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=B Z& (Information Retrieval, IR)

Information _

¢ need A Obama family tree

I e — >

_ ”',7
Relevance
(documents satisfy Retrieval
Information need system indexes
e.g. useful) a document

corpus

Results (document list)

Relevance between text queries and documents
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- EERENH
* XHEKRER
* Query: Obama family tree
* Document:
* Family of Barack Obama - Wikipedia

* Barack Obama Family Tree along with family connections to other famous kin.
Genealogy charts for Barack Obama may include up to 30 generations of ...

- BafjalE
* Query: Who is Barack Obama'’s sister?
* Answer:

Auma Obama
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SENENH
- RREERNIESRL
» REPTRB L] 5 0]

What protects the
digestive system against
infection?

Black-Box Language Model BNy gastric acid
(e.g., TS/GPT-3) and proteases

—

—_— In the stomach, gastric acid
What protects the . and proteases serve as - :
digestive system against = Retriever @ powerful chemical defenses @ NGEL [T =) g?:'gtl:aas(:: Fl?d

infection?

against ingested pathogens.
[1] Wikipedia - Immune system

Text Collection
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sim(q, p) = E4(q) Ep(p)

question passage

(a) A dual-encoder based on pre-trained LMs.
1 sim(q, p)

A
|

1 i f 1 1 f
| | [ | [ 1

[CLS] || q® g® | [SEP] | p(® W

question ' I passage

(b) A cross-encoder based on pre-trained LMs.

L1: recall
(IVF+BM25, Dense

Retrieval, etc.) L2: rank

(KNRM, BERT, etc.)

* Rank: high-precision, KPI-oriented

Recall: fast, accurate, relevance-oriented
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* DPR (Karpukhin et al., 2020), ColBERT (Khattab and Zaharia, 2020), ANCE (Xiong et al.,
2021), Contriever (Izacard et al., 2022)

hqy = WqBERTg(g)[CLS]
hy = WbBERTB(b)[CLS]

Retriever score: Sretr(b,q) | swt.a-nn

All of Wikipedia: select top K

Question g l e I FAISS
What does the zip ach evidenceblock s T ' .. .
in 7ip code stand for? reidmee | Evidence BIock TS, b1n) | Local Sensitive Hash Indexing
l l Build index for a collection:
Y1, Y2, -y Yn € R? _
BERT,, BERT 4 [] l] [I Indexing
l l =L L
|OOOOOOOO|Wq |OOOOOOOO|Wb @ g
7 J—
q, —
l l s 8
h h, 3

N

Srerr(b, @) = h(;r hy, Result: k- argmin,., [z - wl*

(FAISS) Johnson et al - 2017 - Billion-scale similarity search with GPUs
https://github.com/dangi/acl2020-openga-tutorial/blob/master/slides/part5-dense-retriever-e2e-training.pdf
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o FRAIZIH
. EEHIEIEE (BERT. RoBERTa. T5. GPT2)
- ZI|EE (PQ. IVF)

hqy = WqBERTg(g)[CLS]
hy = WbBERTB(b)[CLS]

Retriever score: Sreir(b,q) | s.t.a=un

(2) ZEIEE

B
( 1) Il'ﬂ =:1 ?ﬁﬁzﬂ‘ﬁﬂ All of Wikipedia: select top K
Question g S I F AISS
What does the zip ach evidence bloc 5 S ' .. .
in 2ip code stand for? rbeitmee ot} | Evidence Block 15, b12) | Local Sensitive Hash Indexing
l l Build index for a collection:
Y1,Y2, -3 YUn € Rd
BERT, BERT, ' H H H Indexing
1 l — P
IOOOOOOOOIWq |OOOOOOOO|Wb © g
} ! 2 -
hq \ /hb % I| xr :
Srerr(bsq) = b} Result: - argmin,., |l - w?

