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jina-embeddings-v2

o 2023FI0A%M, £EEE— XIS AKER .
FiRERSER 4
o FREALBI, £/ 750Gb &%, il

jino-bert-v2

QKT, Attention Scores

JINA EMBEDDINGS 2: 8192-Token General-Purpose Text Embeddings for
Long Documents

Michael Giinther, Jackmin Ong, Isabelle Mohr, Alaeddine Abdessalem, Tanguy Abel,
Mohammad Kalim Akram, Susana Guzman, Georgios Mastrapas, Saba Sturua,
Bo Wang, Maximilian Werk, Nan Wang and Han Xiao
Jina AI GmbH, Ohlauer Str. 43, 10999 Berlin, Germany
fmichael cuenther +dackmin one 1isabelle mohr alaeddine abdessalem

Linear Bias




jina-embeddings-v2 5515 EF¥ 3

o IREAO+NFFIRENIEIR
o HI5ZEXXARN

o I3MMER% *E/IEIIE
o fFEIBBILEEREXARS, 1700124 token
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jina-embeddings-v2 FI5EF# 3]

o Ux&EMSMarco, Natural Questions, NLI, fever, ESCI(EN) #t#E &

o MESREENHEHAR=ITHAI00S%E
o §tXHFEES, EAHard negative mining

o (anchor, positive, negative_], .., negative _15) ESClLyripiets
S-\'[‘llnph s )

o RTA[EEIE Kbatch size 13.9%
o 1§Fﬁ/hb|:|*-£r_

o fEMactivation checkpoint
o #HTFDeepSpeed

o 1§ﬁ MInIBOtCh '\ls-\]"_\'zi()‘})luphl\
DI/

Negation

1.1%

o {ERgradient caching



jina-embeddings-v2 iR E

o HBEIEMMIRE , o .
Multi-Task Contrastive Learning for 8192-Token Bilingual Text
_ Embeddings
([ J ‘IJE$ ﬁ, gi% E * ﬁ J_ill:l_J l‘-‘-]- j : E"] iﬂ § Isabelle Mohr, Markus Krimmel, Saba Sturua, Mohammad Kalim Akram,

Andreas Koukounas, Michael Giinther, Georgios Mastrapas, Vinit Ravishankar,
Joan Fontanals Martinez, Feng Wang, Qi Liu, Ziniu Yu, Jie Fu, Saahil Ognawala,

— ﬁ — = * Susana Guzman, Bo Wang, Maximilian Werk, Nan Wang and Han Xiao
<] y 2, > 2
® %-I_ XTJ-‘ |\ | I:'] {E ] 1§ % > I\ | I:'] E"]j:Jn\ % _’lll‘_l R& Jina Al GmbH, Ohlauer Str. 43, 10999 Berlin, Germany

research@jina.ai

® E *’j__\' -ig *I:F g‘:& %1jt :F g 'IE‘ E *ﬁ J_ill:l_] Abstract support tens of languages. This is achieved by fine-

. . tuning pre-existing multilingual backbones like
‘We xiitroduce.anovel guite Bf stale of-thiewart XLM-RoBERTz [Conneau et al., 2020] on mainly
bilingual text embedding models that are de- . 1 : o

English data.” Alternatively, multilingual knowl-

<t signed to support English and another target o " %
(a\] language. These models are capable of process- edge distillation can be applied to align embed-
= ing lengthy text inputs with up to 8192 tokens, ding models across various languages using par-
N making them highly versatile for a range of allel data [Reimers and Gurevych, 2020] to cope
Na] natural language processing tasks such as text with the scarcity of high-quality semantic pairs
e5-base L?: retrieval, clustering, and semantic textual simi- or triplets in the target languages. Despite these
Q@teM) Jina-base-de - larity (STS) calculations. efforts, training data with such an extremely un-
Q61m)
Lang. Model CF CL PC RR RT STS** SM
jina-de-base 0.688 0.403 0.835 0.549 0.441 0.820 0.318*
en jina-es-base 0.690 0.405 0.846 0.553 0.464 0.835 0.299*
multilingual-e5-base 0.730 0.400 0.836 0.548 0.489 0.803 0.301*
de jina-de-base 0.665 0.299 0.583* 0.639 0.387 0.714 -
multilingual-e5-base 0.687 0.328 0.541* 0.648 0.342 0.674 -
- jina-es-base 0.671 0.440 0.583* 0.739 0.511 0.788 -

