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Abstract Recently, visual-language models have achieved remarkable performance on various
complex tasks such as Visual Question Answering (VQA), Image Captioning, and Referring
Expression Comprehension (REC). However, these models mostly adopt a "black-box" structure
with deep neural networks, making their inference processes difficult to understand intuitively.
To explore the internal mechanisms of neural networks based models, researchers have proposed
various interpretation methods, including gradient activation, saliency maps, and natural language
explanations. Among these approaches, Natural Language Explanation (NLE) has gained
significant attention in the visual-language community, particularly for VQA tasks (VQA-NLE),
as it provides human-interpretable explanations that help understand model reasoning and develop
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more trustworthy deep learning systems. Existing VQA-NLE approaches can be categorized into
Post- hoc

methods typically employ separate decision and explanation models, where the decision model

two paradigms: post-hoc explanation methods and self-rationalization methods.

first predicts answer, and then the explanation model uses the predicted answer along with
question to infer the reasoning process. However, this sequential and separate processing leads to
a lack of direct logical connection between explanation and reasoning processes, compromising
explanation reliability. In contrast, self-rationalization methods unify answer prediction and
explanation generation into a single task. Despite offering simpler implementation and more
reliable logical relationship modeling, such methods inevitably allow mutual interference between
answer generation and explanation processes, weakening explanation faithfulness. Through
extensive experiments on the VQA-X dataset, we validate such interference - with 8. 38% of test
samples showing different answer predictions when explanation loss is introduced during joint
training, thus weakening the faithfulness of explanations. To address these challenges, we
propose a novel Probe-based Multi-modal Explanation method (PME). Our method introduces a
learnable probe structure that can extract information from each encoder hidden layer state during
forward propagation without interfering with the original reasoning process. Experimental results
confirm that our probe- based approach maintains identical answer predictions as the original
model while generating faithful explanations. Additionally, to address the semantic ambiguity
inherent in single-modal text explanations, we develop a cross-generation pseudo-labeling
approach that enables simultaneous generation of natural language explanations and object
detection boxes. This multi-modal approach significantly improves explanation clarity by
providing explicit visual grounding for textual references, improving clarity scores from 67.5% to
79.2% on VQA-X and from 58.9% to 66.2% on A-OKVQA datasets. Extensive experiments
demonstrate that our PME method outperforms state-of-the-art models on both VQA-X and A-
OKVQA benchmarks, achieving 5.5% and 2. 1% improvements in CIDEr scores respectively
compared to the previous best method S3C. Both quantitative and qualitative analyses validate
that our method more accurately reflects the model’s reasoning process while maintaining
explanation faithfulness. As a model-agnostic strategy, our approach can be readily applied to
other visual-language models, providing a new paradigm for developing more reliable and
comprehensive model explanation methods. Code is available at:https://github. com/LouisJacky/
LAVIS_PME.

Keywords visual question answering; natural language explanation; cross-modal reasoning;

pseudo labeling; pre-trained models
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e BLIP2 15 3] SUAS il BB Y (Model..,,) - TRl
FH GQA FicHla 45 Fnin AL { <<ans™>, Ans, <Zexp>,
Pos } it BLIP2 15 2 ¥ 5 fif B A5 Y (Model,,,) « 1E
AR FRATIEAE Z mr TAE T <<ans™>
R F4F H “the answer is” , <exp™> & /8 F4F
“because” . Ans JE AR IE B VQA T 5525 % . Exp /& b5
TR Y FIREAS Y HARTE 5 R . T Pos AR H1 -
FEE ] 0, 31, 0 0 [P R B — A B FREGIIAE , & 38
IR RHERY 22 B AF T MR R A ds 5 B
B TE s LR . B 21, 1, 20, 3. €[0, 1

