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Abstract The data-driven automated audio captioning methods are limited by the quantity and quality of available audio-text pairs,
resulting in insufficient cross-modal representation, which undermines the captioning performance. To address this, this paper
proposes an audio captioning framework enhanced with synthetic supervision, termed SynthAC. This framework leverages
commonly available high-quality image captioning text corpus and a text-to-audio generative model to create synthetic audio signals.
Therefore, the proposed SynthAC framework can effectively expand audio-text pairs and enhance the cross-modal text-audio
representation by learning relations within synthetic audio-text pairs. Experiments demonstrate that the proposed SynthAC
framework can significantly improve audio captioning performance by incorporating high-quality text corpus from image captioning,
providing an effective solution to the challenge of data scarcity. Additionally, SynthAC can be easily adapted to various state-of-the-
art methods, significantly enhancing audio captioning performance without modifying the existing model structures.
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FESCA A HERY, SPICE i R B &Y A 1A 3 40
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FZEWAES, 25 56 T A B 0 SO 11 ) X
Fok, P T VA &R Ik, SPIDEr-FL 15
B2 1 U b v e AP AR A

23 TBSH

TESET MG 3 SOAR IR 3 B35 00 A B B, T4
HEZRAE T AudioLDM R fi “audioldm-1-full” Az A<
AT E G R BB UG SRS — I E R
10's, 5 AudioCaps ¥4k 5 H 19 & Wi (5 5 B K PR 45—
o FE A BT 2R B B, Synth-GraphAC
F1 Synth-P-Transformer [ it 4k 2 K /)N (batch size) 3
BN 16, K AdamW 1AL 25 5 BB pom 250, 2
2 EREE N 0.001. BLAM, R T IR [ B35 M R
RUW)IZ AL RE Ty, 7R SCREAE 32 9 7 R i T, E
T ALY 2R b T 35 & REAE 3 9 OR g
SpecAugment™", LI i1 5 AFUAAE 19 22 REHE, 545 1
B 0 AR 1) R I R A S P

3 XFHSER S A

ARSCHYRS LE SRS B G, il S B A S
W7 R AR R B P RE XS LG, B UE T BT SynthAC HEZE
(A Rk, T T T SR AE 2 Rl T AN R B Bh
T TR, Hog— g i, BJn, i — P LA
TR HE SRR AN R A B R A PERE, LATHE AR
i SR 2% 1F T 3 PR AL 3 .l k28 00 A, AR
SCE AR AT T 7R BT SR AE 20 1 8l 5 0 7 #E F 5E Y
8 25 ROCR TR T

31 B

9T B AIE BT 4R SynthAC HE 28 59 A3 %0k, 2% 2
3 TR T TR AE AR Y 5 vk 5 A S
YR T R L SC g 45 1 o X LUy = 307 2
£, 4% GPT-Similar®”, TopDown-AlignedAtt™, P-
Transformer™, GraphAC”* Fl P-LocalAFT""!, H
GPT-Similar J&—F it AL SCAS K R bR 10 8 07 45
A T TopDown-AlignedAtt 2 —F 2 T 14
SR 5 7 7 1P, P-Transformer J& — Ff
T O 25 35 BURRAE 2 R A T 1 J7 351, GraphAC
Al P-Local AFT M| J& 7E P-Transformer J7 ¥ 1Y & filf I
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1 2 E 4 | (%)
GPT-Similar™”! 63.8 45.8 31.8 20.4 434 19.9
TopDown-AlignedAtt*”) 61.4 44.6 317 219 45.0 20.3
P-Local AFT™” 66.0 479 34.6 24.6 46.4 223
P-Transformer"™! 53.4 389 27.1 18.0 442 215
Synth-P-Transformer 67.7 49.9 36.0 25.1 46.8 22.7
GraphAC™” 64.5 478 343 23.7 46.1 22.4
Synth-GraphAC 66.5 48.7 352 247 46.4 224

3 AudioCaps WAL LTE LIUHabrtfE

B 2l 5 CIDEr (%) SPICE (%) SPIDEr (%) SPIDEr-FL (%)
GPT-Similar™” 50.3 13.9 32.1 —
TopDown—AlignedAtt[zo] 59.3 14.4 36.9 —
P-Local AFT"”) 64.1 16.6 40.4 40.0
P-Transformer"™”’ 57.7 16.6 37.1 35.9
Synth-P-Transformer 63.9 16.7 40.3 394
GraphACP 64.4 16.7 40.5 39.3
Synth-GraphAC 65.6 16.5 41.0 40.4

