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Recap: Limitations of word2vec-based Ranking
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• Word embeddings are applied in a context-free manner!

• Is it possible to have different vectors of the same word given different contexts?



Transformer [Vaswani et al., NIPS 2017]
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Transformer as a Black Box
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• Transformer is a neural network
• It has two types of architecture: encoder and decoder
• In this lecture, we focus on the Transformer encoder

• Input to a Transformer encoder can be a piece of text:
• A sequence of words 𝑤𝑤1,𝑤𝑤2, … ,𝑤𝑤𝐿𝐿
• Represented by their corresponding embeddings 𝒆𝒆𝑤𝑤1 , 𝒆𝒆𝑤𝑤2 , … , 𝒆𝒆𝑤𝑤𝐿𝐿

• Then, the output is a sequence of contextualized word vectors 𝒉𝒉𝑤𝑤1 ,𝒉𝒉𝑤𝑤2 , … ,𝒉𝒉𝑤𝑤𝐿𝐿

• The output vector 𝒉𝒉𝑤𝑤𝑖𝑖 captures the meaning of 𝑤𝑤𝑖𝑖 by considering the entire input 
sequence as 𝑤𝑤𝑖𝑖’s context

• 𝒉𝒉𝑤𝑤𝑖𝑖 = Transformer(𝒆𝒆𝑤𝑤𝑖𝑖|𝒆𝒆𝑤𝑤1 ,𝒆𝒆𝑤𝑤2 , … , 𝒆𝒆𝑤𝑤𝐿𝐿)



Transformer as a Black Box
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• 𝒉𝒉𝑤𝑤𝑖𝑖 = Transformer(𝒆𝒆𝑤𝑤𝑖𝑖|𝒆𝒆𝑤𝑤1 ,𝒆𝒆𝑤𝑤2 , … , 𝒆𝒆𝑤𝑤𝐿𝐿)

[0.3, -0.7] [-0.9, 0.4] [0.8, 0.2] [-0.2, 0.2] [-0.2, -0.6] [0.5, 0.9] [-0.7, -0.1]

openai proposes training chatgpt using reinforcement learning

Transformer Encoder
(with Parameter 𝜽𝜽)

[-0.6, 0.4] [0.6, -0.2] [0.9, 0.7] [0.4, 0.5] [0.9, 0.6] [0.1, 0.7] [-0.2, -0.7]



Transformer as a Black Box
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• 𝒉𝒉𝑤𝑤𝑖𝑖 = Transformer(𝒆𝒆𝑤𝑤𝑖𝑖|𝒆𝒆𝑤𝑤1 ,𝒆𝒆𝑤𝑤2 , … , 𝒆𝒆𝑤𝑤𝐿𝐿)

[1.0, 0.9] [-0.9, 0.4] [0.8, 0.2] [-0.2, 0.2] [-0.2, -0.6] [0.5, 0.9] [-0.7, -0.1]

meta proposes training chatgpt using reinforcement learning

Transformer Encoder
(with Parameter 𝜽𝜽)

[-0.7, -0.5] [0.8, 0.6] [-1.0, -0.2] [0.3, 0.4] [-0.8, -0.5] [0.8, 0.3] [0.6, -0.7]



How does the model transform the input into the output?
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• “(Self-)Attention”: weigh the importance of different words in a sequence when 
processing a specific word

• When I am looking at this word, which other words should I pay attention to in order to 
understand it better?



Self-Attention: A Simplified Example
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• 𝒉𝒉𝑤𝑤𝑖𝑖 = ∑𝑗𝑗=1𝐿𝐿 𝑎𝑎𝑖𝑖𝑖𝑖𝒆𝒆𝑤𝑤𝑗𝑗

• 𝑎𝑎𝑖𝑖𝑖𝑖 : attention score, where ∑𝑗𝑗=1𝐿𝐿 𝑎𝑎𝑖𝑖𝑖𝑖 = 1



Self-Attention: A Simplified Example
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• 𝒉𝒉𝑤𝑤𝑖𝑖 = ∑𝑗𝑗=1𝐿𝐿 Softmax(𝒆𝒆𝑤𝑤𝑖𝑖
𝑇𝑇 𝒆𝒆𝑤𝑤𝑗𝑗) � 𝒆𝒆𝑤𝑤𝑗𝑗

