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SIS TH I EG- F 4% MM T fE5.
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Multi30K (Elliott et al., 2016) 1 WMT2014 (Bo-

jar et al., 2014) . Multi30K J&—/~J 7z A
i MMT i, 1624 Flickr30k [ Z 5= .
WMT & — AN SCA ) 2155 NMT %
£. AT, FRATFE Multi30K 1) =Rk
X4 k17T EN — { DE, FR } BYRHIATE 55
Test2016. Test2017 Fl MSCOCO. FA{1iA1I14:
A EN — { DE, FR } £ WMT | {fi Hi >k
H Multi30K [ ZBSHE, AP IHZ81% T8
BRI HEWT. AT T RAEE WMT I 2545 AVT D
Multi30K A /)N, - [] Bp 45 56k Il SE AN
SCRRGRY . FRATTHE A100 GPU _Ei)l|45: GIIFT, {ii
M AdamW k% (200 s) . AP R/
64, RNy 20 (BYEEL) Alle™ (B
B 2). GAT Adapter A4 9 ), 5 M-CLIP E.F#H
[ 1 1024 4ERE. SCAFRMS KN S IR

2., SLPEST PyTorch il Huggingface Trans-

formers J&£, FA74) %3E i+ SacreBLEU (Post,
2018) il evaluate J% (Banerjee and Lavie, 2005)
45 BLEU (Papineni et al., 2001) 1 METEOR.
G =WEfTHF(E, BLEU 2RI IR
MR 5o TR FAs R b &5 R, W
SER T2 LR B e U .

2.1 Multi30K L8R

% 1 f1 2404 THE EN — { DE, FR } Multi30K
_I* BLUE 1 METEOR {y &l ERE L. FRAT
SELE DA LA :

(1) 38 1 08 B ok | BGOSR 1) 4R B R

W SRR 7 22 BRI A R0 TR Y GIIFT £
f i AL 2k Soul-Mix (B[ £ A 45 0 3 ) 1
BUR) BSEEL TR B e Se K, R
F +0.61(1.37 %) BLEU #1 +1.01(1.55 %) ME-
TEOR, Il T st T3 &= B ) Jo B 5
2 UMMT, #£7}7 +13.525(42.27 %) BLEU flI
+18.865(36.07 %) METEOR., 3 %6 H: 4k 457 2%
HEBXF, FEMMT (FENREEELK,

(2) X F T A5 4 PR Y 5 R TSz A ) S
GIIFT (ours) 157 3 i+ 5 AR 597 Ak Z LS IR
T IR P, GIIFT (ours™ ) SR 2%
HERE, 7E 6 WUEMETA 5 TARASFI 7 24 B 1A
V-, GIIFT (ours) #2377 GIFT (ours# ),
SEEHRE T +0.21(0.63 %) BLEU F1 +0.1(0.17 %)
METEOR. #{ltzF, UMMT 7% A BB 1
BT BE N, FYIEMET UMMT? () -
5.4(-12.76 %) BLUE A1 -5.45(-8.53 %) METEOR
(7l ZARSHERE ) .

2.2 {E WMT Fif&s

7£ Tab. 1+, CLIPTrans (Gupta et al., 2023) {f;
FHAB TG ER L, FRITRATERN
AT TR, I T T 5L 0w .
bl GIIFT (FRA1111), iXA~%ET mBART XL
M BT AR Stage 1 H97E Multi30K Il %%, 7F
Stage 2 H7E WMT i)l 4.

%3 WoR, GUFT (FA10) A& EIUS T
&% BLEU fil METEOR 434k, [RIBI7ERA
8 A Multi30K H iy R AT U 2R B 17 00 &2
FHER T GUFT (B A BB 1) X A8 - X 5
Uk T GIFT fyHghEE )7, AT A Bz 1k
SCPLRS R TC R HERE . AHEL 2, CLIPTrans
WTHERT B 1 ol R AE 5, SRR TERT B
2 Wl R RS2 S AT S R AR . R,
B 5T BE AR Y A T A5 4 B 52 2168 55 1 R
i, BHIE T H2# 21 Multi30K #58 H1H 1z 46
#] WMT. [k, CLIPTrans (¥ A BrBe1) i
F Wil Bty CLIPTrans, ifi %+ EN — FR
P, HPEREHE 2 N E S HE T mBART
24,