multilingual-e5-base 0.685 0413 0.541* 0.736 0.478 0.783 -

CF: Classification Accuracy ~ CL: Clustering V measure  PC: Pair Classification Average Precision
RR: Reranking MAP  RT: Retrieval nDCG@10 STS: Sentence Similarity Spearman Correlation
SM: Summarization Spearman Correlation




jina-embeddings-v3

o IbLUTSHMIEEIISOTA
o (FALORAEEARES

o (FRAMRLBEXREHE
o HSKMIAKE

o XIFBOMMEE

DOWNSTREAM TASK [sentiment = classify([0.31, -0.17, ..., 2.33, 1.95]) ]

OUTPUT

JINA-EMBEDDINGS-V3

INPUT

T

[[@.31, -0.17, ..., 2.33, 1.95]]

Transformer
Five task-specific LoRA adapters 1
Jina-XLh-
St e

24x [retrieval.query] [retrieval.passage] [classification]

(—)‘

Text='this can be a 8192-token document' I [ Task='classification' ]

jina-embeddings-v3: Multilingual Embeddings With Task LoRA

Saba Sturua*, Isabelle Mohr*, Mohammad Kalim Akram*
Michael Giinther*, Bo Wang*, Markus Krimmel, Feng Wang
Georgios Mastrapas, Andreas Koukounas, Nan Wang and Han Xiao
Jina AI GmbH, Prinzessinnenstra3e 19-20, 10969 Berlin, Germany

research@jina.ai



jina-colbert-vi

B IXAMSMARCO, 5 CoIBERTV23FF
* % o %;ki 1:#8 k-l;/t J:l.d-x_ ch O | B E RT$E Jjg dataset ColBERTv2 Jina-ColBERT-v1

ArguAna 46.5 49.4
ClimateFEVER 18.1 19.6
DBPedia 45.2 413
FEVER 78.8 79.5

Z o S .
KX A L2 i F CoIBERTV2
HotPotQA 67.5 65.6

NFCorpus 33.7 338

Used context Model max context Avg.
Model length length NDCG@10

NQ 56.1 54.9

ColBERTv2 512 512 Quora 85.5 823

SCIDOCS 15.4 16.9
Jina-ColBERT-v1 (truncated) 512* 8192
SciFact 68.9 70.1
Jina-ColBERT-v1 8192 8192
TREC-COVID 72.6 75.0

Jina-embeddings-v2-base- 8192 8192 Webis-touché2020 60 575

en

Average 50.0 50.2




jina-colbert-v2

avg

Jina-ColBERT-v2: A General-Purpose Multilingual Late Interaction Retriever

N Rohan Jha'*and Bo Wang? and Michael Giinther? and Georgios Mastrapas®> and
1E m M R Li *%%1&6 42& ra_l % Saba Sturua® and Isabelle Mohr? and Andreas Koukounas? and Mohammad Kalim Akram? and
Nan Wang? and Han Xiao?
The University of Texas at Austin, Austin, Texas, USA

T EQ8OMIEE 2Jina AT GmbH, Prinzessinnenstr. 19-20, 10969 Berlin, Germany
research@jina.ai

B jina-colbert-v2 [l mDPR (FT miracl-lang) mDPR (zero shot) [ BM25

ar bn de es en fa fi fr hi id ja ko ru sw te th zh

MIRACL performance (NDCG@10)




jina-reranker-v1i

o TWillZ:ETFJina BERT v2, X#F 8K £ F3UMA ;

o NMERING: BLIRIEEBEFHE

o IBF3 F{EmbeddingEER Z I HMENR TR EIRerankerfE 2 ;
o IIZEIE  FERAFEMbedding & 2! 48 [E] SR A 2R 304E ;

