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Sparse retrieval2| 224 ggin o
Machine Learning Engineer Internship, ) Remote

Information Retrieval - US Remote
() Sorry, this job was removed at 05:43 a.m. (CST) on Thursday, Jan 09, 2025

Qdrant Cloud Build API Reference

Modern Sparse Neural Retrieval: From Theory To Practice

Description

< Back fo Machine Learning

Modern Sparse Neural Retrieval:

Theory to Practice At Hugging Face, we're on a journey to democratize good Al We
are building the fastest growing platform for Al builders with over

5 million users & 100k organizations who collectively shared over
1M models, 300k datasets & 300k apps. Our open-source libraries
have more than 400k+ stars on Github.

Evgeniya Sukhodolskaya - October 23, 2024

f:?} Pinecone Product + Pricing Resources v Company v Docs Q
About the Role
In Information Retrieval, modern search solutions combine both
< Learn D f Jun 30, 2023 semantic search (e.g. similar meaning) and lexical search (e.g.
SPLA E or Sparse VeCtor E—— exact keyword). The former is often implemented via a dense bi-
Sea rch Exp ained encoder (ak.a. Sentence Transformer) model, whereas the latter
usually involves a sparse (e.g. SPLADE, BM25) model or algorithm.
Share:
Currently, there is no accessible, de-facto solution for training or
& Jaemes Briggs X M@ . . ) ) e tlie e :
fine-tuning neural sparse models. To address this, this internshig

alms to iImplement an existing neural sparse model architecture
and a matching trainer into the Sentence Transformers library,
prioritizing ease of use.
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0. Sparse vs. Dense vectors
1. TF-IDF, BM25

2. Doc2query

3. DeepCT

4. SparTerm

5. SPLADE

6. LENS
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0. Sparse vs. Dense vectors

Difference?
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0. Sparse vs. Dense vectors

Difference?
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1. TF-IDF, BM25, Backgrounds

TF-IDF
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1. TF-IDF, BM25, Backgrounds

BM25

- TR CES) - f(qi, D): TF (t & Z=/d2| 2= Lt
score(D, Q) = ZIDF(@}- o - k1, b: 50| ot 20| H
(¢, D) + k1 - (l_b—l_b avgdl) - avgdl: =A B ZO|
- f(qi, D)=101} f(qi, D)=1000 H| 1 - avgdlE ZO0|0f Cliet of'E E
. TF: 10044 X}O| « D> avgd -> 22 HZE -> AN 230 Z0}
« BM25: =
. 10*(1.5) / (10+0.5) = 1.43 + D <avgdl -> =2 AOtH -> TN £30] 7
IDI

- 1000%(1.5) / (1000 + 0.5) = 1.5
o 1.x B X0
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1. TF-IDF, BM25, Backgrounds

BM25
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1. TF-IDF, BM25, Backgrounds
4 AH AHO i
A ™ MOl (Indexing)
2280 AM 2|5 IMOI (Inverted Index) AtE

=M ID  LHiE

doct ‘apple banana cherry”
doc? "banana cherry date”
doc3 ‘cherry date apple”
1. Forward Index (Z&F A Ql) 2. Inverted Index (A4 Q1)

e docl: {“apple”: 1, “banana”:1, “cherry”:1} apple: {“doc1”: 1, “doc3”™: 1}

e doc2: {“banana”:1, “cherry”:1, “date”: 1}

banana: {“doc1”:1, “doc2”: 1}

e doc3: {“cherry”:1, “date”: 1, “apple”:1} cherry: {“doc1”:1, “doc2”: 1, “doc3”:1}

date: {“doc2”: 1, “doc3”:1} 14 /71
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1. TF-IDF, BM25, Backgrounds

Metric

« MRR 1 Q 1

MRRQ@10 = — ,
|Q| ; Rankz

Rankt- ":_: 10

Query Proposed Results (Top 10) Correct Response Rank Reciprocal Rank
cat catten, cati, cats cats 3 %
torus torii, tori, toruses tori 2 %
virus unrelated_1, unrelated_2, ... viruses - 0

1 1
—+—=4+0 %ﬁﬂ{]j?S

1
MRRQ10 = —
3 \3 2
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1. TF-IDF, BM25, Backgrounds

Metric

Q
- MAP 1
MAP = —> AP,
Q i=1
Rank Rel/Unrel Precision Recall
1 Rel M 1/3
2 Unrel 1/2 1/3
3 Rel 2/3 2/3
4 Unrel 2/4 2/3
5 Rel 3/5 3/3
1+3+3

AP = ; > =0.733
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Document Expansion by Query Prediction

Rodrigo Nogueira,! Wei Yang,” Jimmy Lin,? and Kyunghyun Cho**°6
! Tandon School of Engineering, New York University
? David R. Cheriton School of Computer Science, University of Waterloo
% Courant Institute of Mathematical Sciences, New York University

4 Center for Data Science, New York University
° Facebook Al Research © CIFAR Azrieli Global Scholar
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Doc2query

Problem?

Input: Document
Researchers are finding Output: Predicted Query

that cinnamon reduces
blood sugar levels
naturally when taken

daily...

does cinnamon
lower blood sugar?

Concatenate

Researchers are finding that cinnamon reduces

Expanded Doc: blood sugar levels naturally when taken daily...

does cinnamon lower blood sugar?

