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Introduction

¢ Knowledge Graph

& Knowledge Base (KB): & [H&0] ZHIE Haiot HIOIEIQ &E, (entity-relation-entity) 2E & E 50| HH HIOIH
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WiKIPEDIA

The Free Encyclopedia

WIKIDATA

"Dogs", "is", "Animals")

"Cows"™, "is", "Animals")
“"Animals", "is", "Living Things")
"Plants™, "is", "Living Things")

"Herbs", "is", “"Plants")

e e e

"Cows", "eat", "Herbs™)
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(a) Language Model Prompting w/o Knowledge Augmentation

[Prompt]
Question: Which member of Black Eyed Peas appeared in Poseidon?
Answer:

[Generated Answer]
Tariq Ali

(b) Knowledge-Augmented Language Model Prompting

Knowledge Graph

Musical
Group

L
. Cast member . Has_part
Poseidon Fergie

. ;
[Prompt] Retrieval
Below are the facts that might be relevant to answer the question: ¢
(Black Eyed Peas, has part, Fergie), (Black Eyed Peas, has part, Kim Hill),
(Poseidon, cast member, Fergie)
Question: Which member of Black Eyed Peas appeared in Poseidon?
Answer:

[Generated Answer]
Fergie

J.Baek et al. "Knowledge-Augmented Language Model Prompting
for Zero—Shot Knowledge Graph Question Answering.“ACL. 2023.
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¢ Multimodal Reasoning
& LLMO| Crst

& QAE 85171 ol OI0IXILE KGUHIM =

& XZ0= 0I0IXIC KGE S0 22

=) HSE 010X LLMO] AFHXIMBIOZ i 251

Explain the advantages of
this product.

The audi e-tron quattro concept is a
plug-in hybrid electric sports car
that has a range of 310 miles and
can accelerate from 0 to 60 mph in
just 4 seconds.

&

Question (Text) + Image

SEol HE SEHOZ 0lolot FE6t= 53
HE

Q3 HHE X301, 1Y HEE S 2R VS &= 1Y
=ts0l Ho|S S (multimodal QA) 20| 20| S5 D S
Sl= mes gws 4 9l

(b) Knowledge-Augmented Language Model Prompting

Knowledge Graph

Group Hil

Poseidon Cast_member Fergie Has_part Black

Eyed Peas
[Prompt] Ret rleval
Below are the facts that might be relevant to answer the question: ,
(Black Eyed Peas, has part, Fergie), (Black Eyed Peas, has part, Kim Hill),
(Poseidon, cast member, Fergie)
Question: Which member of Black Eyed Peas appeared in Poseidon?
Answer:

Sem=”

[Generated Answer]
Fergie

/TQuestion]

i What are the representative colors of the team
! that the basketball player associated with this
’\image played for?

team alias —)O ]
Los Angeles Lakers | :

(b) MR-MKG: Multimodal Reasoning with Multimedal Knuwledge Graph

Kobe Bryant Black Mamba

draft team  subclass of [

[Generated Answer]
i Purple, gold

Charlotte Hornets snake |

Question (Text) + Knowledge graph

Question (Text) + Image + KG
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&9 Limitation
& B DEDE/(text)E FME KGE A2 HEJI QT QAE £86H| M=
& 2FE A2 HEIHLLMO| A TIA0 SUALE IS E OI0IXI0 ZEHEIXI 842 H hallucination0] gt 2 AS

e EIAEQLO|0IXIS SH 223t Multimodal KG (MMKG)E AF26HH LISt HEHO| H2S [ H&sHH tHEE
(a) Previous KG-Augmented Framework
TQuestion] ™ “[Prompt] ]
What are the representative colors of the ~—— (Kobe Bryant, alias, Black Mamba), (Kobe
team that the basketball player known as | Bryant, team, Los Angeles Lakers)

‘the "Black Mamba" played for?
LDsAngElEs Lakers )

{ What are the representative colors of the
! team that the basketball player known as

“the "Black Mamba” played for? ./
team

Kobe Bryant G
;O— alias —DO @ =

draft team Black Mamba | |@| =y /[Generated Answer] }
5 Wellow %

‘. CharlotteHornets ... .~ LM

(b) MR-MKG: Multimodal Reasnmng with Multimodal Knowledge Graph

1 [Questmn]

i What are the representative colors of the team

) that the basketball player associated with this
1mage p]ayecl for?