No Reranker | jina-reranker |bge-reranker-base | bce-reranker-base_v1 | cohere-reranker
Embedding model Hit Rate Hit Rate MRR Hit Rate MRR Hit Rate Hit Rate MRR
jina-embeddings-v2-base-en  0.8053 0.8737 0.7229 0.8368 0.6568 0.8737 0.8842 0.7008

bge-base-en-v1.5 0.7842 0.8368 0.6895 0.8158 0.6586 0.8316 0.8368 0.6739

bce-embedding-base_v1 0.8526 0.8895 0.7346 0.8684 0.6927 0.9157 0.9158 0.7296

CohereV3-en 0.7211 0.8211 0.6894 0.8000 0.6285 0.8263 0.8316 0.6710

Average 0.7908 0.8553 0.7091 0.8303 0.6592 0.8618 0.8671 0.6938
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o HF8OMIEE
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PE-Rank

o FERXBRE{MHF
o f{Efembedding/EAIEEIEA
o EERFRERPFME

(The following are passages
related to query #{query}.
Passage 1: #{passage 1}

Rank these passages based on
their relevance to the query.

[2]>[3]>[1]..

The following are passages
related to query #{query}, each
with a special token representing
the passage enclosed in [].
Passage 1: [<p1>]

Rank these passages based on

their relevance to the query.

<p2><p3><p1> ...

NDCG@10

Passage Summary Title Passgae
Embedding

Leveraging Passage Embeddings for Efficient Listwise Reranking
with Large Language Models

Qi Liu'2, Bo Wang?, Nan Wang? and Jiaxin Mao'
!Gaoling School of Artificial Intelligence, Renmin University of China, 2Jina AI
{qiliu6777, maojiaxin}@gmail.com, {bo.wang, nan.wang}@jina.ai
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SCAFRAT

jina-reader reader-1lm

e Small Language ModelN A
Wiz

| Raw HTML |

Regex/heuristics

Extract main HTML content, removing Readability lib
sidebars, nav bars, header, footer etc.

https://example.com l https://r.jina.ai/ https://example.con [Eud ‘_‘,,.LLH-friendly text Regex/heuristics Reader-LM-0.5b/1.5b

Turndown lib

Regex/heuristics

Convert the main HTML into markdown

2

| Markdown |




XA R 5 (Chunking)

jino-segmenter late chunking

000 Semantic Chunking Regex v1 d. embeddings v conditional embeddings

(7x) # Used in https://tokenize.jina.ai; Enable verbose mode for readability
(

# 1. Headings (Setext-style, Markdown, and HTML-style) ( T o r T

(2:7(2: [#%=-111,6} | \wL™\r\n1{0, 199 \r?\n[-=1+| <h[1-61[*>1{0,99}>) [*\r\n]1{1,200}(2: </h[1-615)2(2:\r?\n[$)) I Chunk embedding Chunki chunk? ChunkN

| l J embedding | | embedding | | embedding
- ——

# 2. List items (bulleted, numbered, lettered, or task lists, including nested, up to three levels)
(2:(2:%\r2\n) [ \t1{0,3}(2: [-*++11\d{1,31\. [\w\. I\N[[ xXI\D[ \t]+["\r\nl{1,200}

(2:(2:\r2\n[ \t1{2,5}(2: [-*+-11\d{1,3}\. \w\. IN[[ xX]\D)[ \t]+[*\r\n1{1,200}){0,5}

(2:\r2\n[ \t]{4,7H(2: [-%+-11\d{2,3}\. [\w\. INCD xXI\NDD[ \t]+["\r\n]{1,200}){0,5})?)

|

# 3. Block quotes (including nested quotes and citations, up to three levels)

(2:(2:7>(2:>1\s{2,}){0,2}["\r\n]{0,200}\r?\n?){1,10})

| Chunkl Chunk2 ChunkN
# 4. Code blocks (fenced, indented, or HTML pre/code tags)

(2:(2:7\r2\n)(2: 77 [~~~)(2:\w{0,20})2\r?\n[\s\51{0,1000}2(?: "~ |~~~)\r?\n?