LI R REAY FRATAT LA 43 5145 31—~ 3C
A S B R Modlel,., MALGE i B AL Model,,.. {8

TRVE R, BT 18 B B A R SR 1 2D AR
T EEAE AP U A 4 B AR L BLIP2 A8 2 5wk
B DR A B PR RE . SRS FRATT 38 2 58 AR i
PAFE— MRS RSB . XSRS AT LA
XA — A HAT SCARE R VQA-X FEARAS 2] — 1~ H
Model,, 7= " PP EERE . [ ZINER . B — A~ 2 AT
VL R 1) GQA FEARTR B — A~ Model.., 7741
PHSCA R, . B s i T IR 2 5 | A IR TE
M7 FRATTHFH FB0I0 719 25° 58 Ans /F Ry JEEFE TR A
i 306 e 205 B B B B R N R B8 46 S
(A TTAHEAD) o FEIZIN G E I B— I 2%
FEA st #E A T HAHZUE A
s;={<ans >, Ans, <<exp >, Exp, Pos} (7)

3.4 SETSHEBIIZ

T 3.2 AKX 6158 Ha,, FATTIIA T —
AN RS A D IR Az i 2 SR B R 454 K
Wit 2405 BLIP2 th i a Al IR o o5 fm . FoATiE
1 A8 LI (Cross Entropy Loss) i SCAS fifg 1 Fl AL 56
fife BE s, VH A0 R I B B AR S A D AR Eo 1Y
S

1 K
LZ*EZIOgP(ykI{y]}f;%; 0) (8)
=1

Horp, y, R Y [T 2SI ZRREAR st i 55 kA1)
CRISCA it RS AE Fff BRHE ) o 0 Rn 45T S A A5
TS K BR bR E N S MBI E . (615
TR g2 PME #5580 78 Y1 25 i 53X it 9 Exp Al
Pos #5311 5451 5% pREK, 17 AS 5% i) BLIP2 4557 1 2%
I o B AR S R R S R FRATT Y
J5 ¥ BE S 0N B A 5 4h BLIP2 4 ok 72 1 Sy |
SEERIE T 2SBS0 HE R AT

4 SLWESH

4.1 KWIEZE
4.1.1 #dhate

R T SR TR AT 0 A R 1k A A L FR AT
T BEE T2 A A A A R ) 2 B AR VQA-X A
A-OKVQA E#ih 7528 . MR TR s
it R, AT R FH GQA B4 42 11 A AR AR i H
PR IUAE , 422 B R FRA LK B A EAT .

VQA-X & — L3818 5 BE 4 B AniE A
5 SCATE 2114 ) 325 S8 PN RETIE 28 28 5 BV 1
B VQA-X M VQA Bl 45 il 48 1 [m) RN 24
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2l MSCOCO" o (1 E 1%, £ 45 28K E & 1l
33K [R5 2%, i IR 29K /1. 4K /1. 9K 143 M Il 25
AR VIR AR

A-OKVQA f1§5 24 903 4> [n] 1 /245 %% / B A i
FE =84 . N COCO201 7" i ffi 4 b g 82 91 1o g 15
| 23, TK ME—ZR % 18 17, 1K/1. 1K/6. TK %1143
YN 4L e A 4E . 5 VQA-X HH L, A-
OKVQA A 5 =E & (1 [0 8, T 2L |32 AR T
HERE

GQA"™ & —A™ i ] 12 8 1 1 00 068 3 75 000
S 1 1 TR IEME R IEE A 5 2 ORIk
(14 ) BRI 28 o 3K S ) LA 5 1 4% 0 (1) 4 2
A L TR0 B 0 A2 2 i Al G . R
LEERAT 5 226 I 1Y BRI AE B v L 48 1 R R
HHIE X 38K
4.1.2 PPARE

TN A FRATE TR Se i A NLX-
GPT5E & AHF P Fa bR . anER 1 % 6 i, 3RAT
43 9 dE ] B1-B4, M, R. S #il C % 78 BLEU™ ,
METEOR™ , ROUGE-L"™", SPICE"" I CIDEr*’
VRN A B R . BEAh  FRATE A S S3CH A TR
AN A 2o R A B i) SCAS g AT T 1A, D
TR AN TN & U e 1 R 15 BE
TEBR S, JF 8 — N I (AL “ 2 (yes) 559 /2
(weakyes) » 55 7 (weakno) fI 75 (no) ™) . X 2L $f
P R 801 R 0) o iy N ZETPAN 40 Hks
A AR A AT 3R
4.1.3  SEH4NSY

