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Preliminary



The multi-stage pipeline

The multi-stage pipeline for conversational search1:

Conversational query 
reformulation

T5-CANARD

Retrieval

BM25

TcTColBERT

Re-ranking

monoT5

<latexit sha1_base64="XNQpTaNrGrKdUw4YFvqeXJeCNno=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0VwFZK0thVdFN24bME+IA1hMp22QyeTODMRSuhnuHGhiFu/xp1/46StoKIHLhzOuZd77wliRqWyrA8jt7K6tr6R3yxsbe/s7hX3DzoySgQmbRyxSPQCJAmjnLQVVYz0YkFQGDDSDSbXmd+9J0LSiN+qaUy8EI04HVKMlJbclp9e0tkFvPOpXyxZ5nm96pw50DItq+aUqxlxahWnDG2tZCiBJZp+8b0/iHASEq4wQ1K6thUrL0VCUczIrNBPJIkRnqARcTXlKCTSS+cnz+CJVgZwGAldXMG5+n0iRaGU0zDQnSFSY/nby8S/PDdRw7qXUh4ninC8WDRMGFQRzP6HAyoIVmyqCcKC6lshHiOBsNIpFXQIX5/C/0nHMe2qWWlVSo2rZRx5cASOwSmwQQ00wA1ogjbAIAIP4Ak8G8p4NF6M10VrzljOHIIfMN4+AfxQkRY=</latexit>

Q<i; qi

<latexit sha1_base64="gtBKvaZyR5aSI9FaNif+lcKOweA=">AAAB63icdVDLSgMxFM3UV62vqks3wSK6Gmamta27ohuXFewD2qFk0kwbmmTGJCOUob/gxoUibv0hd/6NmbaCih64cDjnXu69J4gZVdpxPqzcyura+kZ+s7C1vbO7V9w/aKsokZi0cMQi2Q2QIowK0tJUM9KNJUE8YKQTTK4yv3NPpKKRuNXTmPgcjQQNKUY6k+5OB3RQLDn2Rb3qnXvQsR2n5pWrGfFqFa8MXaNkKIElmoPie38Y4YQToTFDSvVcJ9Z+iqSmmJFZoZ8oEiM8QSPSM1QgTpSfzm+dwROjDGEYSVNCw7n6fSJFXKkpD0wnR3qsfnuZ+JfXS3RY91Mq4kQTgReLwoRBHcHscTikkmDNpoYgLKm5FeIxkghrE0/BhPD1KfyftD3brdqVm0qpcbmMIw+OwDE4Ay6ogQa4Bk3QAhiMwQN4As8Wtx6tF+t10ZqzljOH4Aest08cj45P</latexit>

q0i

With conversational query reformulation (CQR), we can thereby

regard the conversational search as a standard passage retrieval task.

1We treated the multi-stage pipeline with CQR as our baseline.
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Our Pipeline



The conversationally encoded representation

Without CQR module, we encoded the multi-turn queries

(Q<i = {q1, q2, ...qi−1}; qi ) on embedding space.

Conversational 
dense retrieval

CQE

Conversational dense retrieval

CQE

Conversational 
Re-ranking

ConvRerank

Conversational 
Re-ranking

ConvRerank

Conversational query 
reformulation

T5-CANARD

Retrieval

BM25

TcTColBERT

Re-ranking

monoT5

<latexit sha1_base64="XNQpTaNrGrKdUw4YFvqeXJeCNno=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0VwFZK0thVdFN24bME+IA1hMp22QyeTODMRSuhnuHGhiFu/xp1/46StoKIHLhzOuZd77wliRqWyrA8jt7K6tr6R3yxsbe/s7hX3DzoySgQmbRyxSPQCJAmjnLQVVYz0YkFQGDDSDSbXmd+9J0LSiN+qaUy8EI04HVKMlJbclp9e0tkFvPOpXyxZ5nm96pw50DItq+aUqxlxahWnDG2tZCiBJZp+8b0/iHASEq4wQ1K6thUrL0VCUczIrNBPJIkRnqARcTXlKCTSS+cnz+CJVgZwGAldXMG5+n0iRaGU0zDQnSFSY/nby8S/PDdRw7qXUh4ninC8WDRMGFQRzP6HAyoIVmyqCcKC6lshHiOBsNIpFXQIX5/C/0nHMe2qWWlVSo2rZRx5cASOwSmwQQ00wA1ogjbAIAIP4Ak8G8p4NF6M10VrzljOHIIfMN4+AfxQkRY=</latexit>