BT b F GIUFT H R 8 444197 %L
PE, ATWER THE Tab. 4 i Fil A 7E
EN — { DE, FR } Multi30K F{)FEM., &
A GIFT  (FRATHY) A i A 5 3 b i
FEPRAR IR B i . BRI T4 (GIIFT ( w/o.
gate)) ‘-3¢ BLEU il METEOR 734§ {2 3 R %%
X 58 1AL HIAE fil & 2 B A mBART
R A ER . AN, AMESES
27> i B (GIIFT ( w/o. Stage 1)) 233 ERE T
W, X B ) AT HET ) 2SR A BB
GIIFT (unfrozen) A4 GER] AT GIIFT (F&Aj]
), FFEEE T EAEE mBART. X581
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Model EN — DE EN — FR Mean A
Test2016  Test2017 MSCOCO | Test2016 Test2017 MSCOCO
mBART (NMT backbone) (Liu et al., 2020) 41.12 36.63 32.89 63.37 57.01 47.28 -2.08
MMT Model with Multimodal Inference
DCCN (Lin et al., 2020) 39.70 31.00 26.70 61.20 54.30 45.40 -5.41
GMNMT (Yin et al., 2020a) 39.80 32.20 28.70 60.90 53.90 - -5.14
CAP-ALL (Li et al., 2021) 39.60 33.00 27.60 60.10 52.80 44.30 -5.56
Gated Fusion* (Wu et al., 2021) 42.00 33.60 29.00 61.70 54.80 44.90 -4.13
Gumbel-Attention (Liu et al., 2022) 39.20 31.40 26.90 - - - -6.73
UMMT# (Fei et al., 2023) 37.40 - - 56.90 - - -7.68
RG-MMT-EDC (Tayir et al., 2024a) 42.00 33.40 30.00 62.90 55.80 45.10 -3.60
Soul-Mix (Cheng et al., 2024) 4424 37.14 34.26 64.75 57.47 49.25 -0.61
GIIFT (ours¥ ) 43.32 37.47 34.66 65.17 59.11 49.76 -0.21
MMT Model with Image-free Inference
ImagiT (Long et al., 2021) 38.50 32.10 28.70 59.70 52.40 45.30 -5.68
VALHALLA (Li et al., 2022) 41.90 34.00 30.30 62.20 55.10 45.70 -3.58
VALHALLA* (Li et al., 2022) 42.70 35.10 30.70 63.10 56.00 46.50 -2.78
UMMT (Fei et al., 2023) 32.00 - - 50.60 - - -13.53
CLIPTrans (Gupta et al., 2023) 43.87 37.22 34.49 64.55 57.59 48.83 -0.7
GIIFT (ours) 44.04 38.41 3494 65.61 58.05 49.72

Table 1: Multi30K |/ BLEU, A 25 “GIIFT (ours)” [JZEE, * FRERET, # 3 HE B cA
AFINZAMR AR, “GIFT (ours™ )™ {E—ANBr B I AR %4510 mBART 9E171)114%

Model EN — DE EN — FR Mean A
Test2016  Test2017 MSCOCO | Test2016 Test20I7 MSCOCO
mBART (NMT backbone) (Liu et al., 2020) | 69.59 65.07 60.15 82.40 77.63 71.58 -1.35
MMT Model with Multimodal Inference
DCCN (Lin et al., 2020) 56.80 49.90 45.70 76.40 70.30 65.00 -11.73
GMNMT (Yin et al., 2020a) 57.60 51.90 47.60 74.90 68.60 62.60 -11.88
CAP-ALL (Liet al., 2021) 57.50 52.20 46.40 74.30 68.60 62.60 -12.15
Gated Fusion* (Wu et al., 2021) 67.80 61.90 56.10 81.00 76.30 70.50 -3.48
Gumbel-Attention (Liu et al., 2022) 57.80 51.20 46.00 - - - -14.72
UMMT?# (Fei et al., 2023) 57.20 - - 70.70 - - -13.42
RG-MMT-EDC (Tayir et al., 2024a) 60.20 53.70 49.60 77.20 72.00 64.90 -9.48
Soul-Mix (Cheng et al., 2024) 69.93 63.59 59.94 83.24 78.23 73.48 -1.01
GIIFT (ours? ) 70.65 65.59 61.37 83.32 78.95 73.98 -0.10
MMT Model with Image-free Inference
TmagiT (Long et al., 2021) 5570 52.40 48.80 74.00 68.30 65.00 -11.72
VALHALLA (Li et al., 2022) 68.80 62.50 57.00 81.40 76.40 70.90 -2.92
VALHALLA* (Li et al., 2022) 69.30 62.80 57.50 81.80 77.10 71.40 -243
UMMT (Fei et al., 2023) 52.30 - - 64.70 - - -18.87
CLIPTrans (Gupta et al., 2023) 70.22 65.43 61.26 82.48 77.82 72.78 -0.75
GIIFT (ours) 71.08 65.88 61.66 83.65 78.36 73.86