BATVEE T FF IR 24 2] i LAVIS O WE N I

x1 ZUETERNTER, EVQA-XNKE L5&MK

F2 ANETFERMNITIRE, FA-OKVQANIXE FS&

MEmMRAENEEE
A-OKVQA
B4 M R S C  Human
e-UGY 18.9 19.5 47.0 19.7 69.4  51.2
NLX-GPT"  26.5 20.3 51.2 20.4 95.0 55.9
S3CH 25.4 20.0 51.4 21.0 100.6 57.2
PME-BLIP2  25.5 20.4 51.4 21.3 102.7 61.5

PME-QwenVL  27.0 22.9 52.5 22.4 104.5 66.9
PME-LLaVALl.5 27.5 23.6 53.0 23.9 107.9 68.1

. Hi B4, ML R, S B C %755 BLEUMY , METEOR™, ROUGE-
LI, SPICE' 1 CIDE 434k . Human %75 A TIEH 435K

RI3 FAEFETERNTIR, EVQA-XNXEELSRMA
TR LR

VQA-X
B4 M R S C

Human

CAPS™M 5.9 12.6 26.3 11.9 35.2

pJ-x M 19.5 18.2 43.4 15.1 71.3  65.4

FME!M 24.4 19.5 47.7 17.9 88.8
NLX-GPTY 256 21.5 48.7 20.2 97.2  70.2

S3C 26.5 22.0 49.0 20.9 100.5 72.7
PME-BLIP2  29.9 23.2 51.6 22.8 115.8 75.6
PME-QwenVL 32.4 25.9 53.9 26.0 118.9 79.0

PME-LLaVAl.5 32.8 26.2 53.6 27.1 119.4 79.9

I Hh B4, ML R, S FI C 7R BLEU®Y , METEOR™®!, ROUGE-
LI, SPICES 1 CIDE 434k . Human %75 A TIEH 435K

T4 FEFETHERMTIR, FA-OKVQATIKE LS
RIMLTERER

FiEHILE R
VQA-X
B4 M R S C Human
RV T 17.4 19.2 42.1 15.8 52.5  60.5
pJ-xt 22.7 19.7 46.0 17.1 82.7  69.3
FME" 23.1 20.4 47.1 18.4 87.0
QA-only™ 17.3 18.6 41.9 14.9 49.9
e-UGH 23.2 22.1 457 20.1 741 71.4
NLX-GPT™  28.5 23.1 51.5 22.1 110.6 73.7
s3cH 29.1 23.4 51.9 22.7 112.1 75.9
PME-BLIP2 ~ 30.5 23.5 52.2 23.5 117.7 77.7
PME-QwenVL  31.9 25.1 54.5 251 121.1 80.7

PME-LLaVAI.5 32.4 24.9 54.6 25.5 123.5 81.9

A-OKVQA
B4 M R S C  Human
e-UG™M 15.1 18.1 42.4 14.9 51.5 44.1
NLX-GPTY  20.1 17.0 46.3 15.8 65.4  46.9
S3CH 21.8 17.9 47.3 17.3 70.6  50.0

PME-BLIP2 24.2 19.1 48.9 18.6 83.4 55.4
PME-QWenVL  26.9 22.3 51.1 20.9 90.1 59.2
PME-LLaVAl.5 27.1 22.9 51.5 21.6 92.5 59.7