Index .
Better Retrieved Docs
User's Query A
foods and supplements to ) .
lower blood sugar Sparch Enging

« TF-IDF, BM252| X|H X2l EHE 2 “Keyword mismatch” =X O|C},

o [MetM, 88 RS S5l Expansiondtd O] ZX| & S| ZSHA | (Document expansion)
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Doc2query
F ra m ewo r k neu Documert Output: Predicted Query

Researchers are finding

that cinnamon reduces .

does cinnamon
blood sugar levels —>-—> lower blood sugar?
naturally when taken

daily...
Concatenate
Researchers are finding that cinnamon reduces
Expanded Doc: blood sugar levels naturally when taken daily...
does cinnamon lower blood sugar?
Index .
Better Retrieved Docs
User's Query

A
foods and supplements to
lower blood sugar Search Engine

1. Passage-query H|O| Ef FH]

Transformer (from scratch)2 passage’t FOMZ M queryE dE5tEF St
ot& 2tE 2, eval dataset?| documentZ top-k random sampling 7|82 &3l 107H2| query Bt=0|&

i —
=01 %l queries& documentO|| Gt (A string 77| 2| concatenate)
Indexing St0| A0 ArE

ook W
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Doc2query
Evaluation
TREC-CAR MS MARCO | Retrieval Time
MAP MRR@10 ms/query
Test Test Dev
R K Single Duet v2 (Mitra and Craswell, 2019b) - 24.5 24.3 650*
eranker Co-PACRR® (MacAvaney et al., 2017) 14.8 i - ;
BM25 15.3 186 184 50
. . BM25 + RM3 127 - 16.7 250
Smgle stage retrieval BM25 + Doc2query (Ours) 18.3 21.8 21.5 90
BM25 + Doc2query + RM3 (Ours) 15.5 - 20.0 350
. . : i
Multi-stage retrieval BM25 + BERT (Nogueira and Cho, 2019) 34.8 359 3635 3400_
9 BM25 + Doc2query + BERT (Ours) 36.5 36.8 37.5 35007

« Reranker= ©A| SOTA reranker

« 2019H0{| = Sparse retriever2 1%} retrieval, BERTE 24Xt reranking2 T U=

« RM3+E£ query expansion 7|

2%, Natural Language Processing
& Artificial Intelligence
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Doc2query

Qualitative Analysis

Input Document:  July is the hottest month in Washington DC with an average temperature of 27C (80F) and the coldest
15 January at 4C (38F) with the most daily sunshine hours at 9 in July, The wettest month is May with
an average of 100mm of rain.

Predicted Query:  weather in washington de

Target query: what is the temperature in washington

Input Document:  The Delaware River flows through Philadelphia into the Delaware Bay. It flows through and agqueduct
in the Roundout Reservoir and then flows through Philadelphia and New Jersey before emptying into
the Delaware Bay.

Predicted Query:  what river flows through delaware

Target Query: where does the delaware river start and end

Input Document:  sex chromosome - (genetics) a chromosome that determines the sex of an individual; mammals normally
have two sex chromosomes chromosome - a threadlike strand of DNA in the cell nucleus that carries the
genes in a linear order; humans have 22 chromosome pairs plus two sex chromosomes.

Predicted Query:  what is the relationship between genes and chromosomes

Target Query: which chromosome controls sex charactensucs

Table 2: Examples of query predictions on MS MARCO compared to real user queries.

« DocumentO| J= T EO| queryE MM -> term re-weighting

« DocumentOf = EHO{E0| query=E ‘444 -> document mismatch problem 2=}

. (MAE T 2 EHof) H|E > 31: 69
21 /71



Context-Aware Sentence/Passage Term Importance Estimation
For First Stage Retrieval

Zhuyun Dai Jamie Callan
Carnegie Mellon University Carnegie Mellon University
zhuyund@cs.cmu.edu callan@cs.cmu.edu

» Natural Language Processing

& Artificial Intelligence
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DeepCT

Problem?

In some cases, an upset stomach is the result of an allergic reaction to a
certain type of food. It also may be caused by an irritation. Sometimes this
happens from consuming too much alcohol or caffeine. Eating too many

fatty foods or too much food in general may also cause an upset stomach.
All parts of the body (muscles, brain, heart, and liver) need energy to work.

This energy comes from the food we eat. Our bodies digest the food we
eat by mixing it with fluids( acids and enzymes) in the stomach. When
the stomach digests food, the carbohydrate (sugars and starches) in the
food breaks down into another type of sugar, called glucose.

+ BM258} doc2query 2252 29 o|0|of Ch3t gtH 0| EFSIC.

o
—

Atoto] Lt 7| =0 (7H8),
Zot=Al Of= A0| SK/OIL} !

query= 0| document9l key idealf 7

OF

ok—
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DeepCT

Framework

- EMOZHE Z tt0{ Q] importance scoreS 0|Z 37| {8 BERT ALE
- T_{t.c}: text ¢ 2FAH[A 2] term t2| embedding

yAt,c = ﬁfo,C + b - wab: linear combination
- yAhat: 0|2k

 GT Importance score 32

+ passage d2f 7Tt queries (01 7l) & term t& E&5tL U= queryl| Hl=

|Qd,t|
104l

OTR(t,d) =

e MSE Loss AlAt

lossysg = Z Z{yr,c —J.c)°
(™ i
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M Document A2l

SIS El DeepCT 2O HIAE 3

—_—

HSIH, 2t term Q| importance score &
. B E passage0l| Cisl DeepCT 22 2 inference

_I_

O

—

2, predicted weights scaling (N=100)

TFDeepCT(ta d) = round(ﬁt,d * N)

2. Integer scale®| TF_DeepCTE 7|&

BM252| TF Xt2|0f HiX]

i, D) - (k1 + 1
score(D, Q) = ZIDF (g:) /(g (ks )

[F@. D)+ k- (1—b+b- 2

)
) avgdl )

o 7]=2] inverted index: “DNA”: {“doc_1": 3, “doc_5": 2}

3. TF CHAOfl TF_DeepCT indexing

* DeepCT inverted index: “DNA”: {*doc_1": 9, “doc_5": 7}
(¢] & Al importance score7} 4 Q1)
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DeepCT

Experiment

» Dataset
« MSMARCO([train] for train, MSMARCOI[deV] for eval

« TREC-CAR]train] for train, TREC-CARJvalid] for eval

 Baselines
« TF index
« TextRank
« Doc2query
« DeepCT-Index
« DeepCT_W-Index: DeepCTO|A| BERTE context-independent embeddingsZ HpE B
- O] ZAl0= word2vec 22 Z+ word embeddingd| A passage embeddingS WAl “EH0| S &N QI T YY" S FE