R, 43 BN as 16 & ARRAE I P R SCfF R
5 RS B, U T — 2 PR T
WAL, Sy 1 56 i B HE 4L 1Y 38 HI M, A SCHE SynthAC
HE 28 rp 23 550 i | T P-Transformer fl GraphAC 1
H 3l i R, A5 2 {2 45 5 77 % Synth-P-
Transformer Al Synth-GraphAC, F T HEXT HLEIE

F2ME 3L T A SCH &Y Synth-P-
Transformer F1 Synth-GraphAC J5 325 5 H A XF b i
TEIR AR A AE GO T br I PERE R B . il
220 DL & PR, AR SC T #4 8 1 Synth-P-Transformer
F1 Synth-GraphAC 77 15 78 10 251 PEAT 5 An 1 3 B
PETXFHe I N 3 AT, TR LGOI AN 6 bR
I, RCHY A Synth-P-Transformer J5 5 SPIDEr-FL
FEFR TN 553K T P-Local AFT, Tfi Synth-GraphAC
J7 ¥k € CIDEr, SPIDEr Ml SPIDEr-FL fI - fiT 45 X H
J7 ¥ o 3K Uk B A SCH) 8 1Y Synth-P-Transformer F1
Synth-GraphAC J5 5 7 [ 8l & W5 %5 1) il 40 5 1
SFON A FE bR b, S T RO AR, bk
R IR RN, P e AL 2 — Rl AT Z A 200 A 3l s
SRV E S

AR, HAE K 2 f1 3k 3 o Synth-GraphAC J7 1%
5 GraphAC J7 ¥ P4 46 A P BB LU, DL & Synth-
P-Transformer 55 P-Transformer APEM F80R 14 BE L 542,
Al L& 3R Synth-GraphAC J7 15 76 i A 1R 9 il 48 41 5
5 X546 bR CIDEr, SPIDEr Al SPIDEr-FL L #J4f;
F GraphAC Jy ¥, 1fii Synth-P-Transformer J7 7% | J&
TEPTA P bR R B 400 T P-Transformer J5 7% .

XU BB T I SR HE B 1 7 VA R AR PR RE R B T A
i T ERREAR A 7 1. R T 238 Z ) i 22 A AE T
SR AR PR HE LR, N TC AL 25 S, DRt b R A SR
B, A SCHT R H %) SynthAC HEZE W] LIFE AN B4R H )
EAN T A BL R ZE R G LT, W R B
FERTERE o 3 R WA ST R AE S8 HL A — o e A,
REE 35 H] TN A 09 B 3l 5 A i Y, $ 7 Ho vk g
LI,

R, T SynthAC HEZL 5] A T 3T
B BB ) A SCAS B X TR T IR e,
AH R R ] SynthAC HEZR (14 3 3 & 31 7 A AL (i
P-Transfomer 1 GraphAC) VIl 4 B[] W& A5 3% Jin, Jiy 3¢
IR I 5 s TR 5 38 A0 8 5 0 — SC A B 40 %o 450 d e
o DR B R T IR AR [ 5 NS, i 5E T SynthAC
HE 2R 11 77 3 DU 8] 5 L A i) 0 st [ AH =]

SRy — 215 B T SR AE AR X B Bh 4 i T
RO, A SCERIE T N3 4 TR Y 3 4B TR SUAS R
%], 38 3 %F kb Synth-P-Transformer 5 P-Transformer
7 V5 A B W SOAS, U B I R AE AR AE F Bl
WF R4 R ERTE . Ik 4R, R 14 P-
Transformer J5 ¥ % “blades running” 3% -1z % 75 ) 4%
15 M f# B T “gun fires rapidly” (5 &2 4 o 7)), i
Synth-P-Transformer J5 7 Ul 38 423 it 44 HE 22 34 58 1) 3L
AEW RN I HER A AR T X — . TER
2 1, Synth-P-Transformer £ ifi fif i& T % 4 = 4 2 [a]
M E R SCE S, Bl<followed by” (5423, 3 HA: 11
BT SO 5 S M e SO 5E A — 2K T P-
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K4 RS AT HRAE ST A A E R SRR

IS ERIPI R T AEZE B R SCA

WSS HFREUR % A helicopter blades running

1 P-Transformer™™”! = A helicopter machine gun fires rapidly
Synth-P-Transformer P Helicopter blades spinning
WL EESH PR OUR = A man talking followed by a toilet flushing