(FAISS) Johnson et al - 2017 - Billion-scale similarity search with GPUs
https://github.com/dangi/acl2020-openga-tutorial/blob/master/slides/part5-dense-retriever-e2e-training.pdf
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* X EEEF Sl 4
» IEflik#E
+ IR AR
- RABWSHRERNE B RIETE
» DR
» BEWLSAGIAER: BRI A ER TR S
+ BU25FABEEL: BU2SKRBRBEIN T BEERFHHRMBEIR
» LA BEEL: 5 E b EIREAR S AR ST

l‘- ________ .
Npassages | Retriever : passage rep (N x 128)  retriever scores
p ! Passage | HIT T T TITT1T1] T (NXN) |
1 3 ' —>» loss
l ’|_Encoder > TTITLT T > loss
i I _ matmul :: :oss
. i 0ss
Nquestions 1 [ Question | ' duestion rep (Nx 128)/v mag
Encoder g [0 S I
opL S g ' P

Karpukhin et al., Dense Passage Retrieval for Open-Domain Question Answering. EMNLP 2020.
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« ANCE
« ANCEFZ SIS 5 A
- FEFHY ANN ZE 35|
- [FRPEZEEREFZE T MBI SCRHEITIIS
o B E IR

Index & Index &
Search Search
Inferencing
Inferencer = = = = = = 1———>I - - ‘._J.‘ o = — p—
v v
ANCE = L L 1 I
Negatives Dri -, (2 ) (25 (D7, || o |

Trai.n'ing " [d+ ][d+] e [d+][d+]
Positives @ [ q ][ q ] [ q ][ q ]

Trainer

Checkpoint k-1 Checkpoint k Checkpoint k+1

Xiong et al., Approximate Nearest Neighbor Negative Contrastive Learning for Dense Text Retrieval. ICLR 2021.
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- HEERRREREEETENEIISGH

» REMNHLERRRREER AXRGEEHENEREIHEEEALIRE DIIZK
MayHER =R

« REEEIENARPRXEREBREE LIRS
o {5lZ0: TREC-COVIDHIEIN B50% kR T H1E

o J@FfrolEl (Hole Rate)

o [2FAD]RR

machine learning

user interaction / click data human annotated labels
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(1) EFRIMEIERE TR B SCARAE T %

iyl
tokyo travel

Not this:

HIBS RAEBEMERMESHITHE

Seattle travel | USA - Lonely Planet
https://www.lonelyplanet.com/usa/seattle ~

My p s

v O D e .

= { — — o P
Tokyo travel | Japan - Lonely Planet —~ 0.300 Lt PERS SR e T ¢

\/ https://www.lonelyplanet.com/japan/tokyo ~ S) e ‘___,“-—““"

o - o
Explore [MASK] holidays and discover the best time to visit =0.2001 7
P y . 8 e |
a'd
< 0.100 |
)
=
| ——
0.000 ' —=— = 58 =

# Training Instances

—#— MS MARCO Fine-tuning
~#— MS MARCO Prompt
-== Full Data Fine-tuning

—:= MNLI Fine-tuning
~>¢= MNLI Prompt

Northeastern University

0.898
0.800

0.600

0.400

MNLI Accuracy

0.200

0.000

Hu et al P3 Ranker: Mitigating the Gaps between Pre-training and Ranking Fine-tuning with Prompt-based Learning and Pre-finetuning. SIGIR 2022.
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« N ARSEWCARTER
WEMAEREATEIEREER, FRERFRIETESFRNHEMEERRRGARMERE

Northeastern University

<a href=https://en.wikipedia.org/wiki/New York City Transit Police>
New York City Transit Police</a>

What Anchor Text Should You Use?

