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Introduction



Introduction

TCT-ColBERT: an approach to ranking with dense representations

1. Adopt the “late interaction” ColBERT model(Khattab and 
Zaharia,2020)

2. Use knowledge distillation (Hintonet al., 2015) to simplify the 
ColBERT’s similarity function MaxSim into a dot-product
(Motivation: Solve the existing problem of ColBERT)

3. Hybrid Dense-Sparse Ranking
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Methodology



TCT-ColBERT famework

TCT-ColBERT:  A bi-encoder—Tight coupling between teacher and student models

Figure1 : TCT-ColBERT famework
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ColBERT



Query and document encoder 

𝑓𝐷：a document encoder, encodes document d into 
a bag of fixed-size embeddings

𝑓𝑄：a query encoder, encodes query 𝑞 into a bag of 
fixed-size embeddings 𝐸𝑞

𝐸𝑞 := Normalize( CNN( BERT(“[𝑄]Where is UCSB?”) ) ) 

𝐸𝑑 := Filter( Normalize( CNN( BERT(“[𝐷]I am studying at 
UCSB”) ) ) )

ColBERT is a highly-effective model that employs novel BERT-based query and document encoders 
within the late interaction paradigm.

Figure2 ColBERT famework



Query and document encoder 

Example:
Given a textual query q and document d .
1.tokenize them into their BERT-based Word Piece tokens[1]

[1] Yonghui Wu, Mike Schuster, Zhifeng Chen, Quoc V Le, Mohammad Norouzi,Wolfgang Macherey, Maxim Krikun, 
Yuan Cao, Qin Gao, Klaus Macherey, et al.2016. Google’s neural machine translation system: Bridging the gap 
between human and machine translation. arXiv preprint arXiv:1609.08144 (2016).

“[Q],q0,q1,q2,q3,……qn”Query q

[Q]:a special token distinguish from 
document token [D]
[D]:a special token distinguish from 
query token [Q]

Document d “[D],d0,d1,d2,d3,……,dn”               

2.The sequence will go through the BERT and subsequent linear layer

3.Normalize so each has L2 norm=1 
Filter out the punctuation symbols

𝐸𝑞 := 
Normalize( CNN( BERT(“[𝑄]𝑞0𝑞1...𝑞𝑙”) ) )
𝐸𝑑 := 
Filter( Normalize( CNN( BERT(“[𝐷]𝑑0𝑑1...𝑑𝑛”) ) ) )



Some examples



MaxSim

𝐸𝑑： the output embeddings from document 
encoder fD

Eq：the output embeddings from query encoder fq

Maxsim: maximum similarity (e.g., cosine)

Score: The relevance score of d to q



MaxSim example

Score: The relevance score of d to q

Example:
For query q, the output embeddings from query 
encoder-Eq:
Query Term 1 (Eq1): [0.1 , 0.4 , 0.5,………]
Query Term 2 (Eq2): [0.4 , 0.2 , 0.3,……]
…………
Query Term n (Eqn): [0.2 , 0.5 , 0.6 ,……]

For document d, the output embeddings from 
document encoder-Dq:
Document Term 1 (Ed1): [0.2 , 0.3 , 0.7,………]
Document Term 2 (Ed2): [0.1 , 0.4 , 0.6,……]
…………
Document Term m(Edm):[0.4 , 0.2 , 0.7 ,……]

Sq,d=max{ Eq1·Ed1
T , Eq1·Ed2

T , Eq1·Ed3
T ,……, Eq1·Edm

T}
+max{ Eq2·Ed1

T , Eq2·Ed2
T , Eq2·Ed3

T ,……, Eq2·Edm
T}

+max{ Eq3·Ed1
T , Eq3·Ed2

T , Eq3·Ed3
T ,……, Eq3·Edm

T}
+…………
+max{ Eqn·Ed1

T , Eqn·Ed2
T , Eqn·Ed3

T ,……, Eqn·Edm
T}
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TCT-ColBert optimization



Student model

Figure1 : TCT-ColBERT famework

Assume the kernel dimension of BERT is 756, a document d contains 100 terms

Student encoder
TCT-ColBERT encoder outputs: AvgPool(𝐸d) 
(1,756)

Teacher encoder
ColBERT encoder outputs:Ed

(100,756)
->Large storage cost,high latency

Saving storage, compute with a dot product



Using Tightly coupled teacher to minimize the lost

Teacher: ColBert
Student: TCT-ColBert (identical)

Means the relative 
document of the given 
query must be correctly 
classified as relative

γ · 1di∈T + qi log(P(di|qi)) (1 − γ) X d0∈DB KL(Pˆ(d 0 |qi)||P(d 0 |qi))

The non-relative documents are expected 
have a similar output score

γ is a weight

Train the student model encoder  to output a well-behaved pooled embedding 



Sparse RetrievalDense Retrieval
01
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• simple but effective

• don't need to be trained

• work on any language

• powerful but computationally  

more expensive especially         

during  indexing

• trained using labelled datasets

• language specific

Features： Features：

Limitation：
Limitation：

• High online processing

latency
• Imprecise term frequency

• Cannot handle 

out-of-vocabulary 

ColBERT DeepImpact

Hybrid Dense-Sparse Ranking



Hybrid Dense-Sparse Ranking

A single dense embedding cannot sufficiently represent passages(Luan et al. 
(2020); Gao et al. (2020))
So we use a linear combination of sparse and dense retrieval--Hybrid Dense-
Sparse Ranking:
Hybrid Dense-Sparse Ranking

Φ (q,d) : The relevance scores of d to q
α：weight

Φ (q,d)= α·Φ sp(q, d) + Φ ds(q, d)

For example, we can evaluate the relevance between the query and document as shown below
The relevance of sparse representation    Φ sp(q, d)1=0.7     Φ sp(q, d)2=0.5           Φ sp(q, d)3=0.2 ,……
The relevance of dense representation    Φ ds(q, d)1=0.5     Φ ds(q, d)2=0.8           Φ ds(q, d)3=0.9 ,……
If α=3         highlight  sparse               Φ (q,d)1= 2.6 Φ (q,d)2= 2.3           Φ (q,d)3= 1.5  ,……

If α=0.3      highlight  dense Φ (q,d)1= 0.71 Φ (q,d)2= 0.95         Φ (q,d)3= 0.96 ,……

We are using TCT-Colbert as dense ranking, deep Impact for sparse ranking
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Datasets and result



Datasets and result

Datasets : MS MARCO ,TREC-2019

Result :



Thanks for listening