1(2:(2: \r2\n)(2: {43 I\t)["\r\n]{0,200}(?:\r2\n(?: {4}I\t)["\r\n1{0,200}){0,20}\r?\n?)

|(2:<pre>(?:<code>)?[\s\S]{0,1000}?(?:</code>)?</pre>))

|

# 5. Tables (Markdown, grid tables, and HTML tables)

(2:(2:7\r2\n) (2:\ 1 ["\r\n]{0,200}\ | (2:\r2\n\ | [-:]{1,200}\|){0,1}(2:\r2\n\ | ["\r\n]{0,200}\ | ){0, 20}

|<table>[\s\51{0,2000}?</table>))

|

# 6. Horizontal rules

(2:7(2:[-%_1){3, N\sx$ | <hr\s/?>)

| Chunkl Chunk2 | | ChunkN

# 7. Sentences or phrases ending with punctuation

(2:0"\r\n1{1,300}(2:[.!2..]1\. {3} [\u2026\u2047-\u2049] | [\p{Emoji_Presentation}\p{Extended_Pictographic}])

# 8. Quoted text, parenthetical phrases, or bracketed content
(2:7""["\r\nl{0,300}"""

LU Dt 9, 2000 Loy NAIVE CHUNKING LATE CHUNKING

INCI"\r\n()1{0,200}(2:\([*\r\n()1{0,200}\) [ "\r\n()1{0,200}){0,5}\)




AIR-Bench: B Zi{E K2 HE1E(E B 5 8 VEN X A4

Automated heterogeneous
Information Retrieval Benchmark

https://huggingface.co/spaces/AIR-Bench/leaderboard

FRERARS EDEZEIEES iz ER

{5 FALLMs £ Bt #4iE o BEXRIEHKXHEAKR ETELHRENEMERTT
B EEEE, HFER, o EIEIEFES Gapes

LLMSEH B HITRE L EHHITER, AEHLRS
BEEZUENEES AL BT 5K

Bzh 4 BTG R FHIFRAGIA TR I BT EHM &



https://huggingface.co/spaces/AIR-Bench/leaderboard

o HitT#H=E2000%A

e APIEEHIEFEI00/Ztoken

e ZREINHuggingFace
TrendingHE4T#E

. Hugging Face Search models, datasets, users 4 Models Datasets Spaces  ® Posts Docs  Pricing = (8

&
Ubraries Dotasets  Longuoges  Licenses  Models 978,625 ter by name Fulltextsearch 74 Sort: Trending
Other
I = stepfun-ai/GOT-0CR2_0
image Tex Updated s days ago
Multimods!

[ ImageTexttoText black-forest-1abs/FLUX.1-dev

Textto-Image - Updated Aug 16 - 385K a8k
& Visual Question Answering

e mistralai/Mistral-Small-Instruct-2409

5 VideoTexttoText Anyto-Any Updated 3 days a

Computer vision

Depth Estimation 7 Image Classification

Sa— 1] —— mistralai/Pixtral-128-2409
Updated 4 daysago - 43 - 27
Imageto-image Image-to-Video

Unconditionalimage

2 @@

@ jinaai/reade:

Video Classification > Textto-Video

ZeroShot image Classification
Quen/Qwen2.5-728-Instruct
Text Generation - Updated 3 days ago - 428k - © 131

Zero-Shot Object Detection Text10-30

© Imagetodd (3 Image Feature Extraction meta-1lana/Meta
Text Generation - Upd:

