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Bm=

KL TIE 7 XA E T =8 7% L ORI SIEE
FIV(ALLM) 2 NIRRT AT 7 A v Fa—=v )
T57 70 —F%RET S, 7, zero-shot 71
TP Z LM ICGEZ TS AT DI XU E T —
&I ART B, RIT, BB v L OIEHEE
PIHMEL, 2T U N EBHRETE 740
VU 7R, g, ERLETNUVNET—4
ty FPEHWTLIM %27 74 Y Fa—=v T3,
G REBRAER, BAEONT, BH N AL VOHARSEE
HEE, TXAMERD 4 DD TS A7 % WNRIHE
filisZhi 217\, REFEOEMEZ KT

1 FUSHIC

AR, KBRS 55 € 7 )L (Large Language Model;
LLM) 13tk% 2 AR SRR S R 7 TR L 7 418
ZRLTwS, —fkic, SEETLVOMMIIE, K&
Da—R" Az HEEE L, FHEE L e T
WERFFED TS A 7RI E27 74 v F 2—
ZV DB TG, LLM IZ8T7 X ¥
MK TH LD T AI DT 7 A4V Fa—=
Y TDIHEL Do 7253, LoRA(Low-Rank Adaptation)[1]
ZiH @ & 9 % Parameter Efficient Fine-Tuning (PEFT)
RIS FIEPREI N, LLM ORI R 7 7
AvVFa—=VIPRARRICKR S, 77 A4V Fa—
SV IE IS A 71T 5 LM OMRE% 1 E X
Y585 FETH LD, REDT VG ET—%
WRETH D, ZOWED A FHE L) RfE
HbLH D, FRCERCEMZ CHMEOE R X A
IZowTE, BEOT =5ty B3P HwI LI
Mz, 7 ANEFT—% OREEICEHMR D 246
WnRHY, 774V Fa— v It ohEDOIN
WA E T — & ORERDIHEL .

ARWIFETIE, LLM IZRED MY A7 D F N)L
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NEF—2E2ERIE, ZNEHVTLLMZ 7 7
AvFa—=v T3 7 70 —FE2RET S, LLM
R EIC Xk o THA AR Z UET 2 EE LS
N5, TFAZICHET 2HZ 7 &7 —
FEVHIHRINZR 7 +—~<y b THEHL, ZDH
k2 HOWTLLM Z Py A7 IG5 2 LI
£o7TC, LLM ORI EI¥ 22 L2H).

2 B9EmE

WA, TEFVHEWER LT =y 2HMAHL
TINNVANETFT—FINEDBHEZ R T 2 0%
DHEHSIN TS, Wang 5 1%, LLM H & 4K
L7f4 - A1 7 % T LLM @ Instruction
Fine-Tuning(IFT) % 1T 9 Self-Instruct & MEIX % J57%
ZREL TV 2] BT —%Xy P2HOLHE
B2 & T, [AF T Instruction Tuning & 4172 LLM
IAERTIRICPUR T 2 PERE 23R L 7 5 L T
%. Yeo b HCAERKT —% % M\ 7 self-training D
Pefla 2242 L, ACAR T — & i8R a3
Hwz ZETLLM OHRERM ET2 2 2R T
V3 (3],

—77, IFT DN RA B = R L %20 2058 17
HITW3, Ren 6%, BMELAFERT—% %
H\ 72 IFT 2 ™I, IFT I X 3 Mg A LA HifiZe
ARRDBEIMZ X 25D TIE %L, ETAPHATY
TR L 72 Rk R B2 FR I LTk D BAIIC
vz ks ns 2 ERTERTH 2 R 2 5
LT3 [4]. Alajrami 5%, 7—% %ty b2/ A4 X
PRGN AT 2 N Z 12546 O IFT ~D 2% 53 it
L, 7—% OE>mhoEsre 7 oifbike
WKRELSHEGT 5 LbRTW 3 [5].