Table 2: Multi30K /) METEOR. A /15 “GIIFT (ours)” AHILIYZERE . * FREEMAREL, # Fon i K
BRI SCAR PTG AR . “GIFT (ours? )™ FE—/NHr B A7 45 mBART HE471)11 %% .

Model EN = DE EN TR § = e
o0 BLEU METEOR | BrEU- METEOR- GIIFT AR D, B HAESEHES X &R
BART (backbone) (Liu etal, 2020) | 1558 4118 | 2650  52.06 N B .
ranIPTransa<CGu§t‘2\eet all.l,lzeoza3> 16.63 213 26.78 51.76 Jﬁﬁ‘ LSGs %ﬂ 1%5 W\&{/Yfiﬁﬁ jCZ'-‘E/‘J NMT
(wio. Stage 1) 1760 4281 | 2771 5338
GITFT (ours) 810 4388 | 28.70  54.58 T mBART,

(w/o. Stage 1) 17.79 43.01 27.89 53.45

Table 3: & ({07 LA WMT 5cfie Eagsiikiz g (1) LSGs 5145 GIFT £E% —Fi B tf MSGs 1)

. “(TEME )7 FRBRE G Multi3oK g ZEESHIRE Iz (b= E X R FE. 72K 3

%2 5 2. (LK) v, GIFT (FA1/)) #1 GIFT (%A B

Bt 1) #Bi ik MSG 5% LSG IE A b 35 T 23 1]

i “Ol’l”, ){i‘ﬁé‘n‘“—H‘ ;Hﬁ’ A g:z‘a %*‘%‘0

THEGEL L % mBART Sifis e AR L £ ?;ﬂmﬁzﬁgg%iigiﬁ;%%&%
BLEU fil METEOR ERBUH B2 FFE, I s gy s 2 s

T GUFT HEZRAE -] ZAGSFR RISz L (2) MSGs ISR | HAR 58— 35 AT

AT E B E R . ST RR AR, WIS,
() FREE LR, 03 () o, FRES
3 KRB A “dirt hill” HUA7 i3 52 % 1 GIIFT (4]

WIS B () A ER Sz )RR A MSGs B 2SI A HE B HER
HORPREES I () B e, ek 3 B GLFT (BUR B 1) Al mBART /SR
R LA SEREIZ: GUFT Gleffliy), PR dint”, (HPEAREEIRE, S
it LSGs M MSGs tha 3] Zizsaninpige  TTBESAERRIEn., ‘
TSRS TR RIGIZAL (RT3 #1 TSGs); (i) IR AEFD 3 (hE) v, MSG i
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EN — DE EN — FR
Model Test2016 Test2017 MSCOCO Test2016 Test2017 MSCOCO
BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR | BLEU METEOR
mBART (backbone) 41.12 69.59 36.63 65.07 32.89 60.15 63.37 82.40 57.01 77.63 47.28 T1.58
GIIFT ( w/o. Stage 1) 43.63 70.95 3776 65.49 34.47 60.81 64.91 83.07 57.71 78.01 48.95 73.20
GIIFT ( w/o. freezing) | 42.84 70.37 37.24 65.35 34.38 60.69 63.74 82.62 56.52 77.23 48.92 72.54
GIIFT ( w/o. gate) 43.50 70.95 37.96 65.11 33.85 60.21 64.14 82.61 57.58 78.00 48.59 72.90
GIIFT (ours) 44.04 71.08 3841 65.88 34.94 61.66 65.61 83.65 58.05 78.36 49.72 73.86
Table 4: £ Multi30K 15T . “GIFT (JoZR%s)” ZEWrB: | A AR 451 mBART 44iL#% . “GIIFT