Kobe Bryant Black Mamba

team m'm.\ ,'
Los Angeles Lakers | e

draft team  subclass of

mmnu

‘m N {[Generated Answer]:
i Purple,gold " |

LLM

"._ W Charlotte Hornets  snal
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@2 Multimodal Reasoning with Multimodal Knowledge Graph (MR-MKG)

& MMKGE 2g
& ufoy Ey
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FE MHINM 71Z 718 [HHl 248t &

/ 5 & Frozen l~ Tunable \
[Question]
What are the representative
colors of the team that the -
basketball player associated
with this image played for?
Text \
"ﬁs-\-; Black Mamba [{
21 Nl of fl’
Kobe Bryant - '\C
team 1 ~
i snake
Los Angeles Lakers h K
Retrieved MMKG ;
[ 3 i,
= ]
Image . J

2+ [|0|E 4 (MMKG-grounded) & TIotet

.5

I5S;

LLM

Generative Loss L
+
Alignment Loss £,

Y

N

Snake (Positive)

Kobe Bryant (Neallve)
Cross-Modal Alignment

Anchor "\.“

Figure 2: The overview of our MR-MKG approach. Text, multimodal knowledge graph, and image are independently
embedded and then concatenated to form prompt embedding tokens. A cross-modal alignment module is designed

to enhance the image-text alignment through a matching task within MMKGs.
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&< Overall Architecture
& ZHZEDIEIY LMHZS FEo0t)] Yol Ml JHe 213 H FZE(Language, KG, Image)E AHSEt
& M UL S ST LLMO 3 (prompt) 22 AL, 01 Sol LLM2 ZEIDY HEE 28 JisE
& MMKGH IXIst 0I0IXI-HAE AW 2t IHAS sH&5610] ds

e

& A2 (Cross-Modal Alignment)

/ & Frozen 6‘ Tunable \

[Question]

What are the representative
colors of the team that the -
basketball player associated
with this image played for?

E.=

— (&}

Language
Encoder
A 4
I

Text L J LLM
AR Black Mamba (@ h
LAKERS <
i }'Q\ Generative Loss L
alias ) 5] v g
subclass of 2 = “fC +
Kobe Bryant - 7 E -] A l) Al Loss £,
team [ ke fis) ﬁ 4 ignment Loss L,
Los Angeles Lakers __a
Retrieved MMKG > / L -
= ‘_‘— --------- S _n-z-;ke (Positive)
& i Anchor -
L._l} i Kobe Bryant (Nea(lve)
=
L gl Cross-Modal Alignment
Image - J

Figure 2: The overview of our MR-MKG approach. Text, multimodal knowledge graph, and image are independently
embedded and then concatenated to form prompt embedding tokens. A cross-modal alignment module is designed
to enhance the image-text alignment through a matching task within MMKGs.
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@2 Language and Image Embedding
& 20 LML 2 AXEEE LLMO embedding layerE QI3HE &8t
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& Frozen Aj Tunable \
[Question] oy
What are the representative X @ @ O @
colors of the team that the ‘ & § > = &
basketball player associated g 5
with this image played for? | — = ' I@I
Text LLM
ﬁ’ﬁ&m‘»; Black Mamba
d ’ Generative Loss L
o subclass of ) 4
N +
/8; Brym‘> '\9 Alignment Loss £,
P o . — Wi Xi 4 b (1)
Los Angeles Lakers ;a
Retrieved MMKG HrH]
\s_, ............. -® H} = Softmax( LYH; (2)
=1 Snake (Positive) v
chor ‘\\ . .
- % where dj. represents the dimension of Hp, and Wy
Kobe Bryant (Negative) . . .
CrossModal Alighmiet represents the trainable visual adapter matrix.