AWFZEIE, FefTiige 2,51 MU & 912 LLM 2°H
SR L 727 —% % H\v %23, Instruction Tuning C
W7 STy A7 ofig 2 BEENICM LI 52 L
ZHMWIZ LLM O HCAE %2179, ¥£7, LLM 2°H
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1 RRTFHEOBE

QER LT =Y DAREHCT 774 v Fa—=v
THEITIFREICB VT, Y RA7OEBEPENT—¥
DWERLLM D7 74 v Fa—=v 52 35
B I HGEET 5.

3 REFE

3.1 BIE

HEZTMIAZICLLM 2GS E 3 L&, ZD
TWY AT DT RNUANET =D HFEL 2,
HHVIFETKDBOERNOAGAET S E0I)EHT
TLIMZ7 74 vFa—=v 233, RBEFED
WEEZX 1 ICRT, AFEE, (DLLMIZX % 7 X
WAESF Y TVDAER, 2 HEERY Y 7LD 7 4
VE) 7, 3) BOAERY v 7 v v LLM O
T77AvFa—=vy, OIBRBETHERINS,

3.2 FTHRYRY

KX T, 7—AAZ T4 LT, UMTD4-D
DY A7 I L CTIREFEZEHT 5.

RTE (Recognizing Textual Entailment; 7 = B8 R 25%)
1%, HiFE (premise) & K& (hypothesis) D 2 D D XA
Hzonk b & RIADVHHRZEET 205021
ETHTHY A7 TH D, HJ1E entailment F 72 1%
non-entailment D\ 3§ NN TH 3.

SA (Sentiment Analysis; /& (& 77 H7) 1%, 2 2 Tlx5
Z LN EENDPEEN D2 HET 25585 A
7 EEFT S, HJIIE positive F 72 1 negative D \»
TN TH S,

ContractNLI 1%, L EZ GRIC L EHRF XA
v O HA S FEHEG (Natural Language Inference; NLI)
A7 THAH. Hite & L THNE, kits LTl
DXBEzZ o5t %, MiE DR % entailment,
contradiction, neutral D\ T NI T 5. FA A
VIRHL L 723 Y A 71T T B IRETFIEDOE R
ZEHii S 572 DICNRY R 7 & L THEAR,

E2E NLG (End-to-End Natural Language Genera-
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tion) [6] 1%, EKFEI (Meaning Representation; MR) %
ANEL, Z2nZ2FHT 2HASTEXZERLT 5%
A7 ThH%. MR IBZEEAEDEELE L TLHA 6N,
CITBLARIVICBAT 2 MR 2525, 7% A
P S A 71T 2R ETFROAM: 2 G T %
72D RY AT & L TERAT,

3.3 INILHEY Y TILDER

TS A7 LLM 2 T 7 XL &3 7
WERABRT 5 FikzidRs, v 7V AEROEERICH
wie7ary 7 r B IOERL 2V v 7L oblE ik
AITRT,

RTE ZRAVDERLF—T—F25Z, ¥—7—

FIC B L & B BRSO T 2 i L I R 7
R EE B zeroshot D70 Y 7 & LLM IC5 2
5, 70X —7—F2525D3%KKkeY
VINEERT 5O TH S, Wikipedia DA T I
)4V %% —7— R &L, Research, Library science
MO A T 2B LTEF—7—FY X}
ZYERR L 72, A L 729 >~ 7 LIC 1 entailment D 5
)V EMNE5F %, —7, non-entailment D 7 )L A3
HI N7 1%, LLM THEK L 723 ¥ 7L ol
G E T v B AGE DY TERT 5.

SA BEFNMI A7 DELEEXF—TV—F 252, %
DF —7 — FICBHE T 2 &k 7 v B % i
AT 7ar 7 2525, BIESHIAZICO0
Tb7m Yy 7P M zeroshot £ 35, ¥F—7—F&L
CTHREME[D ¥ % > )L (Action, Historical 72 &) & 7 & X%
27 b (camera angle, function 7% &) DflA G HE % 4.
25, VX VINETARY MRIZZENZFIL30 L 58
ThHD, 30x58=1740fHlO*X —7 —FZ2 52 TH
YINELERT B,

ContractNLI YAV DEFREF—T—F%2 52,
FE D), K, IV EERT S 7 e v b
ZLIMICEZ %, 707 Fioneshot & L, 4
JRAHRD T _XVDFI% 1 D522, F—7—FEL
CTRTE ¥ A7 LA U { Wikipedia ® 47 3V %% H
W5,