Q<i; qi

To achieve, we integrated our pipeline with conversational dense retriever

and re-ranker (e.g. CQE and ConvRerank).
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ConvDR: Contextualized query embeddings (CQE)

The CQE [3] approach is basically representing Q<i and qi as a dense

vector (using the fine-tuned conversational query encoder).

Besides CQE, we adopted CQE-hybrid1 for top-1000 candidate passages:

• Dense: CQE (using ANN search)

• Sparse: CQE’s query expansion (using BM25 search)

1The important tokens with greater L2-norm of token embeddings (see detail in the CQE paper)
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ConvRerank: monoT5 with conversational query

We then predict their relevance scores using point-wise re-rankers.

Specifically, we followed monoT5 [4] and further transform the model

into a conversational passage re-ranker (ConvRerank) with Q<i and qi .

ConvRerank’s T5 text-to-text formulation

Processed input

Query: qi Context: q1 ||| q2 ||| ... qi−1 Document: d Relevant:

Target (for training)

true/false

Processed output (for inferencing)

P(”true”) (from logit normalization techniques)
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Fine-tuning (weakly-supervised)



Pseudo labeling of CQE [3]

We use the rewritten and multi-turn query from CANARD [2] and

CAsT’20 passage collections.

Dense passage retrieval
(BM25+ColBERT)

CANARD & CAsT’20

Further fine-tuningPseudo-labeling

Ranked list
_____________
_____________
_____________
_____________
_____________
_____________
_____________
_____________

Multi-turn user’s utterances
Positive passage
Negative passage 

1, 2, 3

4 to 200

Warm up models
TCT-ColBERT

Manual 
rewritten query

Finally, we acquired the training pairs (i.e., multi-turn query, passage):

({q1, q2, ..., qi−1}; qi ) , p+i , p
−
i
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Higher quality pseudo labeling for ConvRerank

Again, we use the rewritten and multi-turn query from CANARD [2] and

CAsT’20 collections.

Two-stage pipeline retrieval
(BM25+monoT5)

Pseudo-labeling
(Refer to the answer’s view)

Further fine-tuning

Multi-turn user’s utterances
Positive passage
Negative passage 

Warm up models
monoT5

Manual 
Rewritten query

Manual 
Rewritten query

+ answer

CANARD & CAsT’20

Ranked list
_____________
_____________
_____________
_____________
_____________
_____________
_____________
_____________

Ranked list
_____________
_____________
_____________
_____________
_____________
_____________
_____________
_____________

Match (1)
Match (2)

Match (3)

Finally, we acquired the training pairs (i.e., multi-turn query, passage):

({q1, q2, ..., qi−1}; qi ) , p+i /p
−
i ,
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Results On CAsT’20



Full ranking performance

Pipeline Rewriting
nDCG

3 5 500 Overall

BM25 ✓ 0.1464 0.1432 0.2582 0.2824

+ monoT5 ✓ 0.3701 0.3613 0.4067 0.4089

TctColBERT ✓ 0.3381 0.3271 0.4349 0.4520

+ monoT5 ✓ 0.3819 0.3786 0.4801 0.4888

CQE ✗ 0.3416 0.3288 0.4335 0.4532

+ monoT5 ✓ 0.3987 0.3876 0.4838 0.4946

+ ConvRerank ✗ 0.4026 0.3973 0.4818 0.4977

CQE-hybrid ✗ 0.3676 0.3506 0.4752 0.4954

+ monoT5 ✓ 0.3939 0.3857 0.5051 0.5196

+ ConvRerank ✗ 0.4087 0.3993 0.5097 0.5273

Table 1: The settings in boldface indicate the first-stage retrieval. ✓: the queries used

are rewritten by CQR module.
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Ablation experiments (monoT5 wo/ rewrite)

What if we predict the relevance scores for conversational query without

fine-tune a new re-ranker (ConvRerank)?