« DeepCT_E-Index: DeepCTO|A{ BERTE ELMoZ= Hi# K7 26 / 71
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DeepCT

Results

M5 MARCO dev TREC-CAR

Index BM25 QL BM25 QL

MER 10 WiT/L MRBRRGE@10 WT/L MRER@10 MAP WIT/L MER@10 MAP WiT/ L
tf index 0.191 =f=f= 0.189 =f=f= 0.233 0.174 =f=f 0.211 0.162 =f=f=
TextRank (.130 Ge2/4556/1762 [ 0.134 T02/4551/1727 || 0.160 0120 167/1252/441 | 0.157 L1168 166/1327/367
Dec2Query n.221* 1523/4431/1026 | 0.224" 1603/4420/957 || - 0178 -I-i- - - ===
DeeplT-Indes n.ﬂd'j‘f 2022/3861/1097 | 0.230° 1543/4027/1110 |[ 0.332° 0246 615/1035/210 | 0.330°  0.247" 645/1071/144
DeeplTy-Index | 0.174 931/4804/1245 | 0,168 BOTM4TY3/1320 || 0.205 0.147  250/1311/309 | 0.192 0.139  245/1345/280
DeeplTe-Index 0.234*" 1891/4139/950 | 0.220° 1726/4210/1044 || 0.280° 0.201° 516/1144/200 | 0.276° 0.197%  540/1190/130

« 7|& SOTA®E doc2query2l 22 HIO|H=ZE ots & X[ T, DeepCT-Index/t 7He S UL

P

« DeepCT_W-Index, DeepCT_E-Index =5 BERT 7|8t 2Lt H&50| ZCt — BERT model®| 52482 &

27 /71
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DeepCT

Qualitative Analysis

Percentage of weights a term takes in the passage: ﬂ_lﬂﬁ-zﬂﬁ.m.-

Query who 15 susan boyle
Amateur vocalist - - became an overnight sensation after appearing on the first round of 2009°s popular UK. reality show
Britain's Got Talent.
Best Answer: a troll is generally someone who tries to get attention by poesting things everyone will disagree, like going to a susan

On-Topic

Off-Topi
R boyle fan page and writing susan boyle 15 ugly on the wall they are usually 14-16 vear olds who crave attention.

- AX| £ "Susan Boyle” O CHsl =0 E= queryOf CHdH,
« 782t document (AX 2 Susan BoyleO CHS & St= document)O| A = SiE term 2] weight?t =4,

« F2tot document (4 Al = Susan BoyleO| & 3t= document)M = ST term8| weight?t SH 53

28 /71
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DeepCT

Qualitative Analysis

- MS MARCO sox 4s%__ TREC-CAR

40% 40%
° 32% ~—DeepCT-Index —+-DeepCT-Index
30% I 30%
~tf index —=_tf |
- - . » tf index
fee 6% 4% 3% 2% 2% 2% 10% "o 0% 4% 3% 2% 2% 2%
11% Sangiat e
8% -
0% SA 6% 5% 5% 4% 4% 3% 3% 3% 0% 7% 6% 5 % 5% 4% 4% 4% 3%
1 2 3 45 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

« 2} document?| top10 highest-weighted term &
« IV} flat3h original tf indexOf| H|3l, DeepCT-Index= &7 EHO{0 weightZt 3 A Z &

. [}2tA DeepCT-Index7t B2 £ CHO{E2 24X, CHE CHO{EL YA
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DeepCT

=71

=
o
[T
s
o

« & query”Zt document?2| key pointOA] LI2LCtD 7HESH= A0 £2 ¢

(e.g. 5 =)

« Doc2query= H|2E2XO|EE2tE term expansiong &3l “term mismatch” X & 2} =6, DeepCT= 12 X[ ZHCH,
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SparTerm: Learning Term-based Sparse Representation for Fast
Text Retrieval

Yang Bai* " Xiaoguang Li* Gang Wang
Tsinghua University Huawei Noah’s Ark Lab Huawei Noah’s Ark Lab

» Natural Language Processing

& Artificial Intelligence
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SparTerm

Problem?

Query Can hives be a sign of pregnancy?

Type Term frequency SparTerm
hives are caused by allergic iNES)are caused by HNIEFGEE
reactions . the dryness and reactions . the dryness and
stretching of your skin along stretching of your skin along

with other changes can make you |with other €hanges can make you
Literal |more susceptible to experiencing [more SUSEEptiblé to experiencing

term hives during pregnancy . hives |R[iN@Sduring pregnancy . RiVes

Weights | ¢an be caused by an allergic can be caused by an HIIERGEE
reaction to almost anything . reaction to almost anything .
some common causes of hives some common causes of [iNES
during pregnancy are noted below |during pFEgRaReylare noted below
. medicine . medicine

Term symptoms: 1.0, women:0.99,
expansion rash:0.98, feel:0.99, causing:0.97,

body:0.96, affect:0.96, baby:0.94,
pregnant:0.93, sign:0.91, ...