7 P, B4, ML R, S I C 758 BLEU™, METEOR"*, ROUGE-
L', SPICE ™ I CIDEr* /341, Human %= A TATN 404K

. Hod, B4, M, R, S FIl C %% BLEU® , METEOR'®/, ROUGE-
L, SPICES ™ I CIDEr* /341, Human % x A TATN 404K

T HESE B BT A PR A 15 b B RS 47 5k 2244224 K
IN SRR ZE B EVA-CLIP g ™ VE S #0582 15 2%
FEFRATT AR Y v n] 2 5 )3 oA 5 £ prompt Al
—ANST YRR ER Do WG 2E > K 1e-05, AUH 3
WA 0. 05, e KINZRACECH 3, I ZRAtt K/ Ry 8. 3,
138 AT 2 o BR A Ui R 48, I 78 B 5K NVIDIA
GeForceRTX3090 b #:F7II%%: .
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RS FEVQA-XiX&E FHERSLIS

. - o AnsDiff/ %
YRELZEM ROM DhRRZs HARKINAE  B1L 0 B2 B3 B4 M R S . !

1 N/ X X X 55.1 43.7 34.3  26.8 20.9 49.9 19.7  105.1 0

2 X N X X 55.6  44.0 34.5  27.1 20.8 49.8 19.6  104.1 8.38

3 X N NG X 57.9 45.8 35,9  28.3 21.9 51.4 21.3  111.9 13.31
4 X N NG NG 63.0 49.4 38.6  30.4 23.5 52.2 23.2  115.8 12.60

5 J X NG N 63.8 50.0 39.0 30.5 23.5 52.2 23.5 117.7 0

7 H L, B1-B4, M, R, S f1 C %575 BLEUPY , METEOR™, ROUGE-L'", SPICE"" I CIDEr 4341, AnsDif( %) 2675 5 BLIP-2 S8 %

AR TN 52 2 S RO RE A B A R BT 5 T 23 1L

#* 6 PMEF%ERAARRBEMN T F IR, £ VQA-X #IFE LR RE LR

AL 2] Tl A R Bl B2 B3 B4 M R S C
32 63.4 49.6 38.7 30.3 23.4 52.2 23.3 116.6
48 63.8 50. 0 39.0 30.5 23.5 52.2 23.5 117.7
64 64.1 50.3 39.3 30.9 23.7 52.7 23.7 118.4

o, B1-B4. ML R, S Fil C #7% BLEU , METEOR'"™, ROUGE-L"*", SPICE"*" 1 CIDEr"® 43 %k .

4.2 MHERELLEI

T B UEFRATEE T AR I AT 55 Y
fERERE S, R 1 B AFTR . RATE VQA-X Fl A-
OKVQA BdE 4 ¥ PME #5185 5058 e Al 19 o7 i
HEFT T A . RIS, AR SCHE B 22 119 22 RS R ARE 7R (1D
QwenVL" I LLaVA"™) % T 5286 LIGIERA Ay
AR EEE . R, X e A A fif
FH 0 ST 11 24 RES 25 45 440 o T S (S0 A0 ffe 0 22 50 A A
o HIE 8 TATHIRA B R FRA PR
Tt R A RERS AL i 20 T g A e sl IR S
JE AR ) i — ik A —>HA 6 )2 Transformer
SER B R 28 TP AT RO . 5 BLIP2 28400, 38 UM
PR IAN DY T 5B AT BB 5 A A i i i R
R B SRR RIS R 45 . R LA 2 h ] HiF
Al IS B 25 G2 YN 1 PO REAS S e T AE R 3 RNz 4 v
IR T AN i 28 St g A A it R A TN

TR Z AP SEIR R AT A, T R A g e
A28 SEREAS  FRATTHE HH 1) PMIE A5 75 f1) it TR 43 5 e
A B 4 1 0 & v T B S A R
T BINAER 1 AT IR SR Y AR R AR
NLX-GPT HIS3CT, FRATTHE H 11 2250 285 it o o s
I3 SEEL T E VQA-X B I CIDEr 040 7. 1%
5. 6% B4 XT T . TR B, 5SEA MR
Tk S3C AL . LS H Sk IF il & AN T4
AT LR ARG — B PERESE T L [T ORE T i RE
R T S A LS
4.3 HBLLIE