E2E NLG MR 23O REFL 2+ 7 VO EEDE
#2572, MRE, ZRUCEEN2e2ToEES X
MEZKMEL 727 F AP 24ERT 5 L9 LLM I
BAR$2%, 7, ¥—7—F& L CTHH % (Tokyo,
London % &Y # 5.2, ZOHHEDL A 7D~

1) https://en.wikipedia.org/wiki/Wikipedia:Contents/
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34 ERYVTILVDOT7 LTIV T

LLM 2 & o THEK L 723 ¥ 70 DS E % FF-Af
L, ZOUMERHDEBRHNT 7408 v T &AT
I, AFETIZUTICBRS 3HED 74 V5 Y v
TEEEHGS,

EMEZ LYV YY RIEYAZIZBWT, ILEfi#

T X)L entailment D & F, AR L 72 8i{E & RELD
FRUEDME L & ZIZIE L WY > 7L Tl 2w il fE
PEDsEe &AL, BRESEEL b Ees v 7L
DHEET. Fiz, IEfiRT X)L DY non-entailment D
EZHPEPEMEL VR IV EERT. FH
RIZ, ContractNLI ¥ & 7 Tl¥, 7 X)L2? entailment,
contradcition, neutral D & &, Hi#E & RO FHBL D
WYY 7L, RGBT Y 7L, 05 IEWT Y S LE
%? Bl 1Z 7 NOVIEIZ 20% DY >~ L2 RN T 5

VICHRET 5. Hite & KFDOFPIEE X, RTE ¥ A
71ii%ﬂWﬁ%£&&?%$%&7me
ContractNLI ¥ A 7 “Clx % Sentence Transformer [7]
ZRHWTHDIARICEL, WZFD a1 P

WCEkoTRDL, B, TDO74LFY) 2 7IFSA
# A7 L B2ENLG ¥ A 7 IZIZHEH L 7\,
EREERI LTIV ALERLEY Y 7L0
T XA DERMERPENEE, ZOFTFAIEA
HATH Y, YR 7L Tk il E
W, 22T, AWM IWRTEIIL, TFRALsIIH
FNDRXHEFEDOFHERDEY 2 EFED R a7 &
EFKT S,

Score(s) =

N
1
v Z P11 v (w;|context) (1)
i=1

Z 2 CHEED FHIFER Py 139 v VAR W
7ZLLM Z W THET 2. 2D a7 HBHE T, M
Loy INREL, RO OV T NVIIERAT S,
T, 3, 8XZ 1805 3#DY > 7Lz 2 &
912, RTE TIiZ 0.85, SA T3 0.7, ContractNLI Tl
0.7, E2ENLG Tl 0.85 £ &E L 7=,

LLM @7 LTIV T B 7V EERL
LLM HHICZDY v P OEHEME% i X ¢ 5.
LT XA FOMBIPHRI TR, ATTEH
HOBARDBY A 7 OB 2T LT 50 E 9 IS
HHLUTHHT 2. #1213, E2ENLG ¥ A 712D\
TIE, ERXDBAN MR ICE £ 5 E-E%EAR
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Rl &% LLM I3/l S & %, FEfE i 1~
5D 5L L, SHIfED 2 LT oY v 7L % kRt
T35,

35 77AVFa—=vJ

LoRA[1] ZFH\T, 74V U THD T )L
EFT— Y 2HVWTLIMZ 774 v Fa—=vy
T35,

4 FRESEER
4.1 SEEREM

RETFHEOFMERD -0, NRTWY A7 DN
IRy F2—rF =%ty b E2HT S, RIE &
@%%ﬁ&xﬁ*owTuGum&y%v 7D
RTE[8], SST-2[9] 7—% % » b, ContractNLI ¥ & 7
22> Cl& ContractNLI 7— % % » b [10], E2ENLG
% A 7122\ Tld E2E Challenge Dataset[11] % % #1
FhHWS, 7 =%y bDT AT =7 DARH
ML, dl#f- BT =2 IZEHL 2w, 7= %y
F Dfiat 2R 1 ISR,