@ Method

¢ KG Embedding
& KG LHIZ2 ZHAH J1H T {HIM RHOI RGATE 288 (& ¥ AT LHIE 2 CLIPE Sl £JI3H)

& RGATE ZHH R¥I 0I1R =20 EMS & 11246101, SRt 0|2 FEE MEHO=E HAE

a1 H3 o == . . R hl(lfl) _ Z aElrl z 1)h(l 1) “)
& EAEKG LIPS M Het I HEIME Soll, Questiondt ZHEE Sy LLE HHE 2X8t vl 4
j T
hz(l) — Z h(l 1) (5)

¢ Frozen % Tunable

| [Question]
| What are the representative
| colors of the team that the -

’ @@ where Wr(lil) denotes a learnable weight matrix

B
Language
Encoder
b
£
2(d. |
=

basketball player associated |@| ' for each relation . In addition, We apply multi-
 with this image played for? head attention to the aggregation module in (4)
Text and concatenate its outputs. After this propagation
/ﬁb% Black Mamba module in (5), we use layer normalization with
N 7 1 Generative Loss Ly learnable affine transform parameters.
/kc'ﬁ Bryant =) '@ :CC . %
am W lzike Cﬂ ) ¥ Alignment Loss £,
e SN Hi = Wk - Xk + bk )
Retrieved MMKG - 4 — , Q HIT(
a*"““““é’n‘;;;gsmve’ H K — SOftmax( \/GT )HK )
Anchor k
—

o B\Q’(‘N - where Wi represents the trainable knowledge
N[ Cross-Modal Alignment adapter matrix, and Q corresponds to either Hp

or H;, based on the specific scenario at hand.

Image

Ishiwatari, Taichi, et al. "Relation—aware graph attention networks with relational position encodings for emotion
recognition in conversations." EMNLP 2020. 8
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&< Loss function

AH A4 SF
co=

1>

& LLMOI auto-regressivedtll EHE Q-2 Causal Language Modeling (CLM) lossE AtE&
@ MMKGO 0I0IXI '=E A0l Z23t semantic BEE 271 oH, Triplet lossE 2E%8t

& MMKGH Z&HE 0[01XI= CLIPOI AHMHl sHE0HX| 252 E2HEJI 20, MAE AWM 0| 2RE

% Frozen @ Tunable

[Question]
What are the representative

SRS

L

Language
Encoder
A4
Qe

colors of the team that the ‘ 3
basketball player associated I @I
with this image played for? Lg = E log p(Ai |pr0mpt, Ag;i_l X 9&) (7)
Text . LLM i=1
A Black Mamba A
fidiis
¥ 5 Generative Loss Lg
alias S ) v
/O/ -—) > :(C +
teaim KObiBrym‘ it H /) Alignment Loss £, M
oA Lo =" max(d(za, 1) — d(xa, zn) + ., 0) (6)
Retrieved MMKG < N < :
= <O . . .
s % Snake (Positive) where d represents the Euclidean distance, M is
-—) > O‘N the number of selected image entities, and « is a
i) R constant used to ensure a certain margin between
gl Cross-Modal Alignment . . i
the distances of positive and negative examples.
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¢ Knowledge Retrieve Schemes

QIBE HAE = 0|0IKIS IO,

y =

000

E& tripletil M SETt entityE S

| [Question]

| What are the representative
E colors of the team that the

| basketball player associated
i with this image played for?

Text

3}4“; Bl\ck Mamba

A?:Bn ant
snake

Los Angeles L\kus &

Retrieved MMKG

Image

=l MMKG MY
HH MMKGUILM queryQt SAFstH &2f nJH 9 tripleS 1Kt 2
O MEIMNIZE TZEGHY, T queryt A E tripleS Top-NOE M

Eigt (re-ranking)

Given a query g (text or image) and a multimodal knowledge graph G with triples {(hj,?‘i,t-g)};:‘il:
. Embedding:

q=Enc(q), T:=Enc(hir,t) Vie[l,M)]

. Similarity Computation:

s; = cos(q, T;) Vie|l, M|

. Top-n Triple Selection:

= TopK({(h:, ri,t:)}, {si},n)

. Entity Set Extraction:

&' ={hut| (h,r,t) e T}

. Subgraph Retrieval:

G' = Subgraph(G, £', one-hop)

. Re-ranking in Subgraph:

T; = Enc(h,j, Tjs tj), 5; = cos(q, T;) \u"(hj-,rj, tj) g

. Top-IN Final Triple Selection:

Tw = TopK(G', {sj}. N) 10
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Experiments

¢ Datasets
& ScienceQA: (1220 mat 2H LZ-H
& MARS: LAteH 2 IS FEol=
& ZiZol HIOIE A0l X Etst MMKGRH Ma

Question: Which type of force
from the baby's hand opens the
cabinet door?

F

F

lOptions: (A) pull (B) push

=)

H HIOIEMC2Z, 48.7%2] HIOIEJL 0I0IX] 228 E&t

F FEHOHXCZ, A4
rKGeh= XA O E 0188

-°->[Answer: The answer is A.

Context: A baby wants

to know what is f
|
R <
0

inside of a cabinet.

Her hand applies

a force to the door,

and the door opens.

BECAUSE:

L HAE =2

[ S

(Lecture: A force is a push or a pull that one

object applies to a second object. The direction
of a push is away from the object that is
pushing. The direction of a pull is toward the

kobject that is pulling.

J

Explanation: The baby's hand applies a force to
the cabinet door. This force causes the door to
open. The direction of this force is toward the
baby's hand. This force is a pull.

Question Answering

OIOIXIZ HMAIE

Single Analogical Reasoning Blended Analogical Reasoning

(T ) = (T D) (I Te) (T 1)

(Albert Einstein) (Young Einstcin)

identical to

Nikola Tesla
(Th, T) : (I, ?)

correspond to

(Luogeng Hua) :
same relation

Young Tesla

Gauss

(Luogc Hua) (Albert Einstein)

Mathematician

Physicist

Analogical Reasoning
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¢ Qualitative Results

. = =0 = H= = A=} 1! watercri! =0 s o= rl o = =x = =8
MARS: KGE AIZ0HX] 2™ 2= OI0IXIN E&E H0E 210 2t GIZ0HKIEH HIoH A2 MMKGOHIM 2ZHEE BIAEES X0t SHIEH HEE
& ScienceQA: KGE AH20HX| 4™

===

F(state)2] DYS QIAGHX| Zoll ZZE HZS OHXITH HIH A2 MMKGH M 2 E

 Analogical Example:

: has use O

[ ) W .- >

‘ dgtz . rebuttal

; Predlcnnn Pair: ‘\\ " has guayy; 9
\ ;
\ subclass of
! . . . ) Nl :I (:cmbustmn

has part

1 - fas use il uses

3 ' X coal' fossnl fuel su b(‘fﬂ ss.of \coal

“\ Combustlt;ll'; :: subclass of “D @y

"""""""""""""""" ~ | oxidizing agent oxygen

17'7"7"7"77:77:7777777777777777“\I "

/Model Prediction: o i S b | Model Prediction: |

i No KG: wate il i . |

‘ : —)(‘ i |1 No KG: (d) 1dahe

i MR-MKG: v i water ' | MR-MKG: :
|

Retrieved sub-MMKG

Retrieved sub-MMKG

Case A: MARS Task Case B: ScienceQA Task

Figure 5: Two examples from MRAS and scienceQA datasets. In case A, the model needs to predict coal based on
an Analogical Example and the image of combustion. In case B, the model needs to select the correct answer based
on the image and the question. Relevant entities for reasoning are marked in orange or highlighted with a red box.
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O Experiments

¢ Comparison with state of the art

& ScienceQA: closed-source, open-source, adapter based &St HIW6I0] BZHOE JHE =2 AccuracyE 24t