• Softmax 𝒆𝒆𝑤𝑤𝑖𝑖
𝑇𝑇 𝒆𝒆𝑤𝑤𝑗𝑗 =

exp(𝒆𝒆𝑤𝑤𝑖𝑖
𝑇𝑇 𝒆𝒆𝑤𝑤𝑗𝑗)

∑𝑘𝑘=1
𝐿𝐿 exp(𝒆𝒆𝑤𝑤𝑖𝑖

𝑇𝑇 𝒆𝒆𝑤𝑤𝑘𝑘)

The weight is determined by the similarity 
between the context word and the center word.



Self-Attention: Query, Key, Value
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• Each word in self-attention is represented by three different vectors
• Query (Q): Represent the current word for which information is being sought
• Key (K): Represent the reference (context) used for comparison with the query
• Value (V): Represent the actual content of each token, which will be aggregated into the 

final output

𝒉𝒉𝑤𝑤𝑖𝑖 = �
𝑗𝑗=1

𝐿𝐿

Softmax(𝒆𝒆𝑤𝑤𝑖𝑖
𝑇𝑇 𝒆𝒆𝑤𝑤𝑗𝑗) � 𝒆𝒆𝑤𝑤𝑗𝑗

Query Key Value



Extended Content: Transformer Architecture Details
(will not appear in quizzes or the exam)

11



Self-Attention in Transformer: Learning Three Matrices 
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• Input word vector: 𝒆𝒆𝑤𝑤𝑖𝑖

• Learn a query matrix 𝑾𝑾𝑄𝑄: 𝒒𝒒𝑖𝑖 = 𝒆𝒆𝑤𝑤𝑖𝑖𝑾𝑾
𝑄𝑄

• Learn a key matrix 𝑾𝑾𝐾𝐾 : 𝒌𝒌𝑖𝑖 = 𝒆𝒆𝑤𝑤𝑖𝑖𝑾𝑾
𝐾𝐾

• Learn a value matrix 𝑾𝑾𝑉𝑉: 𝒗𝒗𝑖𝑖 = 𝒆𝒆𝑤𝑤𝑖𝑖𝑾𝑾
𝑉𝑉

• Compute attention scores with query and key: 𝑎𝑎𝑖𝑖𝑖𝑖 = Softmax 𝒒𝒒𝑖𝑖
𝑇𝑇𝒌𝒌𝑗𝑗
𝑑𝑑

• The dot product of two vectors usually has an expected magnitude proportional to 
𝑑𝑑, where 𝑑𝑑 is the dimensionality of 𝒒𝒒𝑖𝑖 and 𝒌𝒌𝑗𝑗

• Divide the attention score by 𝑑𝑑 to avoid extremely large values in Softmax(�)

• Sum the value vectors weighted by attention scores:  𝒛𝒛𝑖𝑖 = ∑𝑗𝑗=1𝐿𝐿 𝑎𝑎𝑖𝑖𝑖𝑖𝒗𝒗𝑗𝑗



Self-Attention in Transformer: Visualization
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𝒙𝒙𝑖𝑖: input vector
(i.e., 𝒆𝒆𝑤𝑤𝑖𝑖)

𝒛𝒛𝑖𝑖: output of
self-attention

𝒉𝒉𝑤𝑤𝑖𝑖 = FFN(𝒛𝒛𝑖𝑖): 
output of one

Transformer layer

Source: https://jalammar.github.io/illustrated-transformer/ 

https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/
https://jalammar.github.io/illustrated-transformer/


Self-Attention in Transformer: Visualization
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15
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Let’s assume these 𝒒𝒒𝑖𝑖 and 𝒌𝒌𝑗𝑗 
vectors are 64-dimensional 
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Position Encoding
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• What will happen to the output if I swap “Thinking” and “Machines”?



Position Encoding
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• What if there are two sentences?
• “a dog bites a man”
• “a man bites a dog”

• The order does not affect the output vector of each word!
• But language is order-sensitive!