#1: Mt —% & v b OFEr

E2E NLG[12]
1,847

RTE[8]
3,000

SST-2[9]
1,821

ContractNLI[10]
1,991

LLM & L C Llama-3.2-3B-Instruct [13] Z 3 %,
3S5HTHRZZ XIS, 774 v Fa—=v iz
LoRA[1] Z 2%, “E£E /T X & 70 E ORI A%
B TiiN 3%,

FHlifEREE E LT, RTE B XN SA ¥ A7 T IEME
# (Acc.) #, ContractNLI ¥ 2 7 ClZIEfEER L <71
F1 227 (macroFl) x {5, ERXY A7 TH 5
E2ENLG % A 7 Tl%, Corpus BLEU, ROUGE-L Fl,
METEOR, ¥ X O\ BERTScore F1 % ZFlifgfE & 9 3%,

774 vFa—=v eI REIEEEA LLM
ZZDEFEFHVEITFEER—2I74 L, HEAE
WLy 7VEHCT 774 vFa—=v7T5
REFHR LW TS, £/, 74V5 )7 %7D
OGS, RoNIC3IEEDO 7 4 V8 ) v I FER
WH L 72856 % iKY %,

42 BREEER

HEdWR L=y 7, 8X0740v) 0
BOF IV EEEL2IITAT. LLMiMii7 4 V%
VU S TIIEIRENBA TV N DERY A 7T k-
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TRELHEL S, SATREL DY v 7 UDHIIRE
Nn%—J7, E2ENLG TR EA EDY VT35
INTW5, SA TIEAT & D RSEI R 23 HiK
HATE Y > 7V D24 D3I L9\ 2%, E2E
NLG D & 9 RS A7 TIE AT % #2474
HAEEHETH D, LLM I & 2 32411 E A58 L
Do TR H 5,
22 HERLUI-T TV

¥ TANEY) VIR

UZ:S iEUF? A RAESE LLM AT
RTE 1454 | 1,162 1,242 1,277
SA 3,480 — 3,108 2,243
ContractNLI | 1,434 | 1,145 1,032 1,422
E2E NLG 1,972 — 1,965 1,958

RTE, SA, ContractNLI ¥ A 7 @ FEEufsE % 3£ 3
IZ, E2ENLG ¥ A 7 D HEEfE R % &£ 4 2R 7.
ContractNLI TIZIEfER L <7 1 Fl £ CTREDES
WCRELRREHIPIRONG, ZNWETAMTF—=4IC

B9V THDOREH BRECZ ERHEKTH
D, FMIEEE LCld~ 270 Fl 52588 TH 5.
E2ENLG % A 7129\ Tl%, BLEU % ROUGE-L (%
EARIIZ A 3 7 MK 7Y, BERTScore 13 W EH % 7~

Lfma,:miliMﬁiﬁLhiﬁ%%i&
FKEIZIZ—L WA TYH, ZWRASIZEM L

TWARZ L ZRET 3,

WTNDYAZIZBEWTS, HEERY v 7 L%
w7 74 vF 2 —=v 20 & - CEMEifRE 3 A
ELZ EDHERTES, FRIZSAY AT TIE7 4
NIN TR LDI7A vV Fa—y I THR—R
A4V ERTIEMBERIN 028 K4 >~ FEER L,
ETNOWREE KIEICH EXE2 2 EBTEL, 2
DT EIE, PREAZICET 52 #H%Z LLM 25 5]
FHL, ZhZ2HAVTLLM 2 Ty A 7 I0#In
L7 70 —FDFELEERL T35,