@ MARS: LLME AIZ0H| 2 MSHQ &S [Hl 8501 =10, LLMS AHE5HI 2 MMKGE AHE0HK] 22 LLaMA [HHl 8501 =2

Method #T-Param Subject Context Modality Grade Average Method Hits@1 Hits@3 Hits@5 Hits@10 MRR
NAT SOC LAN TXT IMG NO Gl-6 G7-12 IKRL (Xic et al., 2017) 0266 0294 0301 0310 0283
Human (Lu et al., 2022) - 90.23 8497 8748 89.60 87.50 88.10 91.59 8242  88.40 TransAR (Wang et al., 2019) PR e
GPT-3.5 (CoT) (Lu et al., 2022) - 7544 7087 78.00 7468 6743 7993 7823 69.68  75.17 RSME (Wang et al., 2021) 0266 0298 0307 0311 0283
GPT-4 (Liu et al., 2023) - 84.06 7345 8736 81.87 70.75 90.73 84.69 79.10  82.69 MarT_VisualBERT (Li et al., 2019) 0261 0292 0308 0321 0284
MarT_ViLT (Kim et al., 2021) 0.245 0.275 0.287 0.303 0.266
UnifiedQA g, (Lu et al., 2022) 223M 7100 7604 7891 6642 6653 8181 77.06 6882 7411 Mar'T VILBERT (Lu et al,, 2019) 025 0312 0327 0347 092
UnifiedQA g, 5.(MM-CoT) (Zhang et al., 2023c) 223M 87.52 77.17 8582 87.88 8290 B86.83 84.65 8537 84.91 MarT_FLAVA (Singh et al., 2022) 0.264 0.303 0.309 0319 0288
UnifiedQA 4,4 (MM-CoT) (Zhang et al.,, 2023¢)  738M 9591 8200 90.82 9526 88.80 92.89 9244 9031  91.68 MarT_MKGformer (Chenctal . 2022b) 0301 0367 0380 0408 0341
LLaVA (Liu et al., 2023) 13B 90.36 9595 88.00 89.49 88.00 90.66 9093 9090  90.92 Visual LLaMA-27B 0286 0373 0409 0457 0347
LLaMA-Adapter (Zhang et al., 2024a) 1.8M 8437 8830 8436 8372 8032 86.90 8583 8405 8519 MR-MKG (Visual_LLaMA-2 7B) 0405 0465 0497 0531 044
LaVIN-7B (Luo et al., 2023) 38M 8025 9494 8524 8851 8746 88.08 90.16 88.07  89.4l
LaVIN-13B (Luo et al., 2023) 54M  89.88 9449 8982 8895 87.61 O1.85 9145 8972  90.83
MR-MKG (FLAN-T5-3B) 77M 9067 8538 8645 90.96 8746 8739 9027 8523 8847 Table 2: Results on the MARS sest set. The second segment:
MR-MKG (FLAN-T5-11B) 248M 9493 901 90.55 9453 9212 922 9383 o909 w27y  multimodal knowledge graph embedding (MKGE) meth-
MR-MKG (FLAN-UL2-19B) 248M 9574 9033 9200 9550 9241 9331 9398 9301 9363  0ds. The third segment: multimodal pre-trained Transformer

(MPT) methods. The fourth segment: MR-MKG. MarT indicates
that models are pre-trained on MarKG. Visual_LLaMA means

Table 1: Results on the ScienceQA test set with accuracy (%). #T-Params = number of trainable parameters. ' A : :
that LLaMA is equipped with a visual adapter.

Question classes: NAT = natural science, SOC = social science, LAN = language science, TXT = text context, IMG
= image context, NO = no context, G1-6 = grades 1-6, G7-12 = grades 7-12. Previous SOTA results are underlined.
The second segment: Zero- & few-shot methods. The third segment: SOTA and representative models. The fourth
segment: Parameter-efficient methods. The fifth segment: Our MR-MKG results.
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&< Ablation study

& MMKGE &80t0{ Cross-Modal AlignmentE t&ot= W0 JHE 1Y

& OI0IXI 2SS0 ZekE ScienceQA HIOIEHANM 85 et =0| O S =218 £ US

& QATLIOIEHAO E4a B2 TIA0| MAEN ZEEIN USSR, HAEDS 610 MEIHIZE ZMots WA0] JHE 2 MY

Settings NAT SOC LAN TXT IMG NO G1-6 G7-12  Average LLM Method ScienceQA
Visual_FLAN-T5-11B  88.45 81.89 8409 8847 86.51 8551 8675 84.64 86.08:000 Text-Only 0278
+KG 93.78 8864 8955 9335 9047 91.08 9277 89.65 91.74uss66) FLAN-TS-11B Image-On] 01.58
+MMKG 9423 8920 90.00 9394 9177 9143 9339 8985 922lke13 T mage-Unly :