Pipeline Query used
nDCG

3 5 500

BM25+monoT5 FCQR(Q<i ; qi ) 0.3343 0.3192 0.3913

BM25+monoT5 (Q<i ; qi ) 0.3563 0.3449 0.3926

BM25+ConvRerank (Q<i ; qi ) 0.3777 0.3616 0.3954

For the better effectiveness, we need to fine-tune a re-ranking model for

conversational query.
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Ablation experiments

Why we adopted another pseudo-labeling ?

Pipeline Pseudo-labeling
nDCG

3 5 500

BM25+monoT5 - 0.3343 0.3192 0.3913

BM25+ConvRerank CQE’s pseudo labels. 0.3639 0.3473 0.3859

BM25+ConvRerank Pseudo labels w/ answer 0.3777 0.3616 0.3954

For better quality of positive and negative training pairs, we adopted

aforementioned pseudo-labeling with answer’s view.
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Mixed-initiative interactions



The workflow of conversational search system

We were planing to include the MI information into our pipeline (the

dotted lines)

Conversational search (with clarification)

Conversational search (one-shot)

Discriminator 

Question
generator 

User Reformulator

Ambiguous request

Clear request

<latexit sha1_base64="dDV5Hh9qZRS3OA1YoUPdd6pQqJ8=">AAAB8nicdVDLSsNAFJ34rPVVdelmsAiuQprGtqKLghuXLdgHpCFMppN26CQTZyZCCf0MNy4UcevXuPNvnLQVVPTAhcM593LvPUHCqFSW9WGsrK6tb2wWtorbO7t7+6WDw67kqcCkgznjoh8gSRiNSUdRxUg/EQRFASO9YHKd+717IiTl8a2aJsSL0CimIcVIaclt+9kVnV3CO5/6pbJlXjRq9rkNLdOy6na1lhO77thVWNFKjjJYouWX3gdDjtOIxAozJKVbsRLlZUgoihmZFQepJAnCEzQirqYxioj0svnJM3iqlSEMudAVKzhXv09kKJJyGgW6M0JqLH97ufiX56YqbHgZjZNUkRgvFoUpg4rD/H84pIJgxaaaICyovhXiMRIIK51SUYfw9Sn8n3Rts1IznbZTbjrLOArgGJyAM1ABddAEN6AFOgADDh7AE3g2lPFovBivi9YVYzlzBH7AePsE+BqRCA==</latexit>

Q<i; qi

<latexit sha1_base64="O/h2AqU/bx4ttYKLM9HUe9W2jsE=">AAAB63icdVBNSwMxEJ2tX7V+VT16CRbBU9ktpbYXKXjxWMF+QLuUbJptQ5PsmmSFsvQvePGgiFf/kDf/jdm2goo+GHi8N8PMvCDmTBvX/XBya+sbm1v57cLO7t7+QfHwqKOjRBHaJhGPVC/AmnImadsww2kvVhSLgNNuML3K/O49VZpF8tbMYuoLPJYsZASbTCJ3QzYsltyya1GroYx4ddezpNGoVyoN5C0s1y3BCq1h8X0wikgiqDSEY637nhsbP8XKMMLpvDBINI0xmeIx7VsqsaDaTxe3ztGZVUYojJQtadBC/T6RYqH1TAS2U2Az0b+9TPzL6ycmrPspk3FiqCTLRWHCkYlQ9jgaMUWJ4TNLMFHM3orIBCtMjI2nYEP4+hT9TzqVslcrV2+qpeblKo48nMApnIMHF9CEa2hBGwhM4AGe4NkRzqPz4rwuW3POauYYfsB5+wRrEY6A</latexit>cqi