Bravp/URL NGNS

~ Ravvoum Keworrs NG
( TArGET KeworDs [N _

10152 502

The New York City Transit
Police Department was a law
enforcement agency in New York
City that existed from 1953 to
1995, and is currently part of the
NYPD. The roots of this

organization go back to 1936 click L“’; " 25-40% yourwebsite.con

when Mayor Fiorello H. La Z‘O“’ ekt i qour kegword wivyourwebsite.com
ere £ site.c

Guardia authorized the hirinc T S our second kepword LitHp:/ / qourwebsitecom
lis website YourWebsite

your* +Lird /<¢‘7wor*d
Your Website

Zhang et al., Selective Weak Supervision for Neural Information Retrieval. WebConf 2020.


https://en.wikipedia.org/wiki/New_York_City_Transit_Police
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« ETRUEINBEIFEIZRE (ReinfoSelect)

Northeastern University

Any Text
Anchor (Pseudo Q) Document (Pseudo Classifier

Seattle travel | USA - Lonely Planet

https://www.lonelyplanet.com/usa/seattle ~ :——
Millions

1 Weak Supervision

uer Document
Hundreds Query

THE 10 BEST Hotels in Tokyo for 2020 Inference NEUIE]
f( q) d) TO kyO H Otels https://www.tripadvisor.com/Hotels-g298184-To < Ra n ker

Label)
" T Tokyo travel | Japan - Lonely Planet
TOkyO Tri 2 https://www.lonelyplanet.com/japan/tokyo ~
“Sea More” Tokyo travel | Japan - Lonely Planet Data
https://www.lonelyplanet.com/japan/tokyo ~ Se I eCtO r

"Tokyo Trips"

Any Neu-IR
Ranker

Zhang et al., Selective Weak Supervision for Neural Information Retrieval. WebConf 2020.
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« ETRUEINBEIFEIZRE (ReinfoSelect)

Northeastern University

Any Text
Anchor (Pseudo Q) Document (Pseudo Classifier

Label)
" T Tokyo travel | Japan - Lonely Planet
TOkyO TI’IpS https://www.lonelyplanet.com/japan/tokyo ~
“Sea More” Tokyo travel | Japan - Lonely Planet Data
https://www.lonelyplanet.com/japan/tokyo ~ Se I eCtO r

" " Seattle travel | USA - Lonely Planet
Tokyo Trlps https://www.lonelyplanet.com/usa/seattle ~ :—'

Any Neu-IR
Ranker

Weak Supervision

Query Document
THE 10 BEST Hotels in Tokyo for 2020 Inference Neural
f(q’ d) To kyO HOtelS https://www.tripadvisor.com/Hotels-g298184-To

Ranker

Zhang et al., Selective Weak Supervision for Neural Information Retrieval. WebConf 2020.



TEIEE A E B EEEING G A

« ETRUEINBEIFEIZRE (ReinfoSelect)

0.34 RelnfoSelect alleviates the necessity of
0.33 Bing Clicks are still better One Millions Labels or Search Log.
0.32
0.31

0.3
0.29
0.28
0.27
0.26
0.25

NDCG@20 NDCG@20
Conv-KNRM BERT

mlLeToR ®MARCO =No Anchor All Anchor mRelnfoSelect mBing Clicks

Zhang et al., Selective Weak Supervision for Neural Information Retrieval. WebConf 2020.
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o ETmEINHBIFEIFEER (ReinfoSelect)

Selection Rate when Training from Scratch
100% +_’/,___,\‘/._\ Got to be more selective
for the last push!
50% Everything is helpful
for a random ranker. W
0%
0 100 600 700 800
Trammg Step

Selection Rate when Ranker is Warmed Up
100% Warmed models only
need some push.
50% //\

0% — —
0 100 200 300 400 500 600 700 800
Training Step

Zhang et al., Selective Weak Supervision for Neural Information Retrieval. WebConf 2020.
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Enterprise Extreme Cloud Personalize IR
Search Verticals Search d Search Community
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 MetaAdaptRank