ERY Y TV DT7 4V F ) v J 7 L (FT wo. FIL)
ET7ANZV VT HYDOFEEZHKT 5L, 21N
W7 407 v Ik TET VORI EET
%, LLMiHMiilic k374 0%V v 7E, SAZRAY
& E2ENLG ¥ A7 ClemOMZ R~ L TE D, Ff
ICSAZ AT TIE7ANI Y TR LDOFEEDE
MWRE WV, LLM I X 2 FHEFN I L2 74 L%
VY TIED I A7 THHERSY A7 THRIRINTH
5EEA5. ZNUHRT, ERERICLE 7401
FVY T, SAZATTIE74V8 VYT LD
FIEE D D IEMEMET T 24 L, Z2ORIHRIZIRE
WThH2d, M74N7)TIERIHY LT F AR
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F OFIGIEZ ST 223, ¥ A7 DEZRICH oY
YINTH LD E O TBRDOFMD ST 7 74~
Fa—=VIHODT—=Y D74 V)7 E LTH
UIch 2 AREMEDSH 5. BRE7 4 L5 ) v 7 k4
TOYAZICHHATE 2017 Tld% 2%, RTE ¥ A
27 D IEfER % ContractNLI D= 7 0 F1 T3 HE DI
EPFSNTWS, Py A7 I C 7wl 7 «
WE) Yy TFEERRELEHT S 2 EREETH S
EEZ5,

D bR, BEERT—2I1ICL5 774
Fa— VPR PEI AT BRI A7 Z DTS
KDY AZICENI@ S Z PRI N, =7
L, ZORIZY A7 ICKELMET S, AS-H
JIBIR DI LB W BHAE 72 # 2 7 (SA, E2E NLG) Tl&
ZRE LRI B3R & e —T, Sl EE
Hiik% %9 %% A2 (RTE, ContractNLI) TIXE€ 7 /L
DOYEREUGE X IREMTH - 7,

3¢ 3. Y 2 7 O IG5

RTE SA ContractNLI

Acc. Acc. Acc.  macro-F1
Baseline 0.4693 0.5356 0.4385 0.2125
FT wo. FIL 0.5235 0.8234 0.3651 0.2422
FT w. FIL(sim) | 0.5632 — 0.3134  0.2734
FT w. FIL(prob) | 0.5307 0.6881 0.2983 0.2577
FT w. FILdlm) | 0.4908 0.9071 0.4134 0.2376

FIL(sim), FIL(prob), FIL(llm) (¥ Z N Z3VHBIE7 4+ V5 ) v
7, BRI 4 vy ) v, LIMEHiic k27408 ) v
%Y. "wo.FILy 37402V v 7% LanTiEesET.

% 4: E2ENLG ¥ A 7 O EEffE R

BLEU ROU. MET. BERT
Baseline 0.0458 0.2138 0.4045 0.8768
FT wo. FIL 0.0874 0.2949 0.4693 09116
FT w. FIL(prob) 0.0881 0.2914 0.4712 009116
FT w. FIL(lm)  0.0910 0.2990 0.4743 0.9126

BLUE = Corpus BLUE, ROU. = ROUGE-L, MET. = METOR,
BERT. = BERTScore F1

5 HHbHIC

KX OEHMZUTICEF LD S, (DLLM 225 7
N ET=F LI B TIRSY A 7 DA% 5
EHL, ZNETWICLLMZ2 7 74 v Fa—=v 7
TB5IET, TMYAZIZNT 5 LLM DMERE % 19
B THEERRE L. QOEI A7 - ERSY
A7, FRAAVIZFHMLL 9 2 7 2 E&T 4 DD T
&xﬁ*ﬁwf%%%&%%@b,%@ﬁ%%%%
BRIICHERE L SHOMELE LT, 4% LLM
%mwt@ﬁiﬁ%,imﬁyfwwﬁﬁﬁﬂm@
bz &% o s,
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RTE, SA, ContractNLI, E2ENLG ¥ A7 D4 >~ 7

o

NVEBICHWE 7y 7y, oK INn

VINLOREK2,3,4,5 I FNFIURT.

(FAy7h)

RTE task requires to recognize, given two text fragments,
whether the meaning of one text is entailed (can be inferred)
from the other text. Give 1 example of textl containing the
word ’{{keyword}}’ in this task. Text 1 and Text 2 must be at
least 20 words and must be natural sentences.

textl:

(ERBI: keyword=“Research’)

"New research suggests that the key to a sustainable future lies
in reducing our carbon footprint." text2: "Studies have shown
that reducing carbon footprint can lead to a more sustainable
future."