S T HERH PME J7 %5 WA 20t 3R 5 s 38

IT7E VQA-X M 4 1454 BLIP-2 8 AR 4T 11K
AlSCES . Hodr, AnsDif 7R 5 BLIP-2 FE i 2 22 A
LU T 2 28 25 53 A AR TE R A TR T o E
oo BLARTE ZESE LATH FRATIAE FHER BT 25 48 X A
U L AR A T A R L T LU B AnsDif f4E 4 0,
A R R WA SO A5 14 T AN 235 ) S i A5 AU 1 4
PR . AHR . FESE 247 FRATT P A A T R Tk
& BLIP2 B A0 i i i 2% o 3 ik 40 A7 S 08 45 R 3R A1
I, AT B b A i A T R AT S0 2 TP R R A
AU TR, - 15 8. 38 %0 WAL HN &A1k, 7
5 3-447, AT — 2L 5] ADhAn% 5 B brAs IIAE 1Y
22 1L il T SR DR 4 TSR 1) fi B RE T M DA IR
I 55 R 15 i B 1Y CIDEr 43 B3 s 17 7. 4% . I
Jo s GFRATIE FHERAT 235 46 7 48t 15 B0 1) A A 1y 1%
A] L& B CIDEr $8 A5 1k 2] 117. 7, 1 228 28 #ii) i A&
SEPEAR R T ARIE

RS SRR SR A LRI A
SERE BRI A ORI TR RERE D
4.4 FHLEELIE

KT BT RS X PME R RIPE RE Y 2 L 3R
1o BB T 32,4864 Al 22 S B4, I 4E VQA-
XML AT IPAL . LIRS R AR 6 . 47]
5 T BRET BB N 32 AN E 48 A B 455 A fig
1) CIDEr 28 B2 TF 17 0. 94 % 5 24 il 2 S 455 B it gk
— R THEF B RS T A 5% CIDEr 23 5
t5. HILN T AR A S B R A TAE P FRAT]
T2 T AT BB T B 48
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4.5 EREHBBHYTHESH

R T UEWIAL 58 [ AR 7 i v B e R e AR X 2
SE T AFAEAS T 3kt B 1 52 ), DL S FRATT4R L AR BT
S5 P RE 8 A 25 b aBE A X AR TR, FRATTHE VQA-X %K
P4 4y 5%t BLIP2 SRR AT T — 4L M S 56
WE 3R, FE5 — A g A = b
%t BLIP2 B4 AU i) fige i 8% #4177 (BLIP2-A) o 7E
55 A S v FRATTAE 2B S R R R A 2
BLIP2 155 8 1) i it 2% 2 47 i (BLIP2-A&ED , If
it PR B R (] B e R A R S AR R . SR A
R, SIS XRS5 —H 55—

Sl

YA ELAT 8. 38%4 (1A S A A e A [ i) 30 g 0 25
LR T AR . XUEW T A A ISR ok
Sx TP B TN L DTG TG PR U Ao R i A ) S S
Peo FESE =l Sc s b, AT FHER S S5 4 R4 T OR
(BLIP2-A&-P) . %25 Tt g i & 0 s b ks
53 R 43 o Herp 3 3 2ok 5 58 — 2 [ Y Ao A
b A TR i 3 Ao B S B i 2 A B A
B LA R, A RE S5 5 05 =4
(BLIP2-A&.P) e % {47 5 5 — 41 (BLIP-A) 58 4
A T) A 500 50 2 T Ao R o R X 2 R L 1
.

What is the gender of the players?