2 P-Transformer>! =5 A man speaking a toilet flushing
Synth-P-Transformer & A man speaks followed by a toilet flushing
WS HFREUR e A woman speaks with some rattling and some spraying

3 P-Transformer™”! 5 An adult female is speaking
Synth-P-Transformer P A woman speaking followed by spraying

Transformer J7 kN 208 T SR Z A EF S0OEH&R
7~ il 3 H P-Transformer 77 ¥ =K B fff 3K 2] « spraying”
(W7 ) 3X — A 22251k, 1M Synth-P-Transformer J5 %
WE A 2238 T 35X — 2 i, ks 85 1 —25 3
FET R 2MEE 3P AT r R HEZL (0 B 2 T
T3 Wk A 1) G 5] & TR AR L TR S Y W AR
F& CIDEr LA M2 #% .0 1 45 5 SPIDEr-FL 4§ J7 I 1)
Tt

ZE LR, AN SR 25 B o, BE T g
MEZR I A i i E e ik R B AE T WOk B
BB TR, UL T AR SO R SR (A Ak, R
I SCAS 1) 38 0 A BSR4 48 SCARTE R A B Y
PR SR AN ES, A O S T
BRI 25, Bef% 0 25 42 T A 28 M0 B R 1 M B
T, BLA, JREE SR R, A ST PR AE AR A —
E 8 M, REUSTE AN S [ Bl 000 4 A R 45 4 11
LN, RO 5] AN JEF A B s
W SCAS B R AT I 25, 4R T A 3
PERE. PR, AT EREAE SR BB S 4k T BN [F] A [ B AR
TR, B MR R I

32 ARHEE THMERE LR

Ry it 20 Bk BT S SR AR B s A kA T R
IR, AT SIS T A [R) 45 1 2 S - SOAR
R XT, XFAE T HESR Y J5 % (B P-Transformer)

AR T Fr i HEZE a9 5 5 (B Synth-P-Transformer) 3
IR, JF X 35 B9 VF 48 A 2 BLBEAT X L6 23 #7
FESZH R, 43 3R T AudioCaps 95 £ 12.5%.
25.0%. 37.5% F1 50.0% £ 4 5 Y & S —SCA B %
HF NG, SLREE R NER 5 iR,

W 5 Frs, AR SCHT IR HEZE RE 0% 1B 2542 T A 3)
e A TR A et A () B3 B S A SO A
XF AT U Rt P BE, o R 7 B f AR A R
0L T o Blhn: AU 12.5% 19 AudioCaps B4 4
i, Synth-P-Transformer J7 % iR I 200 T3 2 Al
% 3 iR 1Y GPT-Similar J5 75 . 7E 4 JHAL 37.5% i1
AudioCaps Ui A i, Hor 4l 73 v e st 200 T8 ]
5¢ %% AudioCaps B8 5 Il 4 i P-Transformer J7 V5 .
SEYR 28 YA T AE SR FH AN SCAS A R A ]
TA B 0 SR, FE I SCABHE X R A PR A
TR A RohE, R TSR HESL Sy B 3l & 0 R 5T
oh BB i R PR AR A T — T AT R R DT R

ZE LR, AR SCL IR IR T 38 i A R L S
P 0] - SCA B T, B R 1 Bl AR A
SCAR 5 WL AR N B T A R A 71, A o e Sl A
SRPREREEAL T —FP 1T 2 AR R I %6 . A,
ARSI i HE 4 ) S 6 485 SR SR WY, G BRI H A 25 A
A (AN PR i SCAS B ABE A 808 ) 1) e B Bt B T AR
TR, A Bl TRk A SO s RS U AT 55 (n
B ) R AR e R R

5 AFERE T S TRREAL 8 B S TR R R

AudioCapsTFEIR &R | &7 FrstHELe METEOR (%) CIDEr (%) SPICE (%) SPIDEr (%) SPIDEr-FL (%)
w 19.4 49.9 14.3 32.1 29.9
12.5%
7 20.7 55.2 15.1 35.2 33.1
i 19.9 56.1 13.6 34.8 33.8
25.0% -
2 21.3 58.4 15.5 36.9 35.0
) 21.0 58.1 15.1 36.6 353
37.5%
2 21.8 61.1 15.9 38.5 37.6
w 21.2 57.6 16.2 36.9 34.4
50.0%
2 225 63.8 16.7 40.2 383
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