FRRMERE LK BN E D

CT T T T T T e 1
! I :
I Source Domain I Target Domain Meta-Reweighted I
Relevance Labels R "‘ il Synthetlc Signals Synthetic Signals l
| R % i *l. = Weighted Loss ol |
I / \ -} f \ Neural n } / \ I
| \ i I\ Ranker ijlwi r;(6%) ] \ . :
I . i / Inference I . / 6 . . / I
! T |
. I
I Training
| I @ Meta-forward Update :
| | I
| Initial Welghts r- Optimal Weights |
! ~—— Sampling ;- ang zazazasass Neural |
\ B8-E [BafEa | ( \—> Ranker {5, i@ ) |
----------------------- I t+1 i= Meta_backward Update I
I Target Domain S el b Target Domain L (_w}. Average Loss |
I Documents I Few-shot Labels I
e e e e e e e e e e - - - - e e e e e e e e e e = = e e e e = = = = =

Sun et al., Few-Shot Text Ranking with Meta Adapted Synthetic Weak Supervision. ACL 2021.



Sun et al.,

o] @ 4 A

PR HESS B St kit

T 18 Gum K AR & R BV 2R AR S
A BARERY SO S B A A )R
{E S R AR A& SUELE iR
B

&%

A AN LN 3
- HERHEBETES
o . YN \|s LS
« XETRFAESZIERX
N Cur e s A aaiey e e
5(1) CTSyncSup: how does quaran- | ... the importance of the timing of | ... furthermore, the effect of infec-
tine prevent covid outbreak quarantine measures before symp- | tiousness prior to symptom onset
SyncSup: covid outbreak symp- | tom onset to prevent covid-19 out- | combined with a significant propor-
toms breaks how quarantine-based mea- | tion we evaluate two procedures:
sures can prevent or suppress an out- | monitoring individuals for symp-
break ... toms onset ...
S . . . . S . . . .
6 (1) CTSyncSup: covid-19 pandemic | ... examination of community senti- . mood of india during covid-19

effects on society
SyncSup: what is the antiasia sen-
timent in the united states

ment dynamics due to covid-19 pan-
demic: the outbreak of covid-19
has caused unprecedented impacts to
people s daily life around the world.
virus may cause different mental
health issues to people such as de-
pression, anxiety, sadness ...

- an interactive web portal based
on emotion analysis of twitter data
the covid-19 pandemic has affected
many countries across the world, and
disrupted the day to day activities of
many people ...

Few-Shot Text Ranking with Meta Adapted Synthetic Weak Supervision. ACL 2021.
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Northeastern University

FARMERRE R

Source Domain

Relevance Labels e~ o
R 5 a7 "

\o'se/

.

T Training

~— ) Sampling - g

Target Domain
Documents I

Inference

Contrast Doc Pair l
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o EFIMBUEXMIRE
o AHEXMIREIEEIRINE
- BIEITTEH: MEHHZERRRIER
o [FETTEFH: HESEFRMUE
- FRATEMNNERESIGHEEEKRERER

Target Domain Meta-Reweighted
Synthetic Signals

%

l-.s

:. \ ~ o ?t&etic{gnals

Weighted Loss

o 4
k .
. % —
‘. af -
".-—Q

et

Neural
Ranker

L 4

Initial Weight (

, . | Neural .
. ' Ranker z .m L;(67 " (w)
i=

t+1(w)|

Target Domain \ Average Loss
Few-shot Labels

Meta-forward Update

Optimal Weight

Meta-backward Update

Sun et al., Few-Shot Text Ranking with Meta Adapted Synthetic Weak Supervision. ACL 2021.
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« MetaAdaptRankA] LA Jg 55 ME B #HE 47 e 58 20 RYA &

Methods (Supervision Sources) ClueWeb09-B (Web) Robust04 (News) TREC-COVID (BioMed)
NDCG@20 ERR@20 | NDCG@20 ERR@20 | NDCG@20 P@20