X 2: 7'v v 7k EERY V7V (RTE)

(FAav7h)

SST2 task requires to classify the sentiment of a given text as
positive or negative. Give 1 example of a text containing the
word ‘{{keyword}}” with (positive|negative) sentiment. The
text must be at least 20 words and must be a natural sentence.
text:

(EHBI: keyword=“Historical_function”)

I was completely swept up in the cinematic experience of
"Schindler’s List" as a historical drama that masterfully hu-
manizes the atrocities of the Holocaust.

X 3: a7+ EERY Y 7l (SA)

(Fay7h)

ContractNLI task requires to determine the relationship be-
tween a premise and a hypothesis. Give 1 example of premise
containing the word ’{{keyword}}” where the hypothesis is
{{label}} to the premise. Premise and hypothesis must be
at least 20 words and must be natural sentences. Format:
premise: [text] hypothesis: [text] label: {{label}}.

Example:

premise: {{premise}}

hypothesis: {{hypothesis}}

label: {{label}}

Now generate a new example:

(ZEREBI: keyword=“Oceanography”, label=*1"(neutral))
premise: "Oceanography", as a science, is an interdisciplinary
field of study that deals with the physical and biological aspects
of the Earth’s ocean and its interactions with the atmosphere
and the sea floor.

hypothesis: Oceanography is a branch of geology.

label: 1

X 4: 7a v 7 b LAYV 704 (ContractNLI)

B 774V Fa—=V DM

LoORAD TS v 7% 8 AT —VV I 7775 —
32, Fay 772 FFE%EZ 005 IT&E L 7.

— 2679 —

(FAav7he)

You are generating E2E NLG training data (Meaning Repre-
sentation — Text).

#it# Task

Given a Meaning Representation (MR) with restaurant/venue
attributes, generate a natural text description.

### Keyword to incorporate

"{{city}}"

### MR Fields (use ALL of these fields):

-name: Restaurant/venue name (MUST include "{{city}}" in
the name, e.g., "{{city}} Cafe", "The {{city}} Restaurant")

- eatType: One of [restaurant, coffee shop, pub]

- food: One of [Japanese, Chinese, English, French, Italian,
Fast food, Indian]

- priceRange: One of [cheap, moderate, high, less than £ 20,
£20-25, more than £ 30]

- customerRating: One of [1 out of 5, 3 out of 5, 5 out of 5,
low, average, high]

(g )

### OUTPUT Requirements:

- Write exactly ONE paragraph (2-3 sentences, 30-50 words).
- Mention ALL fields from the MR naturally.

- Do NOT add any information not in the MR.

- Do NOT use bullet points or lists.

- Write fluent, natural English.

### Output Format (STRICTLY follow this format):

"name": "..", ueatTypeu " "food”: "...", "priceRange":
nL "customerRatmg L ”area "L "fannlyFrlendly
" "near: "'}

text [Your natural text description here]
Generate exactly one example now. Output ONLY the json
and text blocks, nothing else.

(FERBI: city=*Tokyo”")

" ", nn,oonn

name ""Tokyo Sushi Bar"", ""eatType"": ""restau-
rant"", ”"food"" "™ Japanese"", ""priceRange™: ""high"",
""customerRating"": ""5 out of 5"", ""area"": ""city centre"",
HﬂfamllyFrlendlyHH HH HH’ Hﬂnearﬂﬂ Hche [I'aln Statlon"ﬂ}

Tokyo Sushi Bar is a hlgh end restaurant located in the heart
of the city centre, offering exquisite Japanese cuisine. With
a S-star rating, it is a popular spot for foodies who want to
indulge in premium sushi. However, it’s not family-friendly,
so0 it’s best suited for a night out with friends.

X5 7vav 7 b &Y v 7Bl (E2E NLG)

BT AP R @ JE 1E Query projection(q_proj) & Value
projection(v_proj) D 2 J&§ & L7z, FEH T X =413,
Mﬁi%lxm4 IRy 7% 50, Ny FHAX
ICRE LT, £, 7=V =AMy EV /%2l
Fﬁ L, FiIEE % train_loss, AAMMEE (patience) % 10,
/NS B (min_delta) % 0.001 ICEREL 72, Zhb
DFE L, RTE, SA, ContractNLI, E2ENLG D4 T
DY AT TIETH 5.,

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



