct/incorrect), it is 
forced to engage in longer reasoning before reaching the correct answer.

• Experiments show this is effective.

57



Training LLMs to Search with RL?

• Motivation:
• Because DeepSeek-R1 is popular 
• Because we no longer need annotated trajectories! 

58

I do not have this, …
…, but I have this

(which is enough for RL)!



Next Lecture: Search-R1 [Jin et al., COLM 2025]
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Thank You!
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