» BM252f docquery WRHESE =X o0|0f CHst BHF 0| HES}Ct,
» DeepCT= Y 9|0l & HHASHX| T, “term mismatch” 28 & SiZASHX| RtLt,

o [2tA, SparTermOf| A = semanticStA term= <&t 32 /71
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SparTerm

Architecture

Final Sparse Representation

Llia

®
Aoca‘b_sk

J.lll-llluL B R

Importance Binary
Distribution Gating

Importance Gating ’r
Predictor Controller P - T(P) © Q(P)
\/

Input passage [ ]~

(a) SparTerm Model

33/ 71



SparTerm

Importance Predictor

Passage-wise Importance Distribution(dense)

H Token-wise
@® Importance
//" TWbution

Irlll' ""l ,-.ll"'li" Illllll"ll' “lllul..nl

Token-wise Importance Predictor
r 3 A

3 A

F 3

Le) (] (] (]
PLM

r 3 A

J §

y

tcisy) [Tok 1] [Tok2| -+ [TokN]

(b) Importance Predictor

Qok o

1. Input passage p2| Zt termOil CHSH vocab2 2 £ E{ 2| semantic importance &
2
=

I; = Transform(h))ET + b
|2] 42 BERTS| MLM 41t &5,

Al

h; = i'H M tokenO| BERTE &0l A L} 2= hidden state
2. 0| S1St= Token-wise Importance Predictor= BERT2| MLM head2t €= 9
3. £|F output2 Z token AF2| 0| A BERTS| 2= vocabOll CHSH distribution
2t M 215

29| pLM E 2 2 BERTR initialize. O| &

. Z} token A2 O A2 2=
L
distribution?| £t = {1t 7= ZRelu(Ii)
i=0

r|n

- o
== gt

—

™ Sk BERT vocab 27| 9| distribution 34 /71
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SparTerm

Importance Predictor

"oransu'tans are native to the rainforests of Indonesia and Malaysia"

l

"oromgu‘tans are native to the [LMASK] of Indonesia and Mala\ysios"

A Impor‘tomce,

Jungle Token-level Estimation

Porest 'T'oken Pmbab"l‘tl’ Distrbutions

T L™ ERRERRILERELERSE -
R
B0 D BitA0)s R

Pro{aabihty

Tronsformer Transformer ]
qj ? ? qj ? ? qj ¢ * (? qj q:) a'j qj ﬁ]’]—o’ceﬁ - e >
[eLs]  or ##ang #Huta s are native o the L[MASKD ##s of  indonesio and malaysia Lsepl [ets]l  or H##ong ##uta ##rs  are native to the [MASK] ##s of indonesia and malm,s:a LsepP]
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SparTerm

Importance Predictor

native Malaysia.

lands rainforest Bof;ne_o I
|

S — il R d
\ |
' |

3re,a\‘t apes

or‘a\r\gutans .l 3ot‘i“a$
L -— eam = - - A - -l

: Ir \ n
Quer‘v; "do any large_ monkeys come from the jun::!les of Indonesia?

with query expansion

without query expansion

"Or‘omgutams are native to the rainforests of
DOQo Indonesia and Moxlou/siox"
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SparTerm

Gating Controller

Expansion-enhanced Gating(sparse)

T PassageOl A LT =2t E|H CtE| L7}, passages H25I7| 2[4}
BOW (W T TT W [ )4+ . e - . . .
® O term= activate A|7{0F St=X| Z7d35}t= binary signal2 Gating Controller0j|
Not-BOW N N TN W <+
N AX
Binary Term = o
Gating
[ Binarizer |
! Dense Term 1. &l T T passaged| U= term=2 25 activate
{} Gating . .
-> Literal-only gating
Term Gating Predictor ' ' N o e _ N
% % 3 2. Lexical mismatch sZ2 ?|dl, passage topicit 2tH Tt term= FIIX o=
L) [m]) (R - () activate
PLM -> Expansion-enhanced gating
A A F F 3

(c) Gating Controller
37 /71
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SparTerm

Gating Controller

Expansion-enhanced Gating(sparse)

LIJ#JJJ 1. LiteraI-OnIy Gating: '(')F_-I - _E_ O'” L'|'E|'L'|'I_ EI'O'I activate
BT G(p) = BoW (p)
Not-BOW N I N W 4+ . . — .
| 2. Expansion-enhanced Gating: CHE term Z&5}0] activate
& glnta?ryTerm
T Erarmer ] 2-1. Importance Predictor@ 20|, passage®| dense term & 2 ¢ ¢
! Dense Term 2-2. 2= vocab & |Ogit 44 0| k(=0.7) O|M0l Tt =0t G'Of| H%&
{} Gating
G' = Binarizer(G)
Term Gating Predictor
S 3 2-3. =2 logit A= 7HX| =, A2 passagel|= 8l token EZ&
Lo )] o (] Ge = G'© —=BoW(p)
PLM 2-4. Z|Z expansion-enhanced gating vector
1 y A /'Y Gle = Ge + BOW(p)

(c) Gating Controller
38 /71
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SparTerm

Review

Final Sparse Representation

Llia

®
Aoca‘b_sk

J.lll.llluL B R

Importance Binary
Distribution Gating

Importance Gating ’r
Predictor Controller P _ T(P) © Q(P)
\/

Input passage [ ]~

(a) SparTerm Model

39/ 71



2%, Natural Language Processing
& Artificial Intelligence

SparTerm

Training

Importance Predictor — Triplet Loss

!

i+)

ESEm(qi’Pi,+) + ESEm(qiuﬂi,—)

. ’
eszm(qi,

L, ank (qi, pi+ pi-) = —log
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SparTerm
° ° Term expansion Description and examples
Tra I n I n g Passage2query Expand words that tend to appear in corresponding queries, i.e. “how far”, “what causes”.
Synonym Expand synonym for original core words, i.e. “cartoon”="animation”.
Co-occurred words Expand frequently co-occurred words for original core words, i.e. “earthquakes”->"ruins".
Summarization words | Expand summarization words that tend to appear in passage summarization or taggings.

Table 1: Different kinds of term expansion.