-3.1-88-Instruct
04 2

sak
% Keypoint Detection
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FAEETE RAGK AP S

o ENRH

o XAREK, MM EEXEERT

query: FEERITE FHHLEEFHHATZ] 2

20062 FHRMMERE RNE IXURR

=== AKX - 28168 ===

BIRASE - EERFER FHR4E (Seth Wescoth) KBBEFRITEFE— 4, TEHER "E2ZTRIT TR —
KXEFI - =ELEHE RET B4 E R-B /R (Baverel-Robert) F 7.5 B/INF 3R B &k, R ET
rtRFIEEEE, ERHAF S *EI%’%QE IPEVBEINFBRERNRE, RREELE.

JLRRF T - 72BN T AR BT B o, BUBF 5% F 120 B R

R - RETEANEBTREAKL ROMENERAF 1282 DL EETEM,

BEHAT ZHETEFRE SN EAMEELHATLT RAHA0L BN RAFGLI, WH 4T
TE?Fi;"%;Jk—EZE#;‘%)M@%ﬁﬂ@tb%ﬂlﬂfﬁ?ﬁﬁ%i%” BEH, LL9066HHNA FERES

BIE EFRE

mE A R 12 x/niP(Anno CarinOlofsson), $& k&N B 5 52 = &3 4l

k= DR o [ % F F & R 3k

184, XEFEEFIRFALLIE L

vC7/7/77/7 | r=—=-=-===-< |

I | | |

o —— | | | |
| | 1[04, -0.2, ..., 049]

R —— | | | |
— | | | |
> | | —é | |

S [ | | !
—_— | | 1 [-0.3, -0.9, 0.27
e ———” | | | |
| (| | |

| | 1 |

L L L LL L 4 Vi e i s Jd




FAEETE RAGK AP S

= g 07775,
o HEHM — iz
_— |'IL

o XABIM, LFXEREREX —— ==
—| iz

query BREERMEMBIAfLEL? 00000 T

2024 EF BRI T R XS

AEESER S ERIZR 2B, SBEEME. MESEEARNEGREN  BWRE=TREM,

[01 -0.2,.

| [-0.3, -0, ...
1[0, -0.2, .
1[-0.3, -0, ...
1[04, -0.2, ...
1 [-0.3, -0.1, ...
1[04, -0.2, ..
' [-03, 03, ..

query: B BRIER X a7 [E

2016 FEF R ML EENE txt: FHAT AR E1RR
FR, ZERS TR R TE FRIHT R AIZ5468 1, F RIS NEIE

200652 FHMILFIE R XtER

EZ - B iEFEIEH (Armando dos Santos) E# 5 H AR Z 78iE & (nandrolone), B ZFEEIETE, thEA 2H24HSMEAE E£%,




RR{ETEEERNE RESS

NARBHEMWMILER VHEE, RIAMIRFRERE 4R

o EREEETEMRER A .

|

|

= =+ = [04, -0.2, .., 041 |
WEZE.Q_H*’M{E{E,%s E :
— 2l ale I '

) — 1 [E I'_E K E FRpEF= ’#k& éﬂ Az | : [-0.3, -0.1, .., 0.2] :

| |

|

|

4

AEEE IR R EM{LIERRLA o ‘g
ZEHIAL 1S B BB 2 N s
TR RS2 A IRES B e

O Eﬁ] A 1% I%\ i\—-l_-. §' ) %;%g ES éﬁ > : [o.‘;, ' ',oq] :
&4 1[-03,-0.1, .., o.z]:
o HMAEERFE BOLTXERESR S laea on
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MRS AT LR S R U] SRR

A \YARZA
Y 1% ! ! ;’E \i H:ll ICI Table  RAW &) (B Node details ®
__Entity__ _
£

o FSARTTEN BN 2 0ag - -
5 ) S [ <id> | 4:8c405665-eeba-4248-abd3-
o BT FSLIK, HFALE ’

413fd490a8a1:296

®
em = ®
£ "A Chinese athlete who achieve @

d the best result for a Chinese ¢
ompetitor in her event”