+ Alignment 9440 8954 9009 9418 9198 9150 9332 9038  92.36w62) Text + Image  92.03

+ Pre-training 9493 90.10 90.55

9453 92,12 9220 9383 9090 92.78¢:670)

Table 3: Ablation study on the ScienceQA test set. “MMKG” indicates using MMKG to replace KG.

Settings Accuracy (%) on samples Settings Hits@1 on MARS
:_Il;LglfFLAN-TS-l 1B gg;zzﬁ:g; Visual LLaMA-2 7B 0.286+0.000)
+ MMKG 91.7805.19) +KG 0.3520.066)
+ Alignment 92.32(:5.73) + MMKG 0.381+0.005)
+ Alignment 0.394+0.108)

Table 4: Ablation study on the samlpes.

Table 5: Ablation study on MARS fest set.

Table 6: Average Accuracy(%) with different subgraph
retrieve methods on the ScienceQA test set.

Model Design ScienceQA MARS

FLAN-T5-11B GNN 92.23 39.1

JLLaMA-2 7B GAT 91.94 39.6
RGAT 92.78 40.5

Table 7: Impact of different KGE architectures. The
metric is Average Accuracy and Hits @1, respectively.

14
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&< Limitations

ESHI2 LLMIM 5 IOl taskZ HS0IATI0, e LLMS SE06I0 &#8S HE2 2RI AS

Largemouth bass |, -

% ' .
kingdom  found in -
Lake
animal Michigan
winsie Couedy

e SALVON EISHING

1

I

waidoe |

C C C H
(a) magnificent rabbitfish !
2 1

} { Y |
U

film genre  film genre

___________________________________

. Salmon Fishing
{ MR-MKG Prediction: In The Yemen Big Fish
i (a) magnificent rabbitfish 3

\ 2 M Retrieved sub-MMKG

Figure 9: Error example.



Discussion

¢ Knowledge Retrieval
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https://github.com/SkiddieAhn/Code-MR-MKG

@ Discussion

¢ Knowledge Retrieval

& Analogical ReasoningE £=806tJ| Yoll, Sub-KGE ZMot= HEMM 5 JHXI WOl EXHE

& H HIl= textQ imageE 2t

A
.
Ot query= &0tz WA, = HIll= 242HE query=E 226t

Question: "croissant” and "pastry" are related by
the relation "subclass of". Based on this, what is
the text that has the same relation with the given
image?

Answer: plant milk . Retrieved
{soy milk} MMKG
“croissant”-"subclass of"-"pastry” > Text embedding T
Sub-KG _b .
~ i Retrieval | @ (1) early-fusion method
{ {Image: soy milk} Image embedding Rt
{"croissa nt"-"subclass of"-"pastry” » Textembedding —» Rse‘chi-elfgl
b @ (2) late-fusion method
| {Image: soy milk} » Image embedding —> Ri‘i‘:;fg,

17



O Discussion

¢ Knowledge Retrieval

& Top-NS 1002 MHFIM = Ui B o

o H H S 25 st A Ol
SHM J|QIE (soy milk, subclass of, plant milk)Jt ZetEl AE =018t 4 QS
. Retrieved Knowledge Graph (Query: mode2, top N=10
Retrieved Knowledge Graph (Query: model, top_N=10) 9 ph (Query P )
_ food
food ingredient
x drink
\, pastry
food %
— Y puff pastry 5
< — ~
\ SUblass o % " a% s
\ \ ~
% b,
plant milk ?‘5 milk Atfs, - =y & ___,viennoiserie
0, T~ - f—
< 5, - ~ commodity, . P subclass @
o \ . T croissant
5 \ ~~— " Subclass of
o ~ sy — N
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