(BB 1)” RAEBA BB TFOL N, “GUFT (Jol145)” RTEEA T R AR PR B A7 I
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Source A person rides a motorbike down a dirt hill. Many people are gathered to watch two men who are an instrument and A young man gets ready to kick a soccer ball.
Caption holding a sign.
Eine Person fihrt auf einem Motorrad einen Viele Menschen haben sich versammelt, um zwei Ménnern zuzusehen, Ein junger Mann macht sich bereit, einen Fuiball zu
Target Erdhiigel hinunter. die ein Instrument spielen und ein Schild halten. schiefien.
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hill. (BLEU: 100.00)) instrument and holding a sign. (BLEU: 80.32)) (BLEU: 100.00))
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hill. (BLEU: 29.85))

Viele Menschen sind versammelt, um zwei Minnern zuzuschauen, die ein
Instrument spielen und ein Schild halten.
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Ein junger Mann macht sich bereit einen Fuiball zu
treten.
(A young man gets ready to kick a soccer ball.
(BLEU: 55.10))
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Please analyze the image provided and construct a structured scene graph, adhering to the following guidelines, and repre-
sent it in a JSONL (JSON Lines) format:

1. Entities: List all significant objects or subjects visible in the image, which may include things, animals, or people.
Describe each entity in detail, noting their quantities, colors, and any distinctive features. Each description should be
distinct and consistent across the document to ensure clarity.

2. Relations: Define all pivotal relationships between the entities using tuples. Each tuple must maintain the exact
terminology used in the entities’ descriptions. These relationships should be expressed as triplets: [subject entity, predicate,
object entity]. Importantly, ensure that the scene graph forms a connected structure. Every entity appearing as a subject
or object in one relation must connect to another entity in a different relation, preventing any isolated nodes or subgraphs
within the graph. In cases involving an entity related to multiple others, such as being "between’ or ’consist of” them,
express this by dividing the relationship into distinct tuples using descriptors like ’is positioned between’ and ’and also
between’ to maintain clarity. Generate triplets with a subject, an active verb or relational word, and a distinct object. Each
triplet should clearly describe an action or relationship, avoiding states or implied conditions.

Avoid focusing on too detailed or minor elements that do not significantly contribute to the scene’s overall understanding.
Use active verbs that show a clear action or relationship. Avoid state or possession verbs like "have" that imply a condition
without a distinct action. Incorrect Relations Examples to Avoid:

1.["one person in red shirt", "one dog", "one cat"] (lacks clear action)

Correct Relations Examples of the above, the number of the example is the same as the number of the incorrect example:

1.["one person in red shirt", "is holding", "a book"]

Key Point: Ensure every triplet uses an active verb or distinct relational word to connect the subject and object, clearly
describing a specific action or relationship and forming a triplet.

This structure ensures that the scene graph is comprehensive and interconnected, accurately reflecting the dynamics and
layout of the scene. The response must strictly follow the JSONL format specified here and not include any extraneous
text.

This is a scene graph JSONL example response of the Example Image, the entity_descriptionsl1, entity_descriptions2,
entity_descriptions3, entity_descriptions4 and entity_descriptions5 need to be replaced by specific entities in the image.
The relation word1, relation word2, and relation word3 are also need to be replaced by the specific action or relation you
observe in the given image. Also, the number of entities and relations is not fixed. It should depend on the given image.
The following scene graph JSONL is just an example. You need to describe the real relations based on your given image.

{ entities": ["entity_descriptionsl”, "entity_descriptions2”, "entity_descriptions3”,
"entity_descriptions4”, entity_descriptions5], "relations”: [["entity_descriptions1”,
"relation word1", "entity_descriptions3”], ["entity_descriptions2”, "relation word2"”,
"entity_descriptions4”], ["entity_descriptionsl1”, "relation word3"”, "entity_descriptions5"]]

3

You must not include the word ’image’ in the scene graph JSONL. You must not copy the example above! You must
describe the entities and their relationships in the given image. Now, you must respond to the scene graph based on the

image provided! Straitly follow my instructions. Now what is the scene graph of the image?