• Solution: Add a learnable position encoding vector 𝒑𝒑𝑖𝑖

input 𝒆𝒆a + 𝒑𝒑1 𝒆𝒆dog + 𝒑𝒑2 𝒆𝒆bites + 𝒑𝒑3 𝒆𝒆a + 𝒑𝒑4 𝒆𝒆man + 𝒑𝒑5
word a dog bites a man

input 𝒆𝒆a + 𝒑𝒑1 𝒆𝒆man + 𝒑𝒑2 𝒆𝒆bites + 𝒑𝒑3 𝒆𝒆a + 𝒑𝒑4 𝒆𝒆dog + 𝒑𝒑5
word a man bites a dog



Position Encoding: Visualization

20Source: https://web.stanford.edu/~jurafsky/slp3/8.pdf 

https://web.stanford.edu/%7Ejurafsky/slp3/8.pdf


Tokenization: Handling Out-of-Vocabulary Words
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• Byte-Pair Encoding (BPE)
• Intuition: start with a character-level vocabulary and iteratively merge the most frequent 

pairs of tokens

• Step 1 (Initialization): let vocabulary be the set of all individual characters: {A, B, C, D, ..., a, 
b, c, d, ....}

• Step 2 (Frequency counting): count all adjacent symbol pairs (could be a single character 
or a previously merged pair) in the training corpus

• Step 3 (Pair merging): merge the most frequent pair of symbols (e.g., “t”, “h” → “th”)
• Step 4 (Update corpus): replace all instances of the merged pair in the corpus with the 

new token & update the frequency of pairs
• Step 5 (Repeat): repeat the process of counting, merging, and updating until a predefined 

number of merges (or vocabulary size) is reached



Example
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• Suppose we have the following corpus:
• “set new new renew reset renew”

Special “begin-of-word” character
(distinguish between subword 

units vs. whole word)

Source: https://web.stanford.edu/~jurafsky/slp3/2.pdf 

https://web.stanford.edu/%7Ejurafsky/slp3/2.pdf


Example
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• Suppose we have the following corpus:
• “set new new renew reset renew”

merging 
“n” and “e”



Example
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• Suppose we have the following corpus:
• “set new new renew reset renew”

merging “ne” 
and “w”



Example
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• Suppose we have the following corpus:
• “set new new renew reset renew”



Example

26

• Suppose we have the following corpus:
• “set new new renew reset renew”

• If we continue, the next merges are:

• Given a new sentence, how to tokenize it?
• Just run (greedily based on training data frequency) on the merge rules we have 

learned from the training data on the new sentence



Still many missing details 
in the Transformer!
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• Multi-head attention
• Feedforward network
• Layer normalization
• Residual connection

• Refer to: 
https://web.stanford.edu/~jurafsky/slp3/8.pdf 

https://web.stanford.edu/%7Ejurafsky/slp3/8.pdf


Training Transformers with Self-Supervision
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Information in Raw Texts

29

• Verb:  the task is to extract all the structured chemical reactions from papers
• Preposition: a liquid handler equipped with two microplates
• Time:  the Transformer paper was published in 2017
• Location: data from the University of Texas MD Anderson Cancer Center
• Math:  the sequence goes 1, 1, 2, 3, 5, 8, 13, 21, 34
• Chemistry: sugar is composed of carbon, hydrogen, and oxygen
• …

• How to harvest underlying patterns, structures, and semantic knowledge from raw texts?
• Train the model to predict masked tokens given their contexts



Information in Raw Texts
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• Verb:  the task is to extract all the structured chemical reactions from papers
• Preposition: a liquid handler equipped with two microplates
• Time:  the Transformer paper was published in 2017
• Location: data from the University of Texas MD Anderson Cancer Center
• Math:  the sequence goes 1, 1, 2, 3, 5, 8, 13, 21, 34
• Chemistry: sugar is composed of carbon, hydrogen, and oxygen
• …

• Encoder-based language models (e.g., BERT) – predict a token from all other tokens in the input 
sequence

chatgpt learns from vast amounts of text data and generates responses …
• Decoder-based language models (e.g., ChatGPT) – predict a token from all previous tokens

chatgpt learns from vast amounts of text data and generates responses …



Two Types of Transformer Architecture
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Encoder vs. Decoder
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• Encoder:
• Each token can attend to all other tokens to better learn its representation vector
• Suitable for natural language understanding (NLU) tasks

• Decoder:
• Each token can only attend to previous tokens to predict the next token
• Suitable for natural language generation (NLG) tasks



BERT [Devlin et al., NAACL 2019]
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BERT Pre-training
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• Task 1 – Masked Language Modeling (MLM): With 15% words randomly masked, the model learns 
bidirectional contextual information to predict the masked words.