(a) RelnfoSelect (MS MARCO) 0.3294 0.1760 0.4756 0.1291 0.8229% 0.8780*

(b) RelnfoSelect (Anchor) 0.3261 0.1669 0.4703 0.1313 0.7891 0.8430

(c) RelnfoSelect (CTSyncSup) 0.3243 0.1742 0.4816* 0.1334 0.8230% 0.8800%

(d) MetaAdaptRank (MS MARCO) 0.34531% 0.2018"+% | 0.4853* 0.1331 0.8354% 0.8730*

(¢) MetaAdaptRank (Anchor) 0.3374 0.1730 0.4797 0.1314 0.8045 0.8650

(f)’' MetaAdaptRank (CTSyncSup) 0.3416° 0.1893* | 0.4916'# 0.1362% | 0.8378% 0.8790*

(¢) MetaAdaptRank (MARCO + CTSyncSup) | 0.3498'+ 0.1926"°% | 0.4989'7%  0.1366'° | 0.8488'7%  (.8910%%

Table 5: Ranking accuracy of RelnfoSelect and MetaAdaptRank using different supervision sources. Superscripts
t,1,b, 1,1, § indicate statistically significant improvements over (a)', ()}, (¢)’, (d)?, (e) and (f)S.

1.0 0.25
—— RelnfoSelect —— MetaAdaptRank
0.8 . 95% CI 0.20- 95% CI
= 0.6 = 0.15
= =
£h0.4 250.10 N\V\\/\/\/V\/\]\'W
L (]
= 0.2 = 0.05
0.0 0.001
0 200 400 600 800 1000 0 200 400 600 800 1000
Step Step
(a) RelnfoSelect. (b) MetaAdaptRank.

Sun et al., Few-Shot Text Ranking with Meta Adapted Synthetic Weak Supervision. ACL 2021.
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« ZETSHIFBEENFZERTFELA I

Black Ob: [y 2 :
bl s R O Q_ python code for read a json file
o The White House (.gov)
https://www.whitehouse.gov > ... » Presidents
Barack Obama y 25 results (438 ms)
Barack Obama served as the 44th President of the United States. His story is the
American story — values from the heartland, a middle-class upbringing in a ... ode 4.7M
Date of birth: August 4, 1961 i LemonIT66/idea_activate
2positories 25 i e EE
P .. OpenAPI Editor Iceberg Atom One Dar} ﬁ'“:é’ }J @ 4I:< 4\
7y Britannica
https://www.britannica.com > biography » Barack-Oba... 3 sues 58k Batchfile -+ Y¥ 58 - Updated on 202248}
Barack Obama | Biography, Parents, Education ... N ~ Jll requests 264k
5 days ago — Barack Obama, 44th president of the United States (2009-17) and the
first African American to hold the office. Before winning the presidency ... iscussions 2k o . Th
-Basic- : : inkP
Born: August 4, 1961 (age 61) Honolulu ...  Awards And Honors: Nobel Prize (200... e sanusanth/Python Basic progre DD}}IQ ad
Political Affiliation: Democratic Party Title / Office: presidency of the United ... sers 0 ...read and modify files. Python can be 1
ore ® Python - Y¥ 29 - Updated on 2A16H o : :

© Top stories Mm%k ThinkPadThinkPad E16
Obama's personal chef found dead in Martha's Vineyard pond ages %5” - ThinkPad - E% §IJ

sy A Benamin/idea_activate

— thon . RO HNE: Intel
Barack Obama's personal ... OpenAPI Editor Iceberg Atom One Darl

: pyter Notebook 2
chefidrawnsin pond near Batchfile - ¥¥ 12 - Updated on 20224E8F FEERIFZE 60Hz

the family's Massachusett...

tchfile

1 day ago ﬂ‘f@%‘% |nte| |7
va

I AlJazeera = % 2

e | 1 i g kushan02/large_json_file_impo

MARFIE R (e LRI IR



[ SRS AEN A R ERRIRE

Northeastern University

« DIRSHIBEMERERFHELATNR
o XNEMUIAR. IFERUIEFMEGHITENFNERTR
* XTJ-%*EIL.\*AF:Q:E%EEA

z 5
2022 £ FRHILEMRIERENBILHEH2013E1814H, ERRHTEERRTFNA6E L% T A2 000
R 2C7Ie), EREanEs/RET0uE A7 AEHRL AN, 2 mHNEF201456 AR N I
2], eseflRkFo01ame BRI, ERAETROH=A SRR SRS