%: [malel

%: [malel

%: [men]

##¥E: he is holding a cell phone #F¥:: there is a shower and a toilet M#¥E: they are wearing men’ s clothing

VOA-X
] A What is man doing? What is this?
GT %: [texting] %: [shower]
K L i
BLIP2-A #: [reading] #: [shower]
BLIP2-A&E #: [texting] #: [bathroom]
BLIP2-A&P . [reading] #:. [shower]
f##%: he is holding a phone
&3

f#Fk: there is a shower head

#: [malel
f#¥F: they have short hair and wear
men’ s clothing

—LAOASEER (EHBLIP2- A4 87 Bl A ZEpn 25 Bod i 19 BLIP2 B Al T4 22 L “BLIP2- AR E AT/l 2%

SN R VR AR ZER S (1) BLIP2 RS [ FUNAA 22 . “BLIP2- AP 1 T8 IR EF 2544 % BLIP2 BEALIEA T 0 o

4.6 ZEREWBLEESH

TEG | A BA TR B AL f B — SOAS i R 2 =
FEE TS S T Rt 2B U R e 4
Ptz o RV BAT R 25w T8 5 TR A% A
U R 0 Wk i AR AR B0 (LAl SCAS fife
WRIRANREA R 22 igp iy SORSRI TR, (R HAR S 282
W AR TTIE , — T HAEAR 2 LT —
T IR LE SO R A TRy i, X
“leaning[ > [7IXAN IR I T HOB PRE . {5
HAE e EAARA SR . 55— 07 AL AR T L
i B SCA i e, S DR SR A0 L0 TR o AT i T A 2
AR RERE

N T A B RS R T LA ROt i

SO FATTAERE 7 g B 25 M 2 A5 25 7 ol
KAV REIEAT N TR . BRI i el =1L
N T PAl 2 phe s HOR AR A7 AR S I F e — A 1 00
CRLAE 75 R S8 2 . B0 B0 . 55 1 (AR
B0 T AEAT AT BRI IS0 55 2 GRR 0 N B A AR
S AB AR 3 T LR ) Fl2 CFAAE ™ 8B L L

TR ™). ﬁ%iﬁ%ﬂ%wﬁ%ﬁﬁyﬁiﬁ(l%%

ZALODIR &4 B N Y W SO 1 <191 = 3 i VT
PO SR A A e TR SR 0B Jm ROREAS L EAT . iR ZX
AN ZITA 23 B0Rs T 2o X A INRE AR R4 TP 20
AR S MR TR RIER AT R B 2
RS T LASRAT O i B N 350 DT UE ] 2245
SR RA IR R TE LRk
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VQA-X
1) 5 Does this photo show train tracks? What room of the house is this? What game is being played?
GT EE: yes 2% . kitchen 2. soccer
FeHETLSE BEFE: there are railroad tracks fi###%: there are appliances and pots f##f: they are kicking around a ball
¥k layed in parallel next to the train and pans
FRACHIR] FTIEFIWRFER " tracks” 8RT JoiFI iR P " appliances and FIEAW AR they” $840T BIEF

Pl {40 ety BB 5 2 2l A E RR AR

pots and pans” fRAC T BESRMEEEG  AEE el AN

Bl AL L AR A

P4 BOREAS ffp o6 A A2 A A RSO 1) AL 7 51 A

RT BESHELSSEEHBBHET ATHIEESGEN

VQA-X A-OKVQA
PME(UBA A ) 67.5 58.9
PME(Z AR FE) 79.2 66. 2

4.7 EWSH

WE S PR, RATVER T 5B NLX-GPT "y
BAFRATH PME BRI 7E VQA-X B0 5 0 e v
S0, SLIREE IR BATH PME kA T 5%
SN B — B R RS, R A7 T o SCHE ARBOR
BT, EARM, ZEFEAR () (D) H  NLX-GPT A
SRBET H G 0 FBRRAE () U a A 85T AT D
o R AR A TN Y 22 SR D S R R IS . AT
H, FRATTAY PME J7 ik NI BEAE 15 21 2 5 — BN A R S
i R L X R IR AT A 1 T DA A R SE T HE R AR
W RE . A IEREA (D, NLX-GPT 4 i 1
LIRS N § Sy T NI b T Sy R Rl
FLAHR AR T SRR 14 7)1, DR Ay [ o 1) 52 7 ST A A
A S A BT 1Y ISt A € %) ELAT ORI ) 4514
T EERAT IO DR A2 A5 RE 6% 1 A Hb Al A
Kol Lo AHF, FRATAY PME H5 750 38 5o 22 455 25 i B
“B R BRI IF B & H R Sk 8019 [0.00, 0.58,
1.00. 1. 001" & b BHEf bR T 350K 5, it
T H SRR R R ARTE SUBORA (R