BERT Pre-training
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• Task 2 – Next Sentence Prediction (NSP): The model is presented with pairs of sentences. It is 
trained to predict whether each pair consists of an actual pair of adjacent sentences from the 
training corpus or a pair of unrelated sentence.

Source: https://web.stanford.edu/~jurafsky/slp3/10.pdf 

https://web.stanford.edu/%7Ejurafsky/slp3/10.pdf


Immediate Impact of BERT
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• In 2018, BERT came out and largely outperformed most previous methods on common NLP tasks 
(e.g., sentiment classification, natural language inference, question answering).

• BERT got the best paper award at the NAACL 2019 conference.

• “Open AI GPT”: GPT-2
• “BERT-Base”: 12 Transformer encoder layers; ~110M parameters
• “BERT-Large”: 24 Transformer encoder layers; ~340M parameters



Improving BERT: RoBERTa [Liu et al., arXiv 2019] 
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• Next Sentence Prediction (NSP) 
is not helpful!

• Only use Masked Language 
Modeling (MLM)

• Pretrain on longer sequences
• Pretrain the model for longer, 

with bigger batches 
• Pretrain over more data
• Dynamically change the masking 

patterns applied to the training 
data in each epoch



Improving BERT: ELECTRA [Clark et al., ICLR 2020]
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• Use a small MLM as an auxiliary generator (discarded after pretraining)
• Pretrain the main model as a discriminator
• The small auxiliary MLM and the main discriminator are jointly trained.
• The main model’s pretraining task becomes more and more challenging in pretraining.



BERT-Based Ranking
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How to use BERT for retrieval? – Solution 1
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• Encode query and document separately
• The output vector of the [CLS] token serves as query / document embedding

Document: Clinical features of 
patients infected with 2019 novel 

coronavirus in Wuhan, China. A 
recent cluster of pneumonia …

Query: Cardiac injury is common in 
critical cases of COVID-19

BERT BERT

[CLS] [CLS]

cosine / inner product Bi-Encoder



Python Implementation to Encode a Query / Document

41



Fine-Tune a Bi-Encoder Ranking Model
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• Fine-tuning: continue to train a pre-trained model using supervised learning on labeled 
data for a specific downstream task

• What if I want to train a Bi-Encoder using learning to rank?
• Parameters: All parameters in the query Transformer encoder and the document 

Transformer encoder
• At the beginning of training, both encoders are initialized with BERT
• In many Bi-Encoder ranking models, the query encoder and the document 

encoder share all parameters
• Learning Objective?

• Recall Dense Passage Retrieval!



Dense Passage Retrieval [Karpukhin et al., EMNLP 2020]
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• Learning objective: Given a query 𝑞𝑞 and 𝑁𝑁 documents (𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁), the ground truth 
tells us that 𝑑𝑑1 is the most relevant to 𝑞𝑞 among these documents

Document 𝑑𝑑1Query 𝑞𝑞

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑞𝑞 𝒆𝒆𝑑𝑑1

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1

Blackbox with
Parameter 𝜽𝜽

Document 𝑑𝑑2

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑑𝑑2

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑2

… Document 𝑑𝑑𝑁𝑁

Blackbox with
Parameter 𝜽𝜽

𝒆𝒆𝑑𝑑𝑁𝑁

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑𝑁𝑁

exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1)
∑𝑖𝑖=1𝑁𝑁 exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑𝑖𝑖)



Dense Passage Retrieval (BERT Version)
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• Learning objective: Given a query 𝑞𝑞 and 𝑁𝑁 documents (𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁), the ground truth 
tells us that 𝑑𝑑1 is the most relevant to 𝑞𝑞 among these documents