"98fc2ee593184¢5a839454db @

i N 4deec0l3"
#m P, - [0.05684450641274452,-0.021 @
il 503256633877754,-0.021332

68117904663, 0.013550143688
91716, 0.00244536926038563
25, 0.0007949115824885666,
0.01340088993310... Show all

query: PEEERTR £ AL S EFHERZ 2

20062 FHRMMERE RNE IXURR

@
Q
a

=== AKX - 2A16A ===

BIREE - REEFER FHIMF (Seth Wescot) SKBEFHII HRFE—F, HEER AZZTRITEERZ—WINB LHE,

KXEBF|IN - EERFHE LT B4 S R-T /R (Baverel-Robert) T7.5 2 B/ KB R4, $RIETEZ TGRS R 48-8& K42 (Anna CarinOlofsson), k&N i &5 5T = #5131 4l
MRINEEEE, LEHAN MHEEEERE IEEEIFERERIAE AFEFELE.

FEERF I - FEALER A DA (R SR B R, B F SR F A 1R B
HERK - RETBERFESFRERKL FPEMNERIETF, L1282 WZEETEM,
HEEE - EVETEFREESH URREETETEERT FEARARIOLEML FHRGER, MELEFSHT ZBImmfi, Glebd - JEr it e - edprezbagel: ariy=fur N

BIER BT R 5
TEREBIK - TETEAEIRKIN S B RPETEH KEF EEHBE, LI90.66AMINNIERRED REBE.



VA B BT LR SO IR U1 53 IR 53

query: BREEERER E AT HIE

206G EFRAMTEEE txt: FEAIFIR R

RS
SRS Fim L T ERE S SIS NEE

2006F £ FHMILRIT FR XUER

EZ% - BfIEFREH (Armando dos Santos) B #4 t R A A 251& % (nandrolone), B &% thkE B
76, MEA2B24BSMEAS £3%,

Ci it "
[Tl Toble  RAW L) (@ (e=emmunl=s CCLLl Table  RAW &3] Node details ®
Key Value __Community__
4:8c405665-eeba-4248-abd3- @
413fd490a8a1:1423 Key Value
"This community is centered ar © D%Réﬂég- m 4:8c405665-eeba-4248-abd3- @
ound Russia's involvement in int . 413fd490a8a1:1432
ernational sports, particularly f e .
ocusing on the doping scandals ZI:'zz::‘eT;g:i'::ﬁ:szec;gnsi:
that have affected its a...
&Esﬁﬁ Show all —_ mer Olympics and the doping ¢
= R T - ase involving Brazilian bobsleig
o m 2 © (ElF = N h athlete Armando dos Santo...
=5 . . Show all
[t m "# Russia and International Spo © 4,
rts Doping Scandals 2 ©
BRAZIL " q 7 e
This community is centered aro full_content # Brazil and the Olympic Dopin ©
und Russia's involvement in inte gCase
rnational sports, particularly fo
@ cus... Show all This community focuses on Bra
a5 Q zil's connection to the 2016 Sum
Q m . © Q mer Olympics and the doping ¢

o 71" @ )] ase involving Brazili... Show all




MR B ZERAGH B A 5t -1

query2cypher

= e \‘
zqﬁexiﬁé@'@m&m quh@__)
s

MATCH (c:Country)
WHERE cyear = 2024

RETURN c.name AS country_name,

num_medals AS medals
ORDER BY medals DESC
LIMIT 1

embeo(ahng
é
model

entityPL &g

( entity

E

Graph DB

[04,-049, 0.2, .., -07] |

> | e

Vector DB

"BERIER HMERITN" | ieidid |
\

embedding
wmodel

Graph DB

[04,-04, 0.2, .., -03] |——————=

Veetor DB

N
/”

/~




MR B fZERAGHh R A -2

FEALMAAEIMREE, BdAZe0%REEEREMEE R GraphRAG
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