Gating Controller

- Term expansiona ?2t 47tX| scenario & Passage2query, Summarization0f &&

- passage-query, passage-summary H|O|E{ 8t Z}X[ 10 274X CE loss &
* p: passage, t: target text (query / summary)

Lexp = —.3,1 ZjE{m|Tm={]} lﬂg(l = Gj) = .3,2 Zke{mle=1} lUgGk * T: binary BoW vectors of t

* G: dense gating probability distribution for p
- G_j: target text tO| SESIHA| 2 THO{E2| 2E 2= -

> 5
G_k: target text t0]l S&ot= EHO{E2| 2E BX -> HXLE 5
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SparTerm

Experimental Setup, Training Details

 Dataset

« MSMARCO([train] for train, MSMARCOI[deV] for eval

* Training Details
- Importance Predictor, Gating Controller 25 BERTZ initialize, weight &= X
- MX Gating Controller fine-tuning (MSMARCO train, 50k steps)

- O|= Gating Controller 2| 5F11 Triplet LossZ SparTerm fine-tuning

* Indexing

« DocumentE SparTerm 22 0| S1FA[7] sparse representation2 £ inverted index
« AM Al, EE queryE SparTermOf| StA|7 SHEt = A M

(%, vocab 37| 2| query sparse representationd} document sparse representation?| &= T&)
42 / 71
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SparTerm

Experimental Setup, Training Details

e Baselines

BM25

* DeepCT

« Doc2query

« Doc2query-T5: T5 7|8t 2 Doc2query 28 JICHE ot Z4. SOTAZ S

» SparTerm (literal-only): passage0f XM= &l EHO{ZF2 2 gating controller 2= A

* SparTerm (expansion-only): passaged| X|& =|X| @i= EHO{TF2 2 gating controllerg Bt= A

» SparTerm (expansion-enhanced): passage0ll M|& & EH0{2F MSE[X| &2 T & EF 2833 gating controller
HE A
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SparTerm

Results

Model MER@10 R@10 R@20 R@50 R@100 R@200 R@500 R@1000
BM25 18.6 = 49 60 6o 73 32 832.71
Doc2query 21.5 - - - - - - 89.1
Doc2query-T5 27.7 - - 75.6 81.89 86.88 91.64 94.7
DeepCT 24.3 49 a8 69 76 82 86 91
SparTerm(literal-only) 27.46 21.05 60.21  71.55 78.28 83.27 88.33 91.16
SparTerm(expansion-only) 19.8 40.93 _ 63.42 7096 77.62 84.81 89.08

SparTerm{expansion-enhanced)  27.94 5195 6158 7248 7895 84.05 89.5 92.45
Table 2: Performances of different models on Dev Set of MSMARCO Passage Retrieval dataset.

« SparTermO| MRROIA] 7t& £t RecallllAM Doc2query-T5E A 2et HO]|A2tQ & 7HE =2 d&
« Doc2query-T50| Doc2query(Transformer) 2L} WM £2 A2 = HO}, SparTermkz £2 S22 W H o &g A

« Expansion §i=, literal-only 20| DeepCT O| &
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SparTerm

Qualitative Analysis

5

.

Query Type DeepCT SPART
hives are BEEEEENOy allergic reactions . the NESlare caused by HEEERGEENreactions . the
dryness and stretching of your skin along with |dryness and stretching of your skin along with
Literal | other changes can make you more susceptible to |other changes can make you more susceptible to
Can hives be term | experiencing hiVeS during PREGRERGHN. WIVES can | experiencing FllESNduring prEgRancyll. HENESHcan
a sign of Weights | be EEEESEENLy an allergic reaction to almost be caused by an EEESEGESNreaction to almost
pregnancy? anything . some common [ElEEENcf hiveésduring anything . some common causes of FINESHduring
= : prEgRanelare noted below : medicine . pregnancylare noted below : medicine
Term symptoms: 1.0, women:0.99, rash:0.98, feel:0.99, causing:0.97,
expansion body:0.96, aflect:0.96, baby:0.94, pregnant:0.93, sign:0.91, ...

* DeepCT, SparTerm 25 query?} RIH E|H passaged| A= o= T 71

« 2L} SparTermO| DeepCTELt =& O

"hives"7t 20 2™ SparTerm2 "allergic reactions"& 224 &0}

£ queryQ| "sign"2Z “symptoms"2t= EFO{ & 0|55, “pregnancy’ 2 “women”O|2t= HHO{E 0=

S {0l weightE = OHZ
o2 cho E0f| weightE 7| W20,
LH A O|lS
= T AO

Natural Language Processing
& Artificial Intelligence
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Qualitative Analysis

season
monthly
weather
days
heat
0 2 4 6 8 10 12
month
weather [
season
humidity_
heat
rainfoll- |
0 2 4 6 8 10 12
climate

Leasn [
heat
april J——
masithly I
weather [N
0 2 4 6 8 10 12
summer
weather
rainfall
wet
season
humidity
0O 2 4 6 8 10 12
monsoon

rainfall
wet
humidity |

g =
levels

0 2 4 6 8 10 12

rain

heat |
humidity

classic |_

wet
rainfall

0 2 4 6 8

tropical

10 12

classic |
heat

heat
levels
humidity
weather
rainfall

a 6 8 10 12

0

2

4 6 8 10 12

temperature

Natural Language Processing
& Artificial Intelligence
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SPLADE: Sparse Lexical and Expansion Model
for First Stage Ranking

Thibault Formal Benjamin Piwowarski Stéphane Clinchant
Naver Labs Europe Sorbonne Université, CNRS, LIP6 Naver Labs Europe
Meylan, France Paris, France Meylan, France
Sorbonne Université, LIP6 benjamin.piwowarski@lip6.fr stephane.clinchant@naverlabs.com

Paris, France
thibault.formal@naverlabs.com

» Natural Language Processing
& Artificial Intelligence
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SPLADE

Problem?

SparTerm(literal-only) 27.46 5105 6021 7155  TH28 £3.27 §8.33 91.16
SparTerm(expansion-only) 19.8 40.93 - 6342 7096 77.62 8481 89.08
SparTerm(expansion-enhanced) 27.94 5195 6158 7248 T89S 84.05 89.5 92.45

« SparTerm 2&0| H& E&5t1, end-to-endE st&e o= QUL

« SparTerm0| Gate Controller &7t35l A expansion-enhanced ™ AFESH=AH 2 ds 24

-> =0 ERoHI}?