2014457870, EMASAEERSH T = MRIEHT: ME RN, BFESIHBTAARREMNPEI., BRI,
EffRERGIEH = MEESR T, EHTFRET=/6Et, EeaRmEeK, 14

2014410 81H, BEiHESHME2022FE KBS [FEamBmmD 2P,

201547 B 31 A 7E B3k 75 1 & 20 &5 B 34T B 128 B EFF B E A (2N EREMILRE N, [6)
EFRHERERRBEI2BRE E|X=y AL ey N

20155%7H31H, TSR HER
A ExR 5=

5[ B E 44 g:'ljr;[:@{,hjczlg;

PIRIANE | mm IRFESEATE | 40




[[] RIS AR R E R R RS B

s ZESKZRESFMETO TSR
o [OJRRSCHEERMIERR (relevance modeling) ; H/EEtR7ZSILEE (single/cross modality matching) ;

URIEZSEEHE (modality routing)
b BT B3 FR R 5036 BR ZIERSER

Query: What water-related object is sitting
in front of the Torre del Reloj?
Retrieval Candidates:

Image2

Imagel Image3

Textl: The Torre del Reloj Spanish is the
main city gate of the historic center of
Cartagena de Indias.

Text2: The Torre del Reloj is the clock tower,
known as Arquillo Clock, and is one of the
most emblematic buildings of Chiclana.
Text3: Other landmarks in the city include
the Torre del Reloj (Clock Tower).

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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+ SRS R R
« NDMAZ: NSRESFRERENE, AEMERERLSR
c G—URBEWERAERLR: AZETSRERGH—TERBRAZIE, NME— T HXEERM
WER Qi%nﬂABﬁﬁx

Divide-and-Conquer Retrieval Universal Vision-Language Dense Retrieval
Image E—
. I
Retrieval )
]
] : )
; Construction of the Xanadu house in
Retrieval — Kissimmee, Florida, began with the pouring
= » of a concrete ...
]
] In 1946, he was honored on the first coin
" to feature an African American, the Booker
Ranking List T. Washington Memorial Half Dollar ...
(o Ranking List
O |- 'ghe IﬁationaIIAir and Spacle Mu?lelélththe KNN S h g
mithsonian Institution, also called the Air |~
— and Space Museum ... €arc
Texts Sub-Ranking Lists

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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=1 % (Universal Vision-Language Dense Retrieval, UniVL-DR)

ﬁ
I
=
&k
T
][
2
ER}
af
|

®_0 push Away

Query .&.— {. - .] n -~ @

Query '\’A lign @
Text “ Enzez)X(:er [‘ ‘ ‘} . -
Document Text . . . .
_ Training with Modality-

Image — sum ‘ Balanced Hard Negatives
Caption

Image Caption L B
Verbalize 55 P [‘ ® ‘] @ ® * @ Ground

: Picture Image ] Image Truth
Document Feature . Q0 - ' ,

Image Feature

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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 ZESKEZRERALIEE ST ZHMREISKSLI] (Multi-modal->Single/Cross modality retrieval & Fusion)

BEESBHESESHRREFHEERSL

~ e

60.00 53.75

50.00 45.54
41.88
40.00 37.35
30.00 99 79
20.00 -
10.00

BM25 DPR (Zero- NQ-DPR NQ-ANCE CLIP-DPR BM25 & BM25 &
Shot) CLIP-DPR CLIP-DPR

(Oracle

Modality)

42.27

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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o FI—FMABATEIS.. XA EIG S EBE B ER A8 (Multi-modal -> Universal Dense Retrieval)

UniVL-DR EZMTHRESBHRREN S MECIRE !
(BM25&CL IP-DPR (Oracle Modality) ) N
60.00 53.75