N TSR T AR T vk B R R FRATTAE K 6
JEAR T AT R M LA /RG] AEiX LR ] v F.
TR BATTER THRUNIEOR Bl @) FF S AALOR
0O FiF L ARZ GR A D I35 5 BAT 5092 Al fi Bk
AT RESE T OBR A 4 A i e PR AN T S |
A —SBIRES H TI 08 T R X T IX 4 5 e A Y i
RERETT . TEARRIIBEFT R BA PRI SN -5 224
AR A S X T A2 2 757 iz AL g

5 RRMEMREFRTTE

FEASCH , FRATTN Z RS i B ) 10k 4T T 002
PR IO R T BT PR v A7 75 1 i R
AN SR SO SRR, SR FATT A 5 A A
FAHVRBR : (DR T AT AR A 4 2 e, 3R A7)
R4 T BLIP2 YT A S48, 1 BLIP2 & 2 57 78 Fit 1|
SRR S R b IR AT O ik R OR T
TR0 555 25 51 0 285385 A AT 55 o (4 40 B [ f A %o
T AL ) AT 55 v 6 0 5 B AR 1 3 3 ] A
MR — A IR B A TAE HBE X5 7] 2
155 B — M A A S HE AT T B SRS R
1155 BB, T AT U B 18 75 S L Al 2 AL 1y
HEPRAT 55 1 AL SE T8 75 AR B SCA X5 55, 3%
A AT 5525 SR A AR IS TAE . (D FRATU
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fea 7t

JEHE RL bR

NLX

PME (Ours)

11}
GT

HAETUSEbRTE

NLX

PME (Ours)

(a)Is this man dressed formal?

XA AHE R ?

[ves]<he’ s wearing a crisp dress
shirt and a tie>

[ ] <A % 25— fHBESR ) IE 34
EAE AT
[nol<he is wearing a tie>

[AN] <A 2345 et >

[yes]<he is wearing a suit and tie.>
the man [0. 19, 0.08;0.88,1.00] is
dressed formal

(A f ] <At 2 A5 PR A4 T A ity . >

% 91 [0. 19, 0. 08, 0. 88, 1.00] F4F
155

(d)What is the table made of?
S AT A

[wood]<the table is brown and has
a wood finish>

(A ] Gxak st FRER AR,
AT >

[wood]<it is brown and grainy>
[ARHICE R R, A PR
[wood]<it has a brown color.>

the table [0.00,0.58, 1.00, 1.00]
is made of wood

AR I<CE AR, >

X 45i7[0.00, 0. 58, 1. 00, 1. 00] & A
Ak

(b)Is he in a swimming pool? (c)1s the man right-handed?

b 7 35 kb FL 055 2 JEAS MR

[nol<the man is riding an ocean [yesl<he is holding a racket with his
wave> right hand>

[ ]<IBA BN IEAE R g 10> [ M) <fleds F BRI

[vesl<he is on a surfboard> [nol<he is holding a tennis racket>
DR ] <AhfE PRt > [A R ] < a5 P Bk A >

[nol<he is surfing in the ocean.? [vesl<he is holding the racket with his
the man [0.30,0.29,0.60,0.79] is right hand. >

in the ocean the man [0.30,0. 39, 0. 60,0.92] is right-handed
[AS] <At IETE i B phii . > [RE ] <Al FH A F-4R A5 B AT

AN [0, 30, 0.29, 0. 60, 0. TO1{E#FH  iX/~A[0. 30, 0. 39, 0. 60, 0. 92 &4 T

(e)Is the girl having fun with her kite? (f) What is the elephant doing?

