o

aup

BB BE32MIE RS FEK M L (20264E3)])

AUTOEXP: BRIV IVICEFNSEBRIROFTEEICED
BB R]IEER

R

BEKE REK KB T

TBAE AR A

{takahashi.tkr, taniguchi.tcr, zhu.cd, okuma.td}@om.asahi-kasei.co.jp

e

ARETIE, MRENZMEEINCRIL 7am RE
ST 2 BB TIE AutoEXP 2R T 5.
BRI TV ICEENZEAERBL, BEENEZ RS
HERBERTHI VI BHNICES R, EHERHY
Hb e U7zimsC R G OFEIR - 31l - T RE
e KRB EEE T VeV LF -V b
WEDEBRT S, BASHEERICED (iR £
A ZIZBWT, AvtoEXP 13 H & MR % 57 L,
HEMICHMRBRZIER T 2 22 T, BXZ MBRE
g L CHEE S RIECH BT 3 Z e BR L.

1 EC®HIC

AR DRI, RSB 2EER XAV T
HBHHDD, FXDRFBIILE % BhNF 2 @D
Y, AEAFROHEMPELULRETHZ. X5
2, MR 7 U ADOXER TSI AR HIE R X
Nz, R LTHBENEGWRRAITHS.

BHERSFMCH L TR~y F Y VR EBT %
72, HAXDZ TV IEDEENRY MAMRELT
27 7 —FPELIBEINTVS([1,2,3,4,5]. %
7z, KIS FETE 7V (Large Language Model; LLM)
DEWE B - HEEREE N 2 1E L, MRO—§%
A3 228 T, XDMBENBZMRLERT ZF
EPREINTVWS [6,7,8,9,10]. LHrLRH5,
BHEDOFEZE, MBIV IS LTEXYEET 3 X
HESEEL-D0HFEwRTHY, BMBOHMPS
22672 2 THHZEOR (OUF, BsRER) 1203 2 3

BOFRMY B+ EE SR TV,

AWFETIE, BMBZZVICEETNZEAEXRBIT
BERERZ RS2 HEBELRBRTH S 205 EHll
QHENICHEDSE, MR/ ) e EESOTRENE

1) https://arxiv.org/stats/monthly_submissions
2) MREMEMNT 2EBOKMPHBIESRED, BMRERD
NEEGZBVWTEDL bVEHEI ATV 202 R T15E.
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Original Query
Can you give me a paper that does

co of C by sampling in-
06 batch negatives?
05 Paraphrased Query
Could you provide me with a paper that explores
of
041 ¢ el
through the sampling of in-batch negatives?

0314 Pseudo Query[Ent] (Entity: sentence embeddings)
Can you provide me with a paper that discusses
by sampling in-batch

—e— Original Query
Paraphrased Query

0.1/ —m— Pseudo Query[Ent]

~—#&— Pseudo Query[Uni]

negatives?
Pseudo Query[Uni] (Uni-gram: paper)
Can you provide a resource that discusses

15 10 15 20 of
Top-K batch negatives?

by sampling in-

Document (Ground Truth)

SimCSE: Simple C ive Learning of

Abstract: This paper presents SimCSE, a simple contrastive learning framework that greatly advances
the state-of-the-art bed b

... Then, we propose a supervised approach, which incorporates annotated pairs from natural
language inference datasets into our 1 , by using "entailment" pairs as
positives and "contradiction" pairs as hard negatives.

B1 /) BIOREDRERZHIRE MBS L
7 TV & B XRERDMEREDHER & AR 72 7 ) D
Bl (L. JE27 = VISHS 2 ESCE D (FI).

SHE LAt e, BEREMICHIEZFERT 2MKRFE
AuToEXP #1843 %. AutoEXP X, M7 TV H»n
LR LZBEERBICHE X, (H)BRZ ) I1Tx
35 XEEGOF R, (2) FHEAGRICED <
HMBOHRAER, 3)ERINTRICED
R OY, EFREEER-TETHEDDIRLE
15%. KX OHEBKZ, URD3HTH 5.
MR TV ICEFNLEERIE, MRERE
KL 2EBELRERTH S Z L E2RT (2 ).
o MBREXOTEEMEZ G U 2225 & BEERNICIRR
T 2R AutoEXP 1R T % (3 Hi).
s HEERMBRICE D, BT MULRER L
TR KIEICH BT 2 2 2 2R (4 f).

2 HRah

Z2ZVHIHSOBN: MBIV ICEEN L EE
FHD, BAEXELRRT 2 7-DICRHCEERIEHR
PELOTHIUL, UROWEEDMD LD,

HEH1 BEAEERHRZBRRI TV OHIRT 2L, &
RUREDRIEIIE TS 5.