48.83

10.59

50.00 s1gg 2554 1297
40.00 37.35

30.00 99 79

20.00 -

10.00

BM25  DPR (Zero- NQ-DPR NQ-ANCE CLIP-DPR BM25& ' BM25&  CLIP (Zero- CLIP-DPR  UniVL-DR
Shot) CLIP-DPR | CLIP-DPR Shot)
(Oracle
lModaIity)

[

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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« BMEGRRESHTER, URTFMARTEGRE

G bR SR B A E % SO (IR AE S M R A R 8 1R S (R P
BT MR e RPAFERRAE 5. BR SRR AL ETE RO 2 R AOND 2

65: 58.17 | 5995
55 :
: !
I
35: 1
I
I :
25, 17.74 l
15 : , Captions:
CLIP-DPR mage Captions:
I

I CLIP-DPR CLIP-DPR
w/o caption  w/o fig
feature 1

Minnetonka Rhododendron
flower along Tranquility Court ...

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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« BMEGRRESHTER, URTFMARTEGRE

i A AT I 28 55 A B AR R 8 S A 0TS
" ’ k 5l: B ES T T S AT HD 7

_______ T_ -——— Figure Features:
651 5817 5995 '
l
95 | !
l
45!
l
35|
l
1 1774
CLIP-DPR  CLIP-DPR  CLIP-DPR mage Captions:
w/o caption }N/c; fig Minnetonka Rhododendron
eature

flower along Tranquility Court ...

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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« RERHRNE—PRRASRESEERENEGORERE

NANERRESZSHAENTEGERES
[a]: BRJE/E-RALRSTERTEM =M LA ?

6 i Figure Features:

0 58.17 |
55 i
45
35
25 17 74
15 | Cabtions:

CLIP-DPR CLIP-DPR  CLIP-DPR  CLIP-DPR  UniVL-DR mage Captions:
w/o caption ¥v/o fig l ' ] Minnetonka Rhododendron
eature

flower along Tranquility Court ...
Multi-modal Retrieval Models

Liu et al., Universal Vision-Language Dense Retrieval: Learning A Unified Representation Space for Multi-Modal Retrieval. ICLR 2023.
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Text Hard Negs

m Text 2 .r
e Image gﬁ{-‘!-l.
* Query *
*
#* ***#*5‘
w¥. 00
*x0g *,'.0“
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@ OpenMatch/cocodr-base-msmarco-warmup @ OpenMatch/cocodr-base-msmarco

B Microsoft / Al for Business
@ OpenMatch/co-condenser-large-msmarco @ OpenMatch/cocodr-large-msmarco-idro-only

Microsoft Biomedical Search surfaces the most relevant results from more than 20 million documents from CORD-19, Microsoft
Academic, PubMed and PubMed Central and relies on three interrelated Al efforts: PubMedBERT, MetaAdaptRank and
SaliencyMeasure models.

@ OpenMatch/cocodr-large-msmarco-warmup @ OpenMatch/condenser-large

PubMedBERT is a large-scale language model that was pre-trained on biomedical text rather than on a mix of general-domain
language and domain-specific language. The model was pre-trained from scratch with 3 billion words specific to biomedicine. We @ OpenMatch/co-condenser-large @ OpenMatch/cocodr-large
have found that the model outperforms all prior language models on biomedical natural language processing applications.

MetaAdaptRank helps to accurately determine relevance by alleviating common problems associated with the ranking of research @ OpenMatch/cocodr-large-msmarco @ OpenMatch/cocodr-base-msmarco-1idro-only
search results. Information retrieval systems often fail to identify all relevant information because queries and documents use
different terms to describe the same concept. For example, this mismatch can happen when a searcher is unfamiliar with new
terminology. MetaAdaptRank can learn the semantics of specialized domains to more accurately rank results even for topics or

keywords for which information is scarce. @ OpenMatch/cocodr-base @ OpenMatch/t5-ance