2%, Natural Language Processing
S5 g Artificial Intelligence
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SPLADE

Method

L
I = ZRelH(Ii) —_— W= Z log (1 + ReLU(w;;))

=0 i€t

» Gating controller 10§11, Importance Predictor® Al log StLIEH =7} (SIGIR 2021 short accept)

HAMOE =, log=2 E¥2EM weight?l HE & BHO{&= =& smoothing & = U= 2HE 0| &5t
(=
° AI -|—

Lyank-1BN = —log i
ran o5(qid}) o os(qnd;) | o ¢S (245 ;)
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SPLADE

native Malou./sia

lamols rainPorest Bof;ne_o I

t S
greal oape |
I
| " [
[

orangu‘toms .l 3or‘i“a$
L -— eam = - - A - -l
|

'-__i" " FT-=-=-==- J
\ \
Ir \ | ' |

Quer‘v "do any large_ monkeys come from the Jun::!les of Indonesia?"

with query expansion

without query expansion

D Or‘angu‘toms are native to the rainforests of
oC. Indonesia and MQIQVSI&

50 / 71



2%, Natural Language Processing
& Artificial Intelligence

SPLADE

Training details & Experimental
Setup

« Dataset: MSMARCO|train] for train, MSMARCO|[dev], TREC-2019[eval] for eval

 Training Details
« Backbone: BERT-base

« Batch_size = 124, 150k stepS ¢t &&
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Results

model MS MARCO dev  TRECDL 2019  FLOPS
MRR@10 R@1000 NDCG@10 R@1000

Dense retrieval

Siamese (ours) 0.312 0.941 0.637 0.711 -
ANCE [25] 0.330 0.959 0.648 - -
TCT-ColBERT [15] 0.335 0.964 0.670 0.720 =

Sparse retrieval

BM25 0.184 0.853 0.506 0.745 0.13
DeepCT [4] 0.243 0.913 0.551 0.756 -
doc2query-T5 [18] 0.277 0.947 0.642 0.827 0.81
ST lexical-only [1] 0.275 0.912 - - -

ST expansion [1] 0.279 0.925 - - -
Our methods

ST lexical-only 0.290 0.923 0.595 0.774 1.84
ST exp-f; 0.314 0.959 0.668 0.800 4.62
ST exp-frLops 0312  0.954 0.671 0813 2.83
SPLADE-# 0.322 0.954 0.667 0.792 0.88
SPLADE-# | ops 0.322 0.955 0.665 0.813 0.73

« TREC DL Recall@10002 H|2|5}™ SPLADEZF 2 & O|O|E, Z & metricO| A IHEHATL ECt
« (YA]) SOTA dense retrieverdtT= H| W s = 74= 2SI}

« ST lexical-onlyE InfoNCE 2 2 = st&otA Yt ST expansion 2 CH =L},

H
(InfoNCE vs. Triplet loss2| 21 H|l) 52 / 71
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SPLADE

Qualitative Analysis

original document (doc ID: 7131647)

if (1.2) bow (2.56) legs (1.18) is caused (1.29) by (0.47) the bone (1.2) alignment
(1.88) issue (0.87) than-yeumay-be able (0.29) te correct (1.37) through (0.43)
bow legs correction (1.05) exereises. read-more-here- if bow legs is caused by
the bone alignment issue than you may be able to correct through bow legs
correction exercises.

expansion terms

(leg, 1.62) (arrow, 0.7) (exercise, 0.64) (bones, 0.63) (problem, 0.41) (treatment,

0.35) (happen, 0.29) (create, 0.22) (can, 0.14) (worse, 0.14) (effect, 0.08) (teeth,
0.06) (remove, 0.03)

* Model St A| 23t term0f| Lish M= re-weighting, 22 278t term (weight <=0)2 4%

ol
PN =

1

* Legs -> leg / bow legs -> treatment 22 HO} expansionO] M Z: &1t YASS &
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SPLADE-v2

SPLADE-v2: Pooling &4 9| H 3}

I= ZRezu(L) — ;=Y log(1+ReLU(w;)) mmp Wj=maxlog(1+ReLU(wi)))
i=0 i€t
SparTerm SPLADE SPLADE-v2

« SPLADE-v10 A= sequence®| Zt EZ indexOllA| 73t vocab logit2 &

« SPLADE-V20| M & sequencel| Zf E& indexOl A 7+t vocab logit & Z|CH 4 AHE

54 /71



SPLADE-v2

SPLADE-v2: Z1}

model MS MARCO dev  TREC DL 2019
MRR@10 R@1000 NDCG@10 R@1000

Dense retrieval

Siamese (ours) 0.312 0.941 0.637 0.711
ANCE [29] 0.330 0.959 0.648 -
TCT-ColBERT [16] 0.359 0.970 0.719 0.760
TAS-B [11] 0.347 0.978 0.717 0.843
RocketQA [24] 0.370  0.979 - -
Sparse retrieval

BM25 0.184 0.853 0.506 0.745
DeepCT [4] 0.243  0.913 0.551 0.756
doc2query-T5 [20] 0.277 0.947 0.642 0.827
SparTerm [1] 0.279  0.925 - -
COIL-tok [9] 0.341 0.949 0.660 -
DeepImpact [18] 0.326 0.948 0.695 -
SPLADE [8] 0.322 0.955 0.665 0.813
Our methods

SPLADE-max 0.340 0.965 0.684 0.851

2%, Natural Language Processing
& Artificial Intelligence
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Enhancing Lexicon-Based Text Embeddings with Large Language Models

Yibin Lei!, Tao Shen?, Yu Cao®, Andrew Yates!
'University of Amsterdam  ?University of Technology Sydney 3Tencent IEG
{y.lei, a.c.yates}@uva.nl, tao.shen@uts.edu.au,
rainyucao@tencent. com