IXAS DL DTHR Y AR I N (G e
[yes]<the girl is smiling happily> [drinkingl<his trunk is in the water>
[R ] <Az IF b AT [P K] < Aty B85 A HL>

[ves]<she is smiling and holding it up® [drinkingl<it is in the water>

[REA] <SR E 2 TRk [ ] CELERA>
[ves]<she is smiling while holding [drinkingl<he is reaching his trunk into
the kite. the water. >

the girl [0.00,0.09,0.78,1.00] is the elephant [0.09,0.09,0.92,0.92] is
having fun with her kite [0.00,0.00, drinking

0.50,0.33] (MoK ] <fth TEAE S F- A I o >
LR AI] CRLFANARBORAL > %.[0. 09, 0.09, 0. 92, 0. 92] IEZEM K

%[0, 00, 0. 09, 0. 78, 1. 001 IEFEST bk i)
JA45[0. 00, 0. 00, 0. 50, 0. 33]

K5 AT 5 A Fe 75 2 NLX-GPT 16 VQA-X Bl 4k b i@ P AL (LIR<<>/p Bl Rm B RZ Mg ke, AR T
NLX-GPTL7 ]\ 3 A 189 PME J5 & 945 3R LA S ILSRRTE s B0 3 5 8 NLX.PME MG T )

SERNTER SR AT P oI AREF 2R BLEU 340 gram) B AUAEHH VAL , T CIDEr 568 f W if iy —
BN CIDE PR THAY BB . th TRIRT B h POORMREAR S RAT SRR 0 L3k
TR PR i B9 22 5% BLEU BEOE BRI C(n- A SIERIFINAE AR I R 5¢ 42 3 SOy e B Jo it F
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(]

< 25
fi) i (g)What kind of animal is this? (h)What kind of animals are on the (i)Are the people having a party?
et azhin? man’ s lap? MATHEFF IR AT 2
95 NBR LM RAT A2
GT [birdl<it has two wings and is [cats]<they are furry and have [yes]<they are standing in a kitchen with
SedE ki flying? whiskers> drinks in hand and laughing>
L)< A AR HLAE 6 DRI CEAT AR, A HI40 LR) AR5 B, F 5 AR,
FAi>
PME (Ours) [bird]<it has wings and is flying [cats]<they are black and white [ves]<because they are drinking in a kitchen. >
in the air> cats. > the animals [0.39,0.39,1.00, they are having a party

this is a bird [0.41,0.39,0.51,0.59] 1.00] are cats [0.39,0.39, 1.00, 1. 00] [RA<E - MA17E B FE BB G0 . >

(] <cef B HE

IR — 5 0..41, 0..39,0.51, 0. 59]
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direct logical connection between the explanation

generation process and the task model” s inference

process.
(2)  Self-rationalization Methods: In  this
paradigm, VQA-NLE is regarded as a text

generation task, which can output the answer and a

natural  language  explanation  simultaneously.
However, this paradigm cannot generate a faithful
explanation due to the interactive effect between the
answer and the explanation. Meanwhile. existing
unimodal explanation methods suffer from semantic
ambiguity problem.

To address these issues, we propose a new
Probe- based Multi-modal

(PME). the PME can generate natural language

Explanation method

explanations and object detection boxes based on the
original VQA model” s inference process, ensuring

faithful explanations. Specifically, we acquire the
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internal reasoning process by introducing a learnable it can be found that multi-modal explanation

probe structure, which extracts information from
each encoder hidden layer during the forward pass of
the model” s inference process without affecting it.
Additionally, we use a pseudo-labeling method to
integrate the VQA-X training set and the GQA
training set, obtaining annotations for both question-
answer explanations and object detection boxes.

Based on the comparison and ablation experiments,

improves the CIDEr score by 4.4% on VQA-X
dataset. our proposed PME model achieves a 5. 0%
and 6. 4% on A-OKVQA dataset.

This work was supported by the National

Natural Science Foundation of China
(No. 62472357) and the National Natural Science
Foundation of China (NSFC) under Grants

62102323.