Document 𝑑𝑑1Query 𝑞𝑞

Transformer Encoder
Initialized with BERT

𝒆𝒆𝑞𝑞 𝒆𝒆𝑑𝑑1

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1

Transformer Encoder
Initialized with BERT

Document 𝑑𝑑2

Transformer Encoder
Initialized with BERT

𝒆𝒆𝑑𝑑2

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑2

… Document 𝑑𝑑𝑁𝑁

Transformer Encoder
Initialized with BERT

𝒆𝒆𝑑𝑑𝑁𝑁

𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑𝑁𝑁

exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑1)
∑𝑖𝑖=1𝑁𝑁 exp(𝒆𝒆𝑞𝑞𝑇𝑇𝒆𝒆𝑑𝑑𝑖𝑖)

[CLS] [CLS] [CLS] [CLS]



Fine-Tune a Bi-Encoder Ranking Model
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• In-batch negative sampling
• The larger the batch size, the better

• What potential issues might a Bi-Encoder have?
• Two encoders independently encode the 

query and the document into vectors and 
calculate their similarity.

• However, the importance of a query word 
may vary across different documents; the 
importance of a document word may also 
vary across different queries.



How to use BERT for retrieval? – Solution 2
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• Concatenate the query and document into a single input sequence
• Get the representation of the entire sequence and perform binary classification

BERT

[CLS]

p(relevant | query, document) Cross-Encoder

[CLS] [SEP] [SEP]

Binary Classification

Query: Cardiac injury is common in 
critical cases of COVID-19

Document: Clinical features of 
patients infected with 2019 novel 

coronavirus in Wuhan, China. A 
recent cluster of pneumonia …



Fine-Tune a Cross-Encoder Ranking Model
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• Parameters: All parameters in the Transformer encoder + the classification layer
• Objective: Cross-Entropy Loss, −(𝑦𝑦 log𝑝𝑝 + 1 − 𝑦𝑦 log 1 − 𝑝𝑝 )

BERT

[CLS]

p(relevant | query, document) Cross-Encoder

[CLS] [SEP] [SEP]

Binary Classification

Query: Cardiac injury is common in 
critical cases of COVID-19

Document: Clinical features of 
patients infected with 2019 novel 

coronavirus in Wuhan, China. A 
recent cluster of pneumonia …



Cross-Encoder Ranking Model [Dai and Callan, SIGIR 2019]
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What if the document is too long?

49

• BERT can take at most 512 tokens
• In a Cross-Encoder architecture, the document 

needs to share the 512 tokens with the query

• Divide the document 𝑑𝑑 into passages 
𝑝𝑝1,𝑝𝑝2, … ,𝑝𝑝𝐾𝐾

• FirstP
score 𝑞𝑞,𝑑𝑑 = score(𝑞𝑞,𝑝𝑝1) 

• MaxP
score 𝑞𝑞,𝑑𝑑 = max

1≤𝑘𝑘≤𝐾𝐾
score(𝑞𝑞, 𝑝𝑝𝑘𝑘)

• SumP

score 𝑞𝑞,𝑑𝑑 = �
𝑘𝑘=1

𝐾𝐾

score(𝑞𝑞,𝑝𝑝𝑘𝑘)



Fine-Tune a Cross-Encoder Ranking Model
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• All-to-All Interaction
• The context of each query word includes the 

entire query AND the entire document
• The context of each document word includes 

the entire query AND the entire document

• What potential issues might a Cross-Encoder have?
• Cross-Encoder is expensive!
• You cannot precompute query and word 

representations
• How to solve this?



Retrieval-Reranking Paradigm (BERT Version)
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• We want to use effective but expensive ranking models …
• … only for a more fine-grained ranking of the most relevant documents.

Retrieval 
Stage

Reranking
Stage

Candidate
Documents
(e.g., >1M)

Candidate
Documents
(e.g., <100)

Final
Ranking

Query

Efficient Method
(BM25)

Effective but Expensive Method
(Cross-Encoder)



Cross-Encoder Reranking Model [Nogueira and Cho, arXiv 2019]
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BERT-Based Neural Re-Ranking
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New SOTA on MS MARCO Leaderboard!