This work is published without peer review and
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Initial Query

Are there any research papers
on methods to compress
large-scale...

» Retriever
| let“ee

D Dense Retriever :LLM Agent Retrieved Paper Evaluation Summary

Paper Queue

Current Query

Are there any research
papers on methods to

compress large-scale... p

Refined Query

List papers that describe task-
agnostic model compression ...

Planner [«
Y 4

» Extractor H Evaluator|
Rubrics

[ 4 Language model ]

[ Model compression

[Search]

[Stop]

B2 AutoEXP OMEE. Evaluator DFEfiIZEBWT, FwXES (Paper Queue) 25FEAMiIEH (Rubrics) 278 E T % L HIE XN
0, IBEBBICEET S ETHRIRLETTZ. B RLULEKTROMYXES KN EMRBEFBR LTHIT 5.

HE2 EAERRZMEFLZEFEMKRI ) 20E
LT, BMERMEIIZE ACTEN LR,

FTEBRIEOM MR e T 2MRFAMO T —
X+ v b LitSearch [11] % H W THREE L 7~. 1D
FHEAG R 2 &, JTLOME 2 TV (Original Query) 12
NI AMBERELEEBLT, T2V oEAER
HREZHIEER L7222 TV (Pseudo Query[Ent] ¥) 12%f35 3
MBI KIBICIK RS 2 2223005 (PEHE 1).
—J7TC, EERHEZHERLOOMK I =V ICHEH)
52 ThH, MBEEHRIZIFEACELL 2V (HE
2). BRI, oo =V O HHli 1S (Paraphrased
Query ¥) T2 TV S EERB LN OHEL =Y
5 NEHIBRL722 Y (Pseudo Query[Uni] ) % FW
TH, MBEMRIIFEACHEZ G ZT0 T DR
Nz, Lo T, BBRIZVIZEENIEER
BHEBRERZRM T 2 HERERTDH 5.

XD S OBM: X 11K T )T % E
BXFEOMERT. HEXHIE, MRI/IZVICEE
NZEERB DN BFL I DMHETES. 2
OMEF, METAICHHHF IR TWVWE I 2D
(8% A), XEPOEFRINTEEGXE LT 5
95 2 CHERFMHELEIZRD 5 5.

3 AuToEXP: BEHIARINIRE

AHFFETIE, MRV oM L-BEERBIC
HOE, X OER - G- - FHETO T RERE G
IR LUEITT % BETUME AutoEXP R 12K T 5.

3) FEEZHIBR U2 O SOEMKE T ) % 72 %, GPT-40-mini
WEBXFEF =y 7BINEERZBERL .
4)  GPT-4o-mini ZFHWVWTEWIRZ SCEERLL 7=,
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M2 ICREETNVOMELZRT. AvtoEXP 1%, MR
I q D BHENRY FIVIRER Retriever & F W TR
WX P={p,....pn} EHEBRL, vLFT—-—D =z
b o = {Selector, Extractor, Evaluator, Planner} {Z & D
HEAICHRRBR AR - Til5 2. T, &o—
Y= ¥ OEMRZLEIZOWTEHIAT 5.

3.1 Selector

BRI LY g, RAZHER Iseiecior WCHEDE, i
pi BRI TV q DEAEXLEDIRT 7 L% ERK
35, DEEERLEDRED, WX p XEENDE T
NV DIV T 4T 4 & HhoRES N2 EARSE
5;=(&;,1;) DV AL S, ={5,...,5u} % Extractor
THR L, Selector ND AJIZEMT 5. EAM
121&, 6 = Selector([q; Iselector: Pi3 Sp;]) 1 & D &
T 5. 2B, 6 € {[Select], [Drop]} TH D,
6 = [Select] DX D A XER PIEMNT 5.

3.2 Extractor

HATHT TR B 8 O EF, KK T
BRI ZVICEENIEAERRAEZME TR
TR EFEGYE H (Rubrics) £ A5, 22T, X
JIic A 2% 3 (In-context Learning; ICL) 1 & 5 [EH £
B 121 c#Eo%, 7Y g EENhIEE
KIS, = (51,....50) ZERT 5. BRI,
S, = Extractor([¢; Ipxuactor; P]) % EATT 2. 72 B,
D={dy,....d;} THYH, d; 37 F X b x; LIEfRD
EHRHES PO SN2 EOMHERTH 3.
R D OFEIETER C 2SI 0.
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1 Broad 3 X U Specific 1231 % & XIRR DMEREFTAH. R@K & Recall@K %233