» Natural Language Processing

& Artificial Intelligence
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LENS
= —
SPLADE S%& =..
< > nlp-ai 8B = [ 22 v M 0
ol ’

v [ papers
+ 0 Embedding

= [A Gradient Accumulation Method for Dense Retriever under Memory Constraint] 2406.12356v3.pdf
= [Air-Bench] 2024.acl-long.109. pdf
= [CDE] 2410.02525v3.pdf
= [DPR] 2020.emnlp-main.550.pdf
= [DRAGOMN]2302.07452v1.pdf
B [E5-mistral-7b-instruct]2401.00368.pdf
B [E5]12212.03533.pdf
B [Gecko]2403.20327v1.pdf
B [GistEmbed] 2402.16829v1.pdf
B [gradcache] 2101.06983v2.pdf
B [jasper].pdf
B [Jina v3]2409.10173v3.pdf
B [llama2vec]2024.acl-long.191.pdf
B [LLM2Vec]2404.05961.pdf
B [M3-Embedding] 2402.03216v4.pdf
B [mE5-tech-report]2402.05672v1.pdf
B [MEXMA]2409.12737v1.pdf
B [mGTE] 2407.19669v1.pdf
B [MRL] 2205.13147v4.pdf
B [mSimCSE]2211.08127v1.pdf
B [Multi-Modal Generative Embedding Model] 2405.19333v1.pdf

[NV-embed] 2405.17428v2 pdf
NV-Retriever A . 57 /71
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LLME Sparse retrieval0®f] AF2% = QU2

7t ?

XM= Tokenizer

1.

3.

Z2 oEA (lexeme) 2 22 H YW= S5M0| token matchingll] 4 F22 = =+ UCH= =X
. "What" “"what”, “ what"0| 25 CtE tokenl Z XN2|Z]&= X))

of THHOI=0| ZINMNM 71X 2l OiE 0| O| FO{MOF ottt= 2|

—_

(e.

Q

n n

(e.g. “education” -> "edu”, “cation”)

2 2ZAM CEH|0|M stEEl tokenizerE Q18) rare?t term O] EEHE| O vocabll AIO|=E =2l &

Al

3 clusteringliA| tokenizergE =0 £X} !

58 / 71



2%, Natural Language Processing
& Artificial Intelligence

L E N S F ra m ewo r k clustered token embedding vectors
LM head {shows, shown, {educ, education}
showed} ;
< clustering
% shows shown showed educ education - -

Bidirectional

1. Tokenizer0f| Kmeans clustering 213 (k= embedding A& =)

attention
) . Transformer ot | o o
2. LM head?@| token embeddings= cluster2| centroid= Ci{A]| blocks .
3. Input text 7t tokenizers S0l HetE & d3k[= 27| embedding2 I — k{F — I°“9i‘a't°ke"embed‘“i”f_‘ff“
nput token embedding
E':él LH_'f’_OﬂA‘I LM head9| output embedding'ﬂ' clustering% %'('5H I7_|-_J,\_§|- shower S showsd sl elustion =

Figure 2: The model framework of LENS.

Z 1} - vocab size@| embedding Ei4, clustered size2| lexicon-based embedding
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LENS
Representation Generation

LLM2 Z Representation O{EH Bt=71?

1. Test setO| M, queryE CH2 1} 20| g ins HEZ PHE qins = (Instruct){task_definition }(query){q}.
(e.g.) "Given a question, retrieve passages that answer the question. Question: Who is Heuiseok
Lim ?”
2. SPLADE-v2 X & max pooling 242 2 pooling
3. FOAbg
« "Query"0] CHT} logitPt &O}OFSt,
« Logit2 &£ A2 M|, LLME2 Next Token Prediction &4l 0]

2, {E1Xt 5= token?| index — 1} E 2L,
E-

=]
+ passaget= M2 instructiong FX| 2L, HZ BOS EE28H ddE|= logite =Lt
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LENS

Training

InNfONCE LossZ St&

£ —lox exp(Sim (gins, ) /7)
N im(gips, , sim(Gins,P; )
BXP(S (‘?’T P)) | Zj‘il BXP( - J )

q_ins2t p2| embedding (cluster 37|)& EO} ?| LossZE &5
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LENS

Experiment & Training Config

« Backbone model: Mistral-7B-v0.1

« Data: BGE-en-ICLO| A 2 & S7H =l G| O] E- retrieval, reranking, clustering, classification, STS (1 positive, 7 hard
negative)

« KMeansQ| cluster =: 4000, 8000 (LENS-4000, LENS-8000) -> &= At& =

« Training config
« LoRA AlE

1 positive, 7 hard negative AF&
in-batch negative A& (retrieval taskOf| Ci2t batch size 512, LI X| taskOf| CHSt batch size 256)

BGE-rerankerZ2 2 E ranking score distillation. (KL-divergence. 0|71 BGE-en-ICL & 28 OO 2 watstan 3
Cheh

max_seq_len=512

« Evaluation: MTEB, AIR-Bench (Jina®|A O|=7H HIO|EHZE 10| SHHMA ZHAISE

rr
o0&l
N
L
Ras
a
H
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LENS

Experiment & Training Config

« Baselines
« E5-mistral-7b-instruct
* NV-Embed-v1/v2
« gte-Qwen2-7B-instruct
- Stella
« SFR-Embedding-2_R
« GritLM-7B
« BGE-en-ICL

« SPLADE Z& REI =2 retrieval task EE 20t OIS O{N 1D, HE 2 ot

O
ojo

« zero-shot scenario®t 7™
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LENS