MS MARCO

54

https://microsoft.github.io/msmarco/ 

https://microsoft.github.io/msmarco/


MS MARCO
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• Largest public IR benchmark release in 2016
• Used by TREC from 2019 to 2024
• Consists of more than 500K Bing search queries 
• Sparse labels: approximately one relevance document per query! 
• Passage Ranking: 9M short passages
• Document Ranking: 3M long documents



MRR (Mean Reciprocal Rank)
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MRR =
1

|𝑄𝑄| �
𝑞𝑞∈𝑄𝑄

1
rank𝑞𝑞

• 𝑄𝑄: the set of queries
• rank𝑞𝑞 : rank position of the first relevant result for query 𝑞𝑞

• Example
• Suppose we have 4 candidate documents. For the following 3 queries, each query has 

a ranking list of the 4 documents, with the relevance ground truth as follows:
• Query 𝑞𝑞1: [0, 0, 0, 1]
• Query 𝑞𝑞2: [1, 1, 0, 1]
• Query 𝑞𝑞3: [0, 1, 1, 1]

• MRR = 1
3

× 1
4

+ 1
1

+ 1
2

= 7
12
≈ 0.583



ColBERT
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Previously Introduced Neural Ranking Paradigms
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• DESM, DPR, BERT Bi-Encoder

• Efficient

• Independent Query/Doc encoding

• Duet, Conv-KNRM

• Effective but expensive

• context(Query) = Doc

• BERT Cross-Encoder

• Effective but expensive

• context(Query) = Query & Doc



Late Interaction
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• Can we keep precomputation and still 
have fine-grained query-document 
interactions?

• Desired Properties: 
• Independent encoding
• Fine-grained representations 
• End-to-end retrieval (the retrieval-

reranking paradigm can be used, 
but it is not mandatory)



ColBERT [Khattab and Zaharia, SIGIR 2020]
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Late Interaction
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• Step 1: Encode the document into a 
sequence of vectors 𝒆𝒆𝑑𝑑1 ,𝒆𝒆𝑑𝑑2 , … , 𝒆𝒆𝑑𝑑𝐿𝐿

• Step 2: Encode the query into a 
sequence of vectors 𝒆𝒆𝑞𝑞1 ,𝒆𝒆𝑞𝑞2 , … , 𝒆𝒆𝑞𝑞𝑀𝑀

• Step 3:

score 𝑞𝑞,𝑑𝑑 = �
𝑚𝑚=1

𝑀𝑀

max
1≤𝑙𝑙≤𝐿𝐿

𝒆𝒆𝑞𝑞𝑚𝑚
𝑇𝑇 𝒆𝒆𝑑𝑑𝑙𝑙

• Intuition: For each word in the query, 
find the most matching word in the 
current candidate document to 
compute the similarity



Late Interaction
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• Example
• Query representation

1, 0 , [0, 1]
• Document representation

1, 1 , [0.5, 0.5]

• For 1, 0 , which document vector is 
the most similar?

• For 0, 1 , which document vector is 
the most similar?

• score 𝑞𝑞,𝑑𝑑
= 1, 0 1

1 + 0, 1 1
1 = 2



Late Interaction: Real Example of Matching
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Offline Indexing

64

• For Bi-Encoder, index one 
vector for each candidate 
document

• For ColBERT, index a 
sequence of vectors for 
each candidate document



Performance of ColBERT: Reranking
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• On par with BERT-Base (Cross-Encoder)
• Slightly worse than BERT-Large (Cross-Encoder)
• BUT much faster!



Performance of ColBERT: End-to-End Retrieval
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• <10× slower than BM25 and Bi-Encoder ranking models
• BUT much more effective!



Striking a Good Balance Between Bi-Encoder and Cross-Encoder
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Robustness: Out-of-Domain Quality
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• So far, we have looked at in-domain effectiveness evaluations
• We had training and evaluation data for MS MARCO
• We often want to use retrieval in new, out-of-domain settings with NO training data and NO 

validation data
• This is sometimes called a “zero-shot” setting; it emphasizes generalization
• BEIR is a popular benchmark for IR models in “zero-shot” scenarios 

https://github.com/beir-cellar/beir 

https://github.com/beir-cellar/beir
https://github.com/beir-cellar/beir
https://github.com/beir-cellar/beir


BEIR
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Robustness: Out-of-Domain NDCG@10
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Robustness: Out-of-Domain Recall@100
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How to build effective “zero-shot” rankers?



Thank You!
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Course Website: https://yuzhang-teaching.github.io/CSCE670-S26.html
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