Broad Specific
R@5 R@10 R@15 R@20 R@5 R@10 R@15 R@20
text-embedding-3-large
Retriever 0.4671 0.5639 0.5933 0.6277 0.6109 0.6957 0.7443 0.7692
+ QE (GPT-4.1) 0.4994 0.5735 0.6071 0.6297 0.6312 0.7059 0.7534 0.7817
~ AUTOEXP (GPT-4.1-nano)  0.5262 0.5735 0.5826 0.5912  0.6437 0.6787 0.6855 0.6889
AuToEXP (GPT-4.1-mini) 0.5219 0.5908 0.6127 0.6320 0.6776 0.7364 0.7500 0.7557
AuToEXP (GPT-4.1) 0.5671 0.6273 0.6385 0.6611 0.6731 0.7443 0.7658 0.7692
Qwen3-Embedding-0.6B
Retriever 0.4895 0.5628 0.5940 0.6069 0.6391 0.6946 0.7353 0.7432
+ QE (GPT-4.1) 0.4905 0.5809 0.6275 0.6275 0.6584 0.7229 0.7692 0.7805
* AUTOEXP (GPT-4.1-nano) 0.5185 0.5520 0.5746 0.5940  0.6210 0.6403 0.6448 0.6471
AuToEXP (GPT-4.1-mini) 0.5432 0.5692 0.6144 0.6176 0.6867 0.7149 0.7161 0.7229
AuToEXP (GPT-4.1) 0.5561 0.5951 0.6370 0.6370 0.7002 0.7262 0.7432 0.7455

3.3 Evaluator

Evaluator 1%, (1) Selector TEER| L /=3 XEE P
DR TV q OFMIEE S, &7z 3 28 f L
(Document Evaluation), (2) FAffifE RIS X HMRE
DB & RITHE H R ZXFHIEE % & o 72 i L
R— b Z4KT % (Report Generation).

Document Evaluation (DE). XS PICEEND
S pi \CDOWT, 7)) g it $ 5 I E Mg
5. BRI, Sh = EvaluatorDE([p,-;IEvaluamr;gq])
&Y, G pi ANz 3RHMIEE DR S, 24
KT 5. ZOBMFEZ PIZEEN2TRTONIC
75 2 8T, &im X7z $HiEE O RYNES
Sp=AS}.- .S/} 215 5.

Report Generation (RG). DE O aHlif5 R 53, 15D
X, WXES POFHEEE S, 27 3 MG i
L, #HifiL R— b r, RD1TE a € {[Search], [Stop]},
RiCEHE T HFHEEE s« 24EKRT 5. BRI,
z = Bvaluatorrg ([ P; Tevatuaor; Sq3 Spl) ZFEITT 5. X
B, z=(r,a,5") TH5. BEIIZ, a=[Search] D
GEGHEHMREHOZ =) 24T % 72, Planner
(3.4 fifi) ZFEUHF. —7/T, a=[Stop] F/zix—
DOMRBIELFEERIBUCERE L 581F, MRS
P 2 BRI R e LT NT 5.

3.4 Planner

33FITEFHE L R — b r 2 KICEH T 2 EHE
Hs ICHEDOE, MR/ ) g XS PDOF vy v
TR 570, sPICEHLIEERR ) ¢ &4E
B3 5. BAKIICIE, ¢° = Planner([7; Ipanner; 5™ q])
WEDEMBOLDD 7)) ¢t ZHERT 5. ik
Nz, 7)) ¢ VT EHOUNE 2 HETT 5.
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4 RER

RERERE

FT—=&ty . HEEBRFORENRE LIER
MDD T — &K+ v b LitSearch[11] % W T3
%. MRV D% 3 % i%E (Broad) & EKT
DEDFHX UYL WERE (Specific) 12771 T
i L7=. %7z, Extractor(3.2 i) O &HF| DT —
X+t k¥ LTScER [13] ZRH L. MROEH
R ~)LIX, Dataset, , DIFHETH
3. 7T—Xty b OFMIMTER B 2RI A0,
R—=RAF4 V., BT FILIRE (Retriever) & H5EE 3
527:DDHDHIAALET N E LT, text-embedding-3-
large ¥ Qwen3-Embedding-0.6B [14] ZRH L /=, X
51, GPT-4.1 Z W7 T VHRICE D S MR
(Retriever+ QE) % L FE e L THEL .
?NF L —Y =¥ . GPT-4.1-nano, GPT-4.1-mini,
GPT-4.1 # &L —Y =Y FOLLM ¥ L THERHL 7.
BHETNLOFMENER C ZZRI 0.