T RTX A6000 GPU Kz 77 Liava-
34B. I XTEEAEN, RGME BB TS
fik, FEHEHET A JSONL A% 20 2E B b 5 K Y
BSHE . BATEH —AFEiPh A, HF
S AT AR R BEIHG & F 7 AL A0 A2 BT 45 A
1) ISG %t . FA TR E R 0, 1ENEZHE
BSRAUEFHA (MLLMSs) [ERARE, PASK
AT R R ) BE . AN MLLM FEIR N O
PR L JCVEAE s IR ZR g s, AR
P B)R R 0.4, FoATL 114 H MLLM 547
FIG AL EE, DARSEFRAT B 55 flid A it =
B, o A R T .
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B el bBAs By 5 MLLMs

Model EN — DE

EN — FR

Test2016 Test2017 MSCOCO

Test2016

Test2017

MSCOCO

BLEU METEOR | BLEU METEOR | BLEU METEOR

BLEU

METEOR

BLEU

METEOR | BLEU METEOR

LlaVa-7B 27.15 58.54 23.70 52.05 19.54
LlaVa-34B 25.30 58.76 25.16 55.58 22.04
mBART 41.12 69.59 36.63 65.07 32.89
GIIFT (ours) | 44.04 71.08 38.41 65.88 34.94

4777
51.53
60.15
61.66

35.67
40.25
63.37
65.61

65.57
69.47
82.40
83.65

3479
38.95
57.01
58.05

62.94
67.36
77.63
78.36

35.00 62.87
39.99 68.82
47.28 71.58
49.72 73.86

Table 5: 528 LLM BI LR .

AT A RTX A6000 GPU 3k 1 f] 5 T
Ollama ¥ Llava-34B #fiI Llava-7B, FX 1% H
LLaVA [y /b #¢ A< 4 #1955, a2 £ 1 A
Multi30K $EHU—/ N (B . SRR, H
PRl Bf) N R RBEAL AR 5 sk HURE B 1A
FHIAR A B H BR1E S . GUFT #1 mBART
BT MISEEY 6 (A2, /T LLaVA [
SRR NER, IR R AR S
L. GIFT #£ EN — { DE, FR } ELiiE] i
HEUAS T 5= A9 BLEU # METEOR 4341, &
FET mBART. X 2645 ESL T IRATBALY
AR, IR B HAT & F B 2R SRR
AT DA B K A LLM.,

LLaVA 2 firPAV% J5T mBART, FZLEK K
BRI FIEEA & A3 A 5 5 8 2 HE
PEOUALIY o BEAOHE T a7 B A RRAE 550 R A
Bt B SC, T mBART (R H %]
ZESEIERR SR G . AE DA
$ERT, LLaVA D25 K57 1l B AR A FR Y
B CE O, X AT RE S B 2 AR R
%o i)a, R LLaVA (8582, HEA]
TR RIIIEE; 1 mBART ST
FPAN B FES R, MIMAEX —E45 bk T
B iR PR MR 1

meE 22 (4) B, AT 5 AE GIIFT
(AT H¥E) IEMH SCAR S M5t B
SCRBGR R, WEREIEE T 0] 3, (HH “auf”
FeFik AT B, 1T GIIFT (VA B 1) 4%
BRHLRFHEH N “vor” KKk “J#IR”. mBART
KEEIERHEfRY 5, SECREHIRAL.

mE ?? () B, AT SEEEA GI-
IFT (ours) IF fifj 1o if A M SCAE B HE ) 240
WA E, W NBERERPIRSTIEA “has
gathered” AN/ B % H11%F “gathered” . GIIFT (
w/o. Stage 1) K AR BN I A FHITHIES “is
gathered” . B #R mBART i [ T IE# i £
HEMRA KB IEMEF S TR, 8w T “n
the park” XA EAEE, A IRMICAEMTE
“in the rain” JHFHAth, FECEEMARE SEFL.
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