Results;: MTEB

Task #Dimms Retr. Rerank. Clust. PawrClass, Class., 5TS  Summ.  Avg.
# of datasets — 15 4 11 3 12 10 1 56
Non-Fully Public Training Data
E5-mistral-7b-instruct 4096 5690 6021  50.26 88.34 78.47 84.66 3140 66.63
Ling-Embed-Mistral 4096  60.19 6029  51.42 88.35 80.20 8497 3098 68.17
voyage-large-2-instruct 1024 58.28 6009 5335 89.24 81.49 8431 30.84 6823
stella_en_400M_v5 8192 5897 6016  56.70 87.74 86.67 8422 3166 70.11
gte-Qwen2-7B-instruct 3584 6025 6142 5692 85.79 8658 83.04 3135 70.24
SFR-Embedding-2_R 4096 60.18 6014 5617 88.07 39.05 81.26 3071 70.31
stella_en_1.5B_v5 8192 61.01 6121 57.69 B8.07 87.63 B4.51 3149 71.19
NV-Embed-v2 4096 6265 6065 5846 B8.67 90.37 8431 3070 7231
Fully Public Training Data

LLM2Vec-Mistral-supervised 4096 5599 5842 4554 87.99 76.63 84.09 2996 64.80
GritLM-7B 46 5741 6049 50.61 87.16 7946 8335 3037 66.76
NV-Embed-v1 4096 5936 6059  52.80 86.91 8735 8284 31.20 6932
bge-multilingual-gemmaZ2 3584 5924 59972 54.65 85.84 88.08 8388 31.20 69.88
BGE-en-ICL (zero-shot) 4096  61.67 5966  57.51 86.93 88.62 8374 3075 71.24
LENS-4000 (Ours) 4000 6076 60.86 57.92 87.93 88.13 8435 3156 71.21
LENS-8000 (Qurs) 8000 6186 6091 58.02 87.98 88.43 84.67 2954 T1.62

;“'): Natural Language Processing
& Artificial Intelligence
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Results: Air-Bench

2%, Natural Language Processing
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Domain #Dims wiki  web news  healthcare law  finance arxiv  msmarco  Avg.
# of datasets — 1 1 1 1 1 1 1 1 8

ES5-mistral-7h-instruct 4096  61.67 4441 4818 56.32 1932 5479 4478 5903  48.56
Ling-Embed-Mistral 4096  61.04 4841 4944 60.18 2034 5004 4756 6050 49.69
NV-Embed-v1 4096 6284 5042 51.46 58.53 20,65 49.89  46.10 6027  50.02
gte-Qwen2-7B-mstruct 3584 6346 51.20 54.07 24.20 22.31 5820 4027 5839  50.26
stella_en_1.5B_v5 8192 61,99 50.88 53.87 58.81 2322 5726 4481 6138  51.53
SFR-Embedding-Mistral 409 6346 51.27 52.2] 58.76 2327 5694 4775 5899 5158
NV-Embed-v2 4096  65.19 52.58 53.13 59.56 2500 5304 4894 6080 52.28
BGE-en-ICL (zero-shot) 4096  64.61 54.40 55.11 57.25 25.10 5481 4846 63.71 22.93
LENS-4000 (Ours) 4000 6260 52.06 5249 57.23 2408 4887 4378 6117  50.28
LENS-8000 (Ours) 8000 6550 54.52 55.16 58.20 25.62 5457 4545 6300 5275
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LENS

Qualitative Analysis

Clusters

quickly, rapid, rapidly, swift

cannot, impossible, Unable, Cannot, Unable

shows, shown, showed, showing

review, Review, reviews, reviewed, Reviews

educ, education, Educ, Education, educational, Edu
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LENS

Qualitative Analysis

Text Top-weighted clusters

most dependable affordable cars (cars, Cars), (cheap, affordable), (reliable, reli), (depend, depends), (aff, afford)
fastest growing bonsai trees (faster, fastest), (grow, growing), (fast, Fast), (tree, trees), (quickly, rapid)

causes of hypoxia in adults {adult, adults), (oxygen, oxy), (cause, caused), (hyp, yp), (ox, Ox)
weather in lisbon april {(Portug, Portuguese), (bon, Bon), (weather, rather), (Spring, spring), (AP, #AP)
other hot flashes causes (hot, Hot), (cause, causes), (flash, Flash), (flush, #flush), (heat, Heat)

Table 3: Qualitive examples of LENS-8000. For each example, the top-3 clusters with the largest weights in the
embeddings are shown, with two tokens from each cluster included.
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Analysis — Clusterd]| [} £ A=

MTEB Subset Avg.

2000 ~ 4000 8000 16000 32000
Number of Clusters
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LENS
° ° ° E
Analysis — Pooling, Attention0]| [} &
| -
=)
Task Retr. Rerank. Clust. PairClass. Class. STS Summ. Avg.
# of datasets —» 1 1 1 1 1 1 1 7

Unidirectional Attention
Last-token pooling 73.84 65.19 60.46 06.69 58.66 89.26 30.05 67.73
Sum-pooling 7246 59,57  50.55 89.90 54.64 B0.55 2970 6248
Max-pooling 75.18 59.68 50.93 92.06 57.58 8274 3089 64.15
Bidirectional Attention
Last-token pooling 76.89  64.21] 61.57 96.62 58.33 B8.72 30.72 68.15
Sum-pooling 75.65 63.64 61.77 96.97 60.05 B89.58 3098 68.38
Max-pooling 76.19 6453  63.05 97.03 62.30 88.92 3149 69.07

Table 5: Influence of attention mechanisms and pooling methods.
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HLHL = YZot=) 22| O|c]

1. Agent A|lLHZ &5, AHM0| 4§ S QONA[X| =7t

2. AME 2l MY o|0|2 HMEL= Dense retrieval = QL X|Pt, sparse retrieval = Z &% H
A O
_ L

O] =
UAOE LM logitOl| 7|25t sparse retrievalO| & B0 A2 Zd ZLt (59| multilingual)

3. Retriever?t OtEHIEX| 2 Reranker £ 2HA S 7|2 H B2 0|52 B AL
(7| 2| ROI; Return Of Investment & 11 2{2tCHH retrieverE top 100= 7N 2L 10070 =
(=)

reranking ot= 0| H| X2 SHOM X  5&80| F7| W{Z0|C})

4. Cross-lingual retrieval®| CH$F L|=
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Thank you

QA
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