4.2 FHEFEE

AUTOEXP vs. R— 2274 >, £ 1 XD, AuroEXP
X Retriever & LL#E U CKRIEZRMREM L2 /RL 7.
F#1Z, text-embedding-3-large DIRK EAICBWTI,
RAK 10.0%DMEREM ERFER L. X5, 71
JEGR (+ QE) ¥ LEEE L T, AutoEXP iXIF A X D
BBV T, IOMFEEOSVERERZ R .
MR T VI T 2 CEADOTEEICE O E, H
BRI 0t X 2WET LT, Bz
VIR E D b RERUWENREZH/L I B TES.

Broad vs. Specific. % 1 XD, AutoEXP ! Broad ®

4.1
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K2 77—y a yERBRICIIRREREDOFM. £C
DFHi 7 — & (Broad 3 & T Specific) % X5 FHA L 7=.

R@5 R@10 R@15 R@20

Retriever 0.5735 0.6615 0.7051 0.7325
AUTOEXP (mini) 0.6372 0.6986 0.7143 0.7236
w/o Selector 0.5735 0.6648 0.7118 0.7409
w/o Extractor  0.6238 0.6819 0.6976 0.7076
w/o Evaluator  0.5802 0.6444 0.6833 0.7093
w/o Planner 0.6112 0.6643 0.6767 0.6808

RELBOTEDEEMRDPIREZ N 2302 5.
ZHUT 41 BiT/R LTz & 51T, Broad 1& & D MEEW
ML T e, MR ORENEE
B3I AN —EBEETHLI DI HEINS.
MHAARBLIIH T 22 32 FE. AutoEXP 13,
text-embedding-3-large 35 & I¥ Qwen3-Embedding-0.6B
IZBWT, Retriever # K& LRI Z2MHEEZRL 72
(F1). L7=2o5T, AutoEXP ORI ERIZ, KiE i
DIAARBUCHFE T —HL 8o h 5.

LLM OWRENMRICHG XA ZHE. K1 XD, LLM
DMHBEICIE U TRIKNBEMBOMERED K = { 21tk
T bbb, I, GPT-4.1-nano DYEEER L
(BAKTHEK 4.60%) 1% LT, GPT-4.1 13K 8.11%
DMERER EAEFER L 72, AutoEXP DR E % & At
355 2T, LLM OMREIFEELRER L WZ 5.

43 F7ITL— 3 EER

AUTOEXP (GPT-4.1-mini) Z X5 & L T, & T —
PxY bOMREIHET 5. kB, HHIAAET L
I, text-embedding-3-large % F TR L 7z.

#£2L5D, IRTOZ—Y = boMERER FICHE
L TWBZebrd. K, MRLZRXES
ZEHliT 5 Z e R IEERE THREREZED IR TS
& (w/o Evaluator), MZEMERERKIBICK T2 22
Mo, BERZ T VIS 2 CEHEA O 7R T2 P
L5 A THRRT 2 Z L 3IERICHERTHZ v
2%, ToIT, MBLETRTOMI 2 BIENMT
%554 (wlo Selector), MR EMDMEERE L < H72
5 Z R ENT. BENRHXRRIIBWT, @
U CEBERDEERBE 2RO Z 21X, FiT5%
[10] DT d—HT 5.

4.4 BHENGEDERLEZEZFOHR

ARHEITIX, AutoEXP O HEEM R KIEMZRIC L D
FEVEDA BT 2GRS 5. e, HDIABKET L
& text-embedding-3-large, X\ — R 7 £ ¥ X Retriever,
L E 7T AuToEXP (GPT-4.1) % Fi\\ T LitSearch
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O~ Retriever =l AutoEXP [ Retriever [ AutoEXP
0.66 - 071 =
0.6 ]
0.64 A
0.5 A
1n
20621 0.4 1
S
&J 0.60 1 0.31
0.2 1
0.58 1
O @} @} O
0.1
0.56 1
T T T — 0.0 u u
1 2 3 4 Q-1 Q2 Q3 Q4
# of Iterations Query Group

B3 DR LEBOEMIE S RBREEEDHEE (EX).
FEFRIZ AuToEXP TE L BRE N 1K=/ 1Y Q
EREILIEK TN —T (Q-N) ODMBRMERE (GX). #235,
7 NV— 7T Retriever 1Z 1 [A/2 IR EFEITT 5.