<latexit sha1_base64="braqMAiIZPccWjkRTDSEixCwtCg=">AAAB63icdVBNS8NAEJ3Ur1q/qh69LBbBU0jT2tZb0YvHCvYD2lA22027dDcJuxuhhP4FLx4U8eof8ua/cdNWUNEHA4/3ZpiZ58ecKe04H1ZubX1jcyu/XdjZ3ds/KB4edVSUSELbJOKR7PlYUc5C2tZMc9qLJcXC57TrT68zv3tPpWJReKdnMfUEHocsYATrTCJ4yIbFkmNfNmruhYsc23HqbqWWEbdedSuobJQMJVihNSy+D0YRSQQNNeFYqX7ZibWXYqkZ4XReGCSKxphM8Zj2DQ2xoMpLF7fO0ZlRRiiIpKlQo4X6fSLFQqmZ8E2nwHqifnuZ+JfXT3TQ8FIWxommIVkuChKOdISyx9GISUo0nxmCiWTmVkQmWGKiTTwFE8LXp+h/0nHtcs2u3lZLzatVHHk4gVM4hzLUoQk30II2EJjAAzzBsyWsR+vFel225qzVzDH8gPX2CV+Jjns=</latexit>cai

<latexit sha1_base64="mPMVrymUotg6J0le6Gi+UfPNoZ4=">AAAB7HicdVBNSwMxEM3Wr1q/qh69BIsgHpZs2631VvTisYLbCu1asmm2Dc1m1yQrlNLf4MWDIl79Qd78N2bbCir6YODx3gwz84KEM6UR+rByS8srq2v59cLG5tb2TnF3r6XiVBLqkZjH8ibAinImqKeZ5vQmkRRHAaftYHSR+e17KhWLxbUeJ9SP8ECwkBGsjeTd9djtSa9YQjaquZUzFyLbRU69nJGy6yBUgY6NZiiBBZq94nu3H5M0okITjpXqOCjR/gRLzQin00I3VTTBZIQHtGOowBFV/mR27BQeGaUPw1iaEhrO1O8TExwpNY4C0xlhPVS/vUz8y+ukOqz7EyaSVFNB5ovClEMdw+xz2GeSEs3HhmAimbkVkiGWmGiTT8GE8PUp/J+0yrZTs6tX1VLjfBFHHhyAQ3AMHHAKGuASNIEHCGDgATyBZ0tYj9aL9TpvzVmLmX3wA9bbJ8sDjrI=</latexit>

q⇤i

Reranker Retriever

However, so far we have only (roughly) fine-tune the question generator. 12/17



Clarification question generation (CQG)

For the mixed-initiative sub-task, we fine-tune a CQG model:

• Generative model: T5

• Dataset: ClariQ [1]

• Initial question: qi

• Context: historical clarification cycle (if any), including system asked

question cq(j) and user’s feedback ca(j).

• Keywords: augmented 10 words from top-30 relevant passages.

• Clarification question: cq
(j+1)
i

CQG: T5 text-to-text formulation

Input source

Context: qi ||| cq(j)i ||| cq(j)i ||| ... Keywords: kw1, kw2, ... Clarifying:

Output target

cq
(j)
i
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Conclusion



Conclusion

For the main task,

• Open-retrieval question answering (ORConvQA [5])

• Re-ranker with summarization

• More effective fine-tuning framework

• Knowledge distillation (bi-encoder ↔ cross-encoder)

For MI-subtask,

• Integrating modules (discriminator, generator, ...etc)
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Thank You!
Are there any questions you’d like to ask?

Jia-Huei Ju jhjoo@citi.sinica.edu.tw

Ming-Feng Tsai mftsai@nccu.edu.tw

Chuan-Ju Wang cjwang@citi.sinica.edu.tw
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Follow-up modules

As our future works, we will start with different directions.

1. Discriminator (When to clarify)

• Query performance predictor.

• Relevance scores.

2. Question generator (What to ask) .

• Generating questions that can help first-stage retrieval.

3. Conversation reformulator .

• Fine-tune the ConvDR (e.g. CQE) with additional clarification turns

(i.e., system asked questions and the feedbacks).

• Dialogue summarization.
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