DT —X& (Broad & Specific) % XTHRICEFEM L 7.
DR LB oM RE . 3K ITHED
BLUEEZ  DOMBHBEDOHERE 2R T . AuToEXP
i, BEEZR#EDIR UREIC K D #EEED M B
2Zenbdrd. X512, MRERKD 1 BDEE
T % Retriever & LB L TEWHREER RT Z &0 5,
Selector {2 B 1} % i & X EHDEIR = Evaluator D JE/E
HIEDNRANHEREL TV B LRI N 3.

7 Y Z ¥ OMERERHM. 3K &b, AutoEXP
FEREMBEPNEIR 7 L) (02, 0-3)IZ2WVWT, K
&7 EREm L2 R L7z, — /AT, RIEEED ERRIC
L5 E (0-4), AuToEXP IC X 2EE IR ST,
Retriever £ AuToEXP DWW H{KWIKHETH - 7=,
MBEMRPBRERZTAR LRV e ZIEL
ELDODb, BMRAREURTETELT, 5%
Planner # R § 2 LEMI/REINS. Tz, HEE
MR RIEMBICBIT 2 7)) 0E L MBS ROE
W FEFNT VT, (15D 2SIz,

5 HHDIC

AT, MBIV ICE TN EHREIX
MREXZRKMRT2 WS HEICHSE, 72
EXEFESOTTEMEZ T L AR S HFRINCER X
MR T 5 AutoEXP ZHER L7z, MBL i E
BOFR MRS THMRREREDIET Z 2 T,
AUTOEXP 1XHE R 7 MRS 7 = VYRR & LB L
T, MBROMEEZ KB ET 22 2RL

SHOME Y LT, 44 HT/RLU X S Planner
DREREITONG. /2, BRRO7o—2K%E
LT, F#x—Y = r bO2eRK#EbE{T> 2 & T,
XORIMBEEBONIIRIET 2 TETH 5.
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_. 050
g ° LitSearch (Broad)
g 0.45 1 - LitSearch (Specific)
o 0.40 ®
g e —
[ ]
3 0.35 \. -
8 0.30 \. Y ® &
> \.
& —~—
= 0.25 A .\
3 o—o—g
w
0.20 T T T T T T T T
B Q "9 N “ Q » o
~ > > v v » 2 >
© N 2N - R S - B R
Top-K

B4 MRI/7TVICGENIEARIRPIMKRCEICEF
naHEA.

#F+ 3 LitSearch [11] DHiFIE.
JIVE EEXFEBI TV WHREK
Broad 155 1.17 64,183
Specific 442 1.04 64,183

A BREXSHVICEBRRDSH

MBI/ TZVICEEhIEERHERITERES Y
L— W, MRBRTHELNEXELEZITEDL BVWE
FNTWE Rl L7z, SEEREICET 2580
NERIZHFELET 20EHPICOWTIE, GPT-4o0-mini
EHOWTHELZ. M4 &b, MBHERES MO
i, MRV ICEThZEEREE R TIERL
T —=XDPEZL EENEAER L. HEER
MR LMICEENIHERIEN e, MBI/ T
VIZEFNZEERBEE XD ZLEETAHEACH
BEWVWRD.

B F—4tv D
MXBRDF—REy b, AKFETIE, LitSearch[11]
PRAWTERB XN &2 5%EM L7, LitSearch |3 5%
W¥EE B X UOCEHASHELE D (ICLR, ACL) %
WRE LT XBREZ Tl § 272D 7 —X+ v b
Thb. RIHITEERT.
FEfZRBhOF—%2 2y b, 32#ik D, Extractor
TIXICLIC X 2R Z ML 7. AT, B
XhHOERMEEHNE LT —&12y b TH 3
SciER [13] % ICL DA & HHle LTHH L. £4
WKF—Rty FOFEERERT.

C ETIODHRE

DN IR—RF A=K, YL FIT—T b d
DINTDETMCBWT, @ET =0, top-p=1.0
WERELE. 32 =27 08132048 2 LR &
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+R 4 SciER [13] DHfiET&.

Train Dev Test

Dataset 3,220 269 370
Method 11,424 1,549 1,890
Task 3,397 416 688

£5 HEAEMNLBEVEBELBRICESIIREI D) ONE
Y IREZAER OB, RIS Dataset £ Method 7R,

Retriever

Query Are there any examples of using dense phrase re-
trieval systems in the automatic curation of entity
dictionaries?

Title Learning Dense Representations of Phrases at
Scale

AuToEXP (# of iterations = 2)
Query What are the methods and evaluations for automatic
curation in knowledge base and entity dictionary

creation, with a focus on the use of dense phrase

retrieval and dense representation techniques? ...
Title Automatic Creation of Named Entity Recognition

Datasets by Querying Phrase Representations

L CAEM L. AutoEXP IZBIT 2 DIRLRED
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