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Abstract

Cross-modal retrieval is a major challenge in multimedia field due to the inconsistent data repre-
sentation among different modalities. In this paper, we design a video speech retrieval model
based on multimodal feature memory library, which is divided into three main modules, namely,
feature extraction module, multimodal feature mapping fusion module and feature memory li-
brary module. In the feature extraction module, we use 13D and Bi-LSTM to extract the operational
action features in video and feature information in speech, respectively. In the feature mapping
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fusion module, the two modal features are first aligned into the same space and then fused. In the
third module, two feature memories corresponding to video and speech are innovatively intro-
duced in this paper, which are continuously updated during training and testing according to spe-
cific conditions. Experiments are conducted on our extended MPII Cooking 2 dataset, and the re-
sults show that our model can achieve better video-speech retrieval results.

Keywords

Cross-Modal Retrieval, Video and Speech Retrieval, I3D Network, Bi-LSTM (Bi-Directional Long
Short-Term Memory), Feature Memory Libraries

Copyright © 2022 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|18

W ELIE I R R, AATTTT LR FA ML L I I i e 5t A\ AT A IRV, BT A TR Sy
T PRI F 3 LI BB AT 20, SR BE 2 TR IR e 336, B2, MUK 35 92555 2 1A 5L
PRI B . TR R B AR, B RBORAES R E A 2 A R — PR . S ERA B
A IOHLES 7 ST EOARRIGR B 2 ) B0, ¥R 2 IRAS 5 (K0 6F 7 5% 2R A S DL MLAS o A RIS 45 R I B, e
T LUK B I SCAM 2 A EGRPU, DA S R R G AU H (. BB AR SE BRI
Wb HE MBS IS, WA R . b, SO RS . BRI ROIEE, R B KIE
HREEMINZERL, 756 br RS RS,

B2 T IR SIS R R ISR I 2 A 1 SO R B MBS S RAT 5 L R B A/ M5,
I UnIE I PR R PRI R [2] (3] (4], @B S T ARIERRR[S] (6155, BEE TN
IFRTE, WUE S S B AS HT ON T HF S, 120 Rouditchenko &5 A (74 HY T — R 80 B R MET7
%5 AVLnet, %7750 5 NI B 77 1 & 05 B 5 T iE S &R, 4 YouCook2, MSR-VTT Al
LSMDC X = ARG EUTRNE S RITS R T SRR E, PRSI T — S AR BIPT
HeAE, A ROBFER T 0 LRI B R A R . AR B TR G S SR R R E 4, TR
HATEBS B R, WE SRR 2R R . EPATIEIR, AR — b TARIE 2 FE 1
PE SRR, W 1 Pon. S SRS, 55— WBL E e T RIS A B
BRREAE . 55 B, 4 A T RS B RS [F AR AR AT 2 BE N — AN A R R e, B R —
ANBIEI A SEE 0 h I QRS FE B — MBI KGR =B B, AR LI KEE R, R
SRS B B AEICAZ o, BRSO AR S = R TTAN . RO AZ B e T, AR R AL
SR AEACIZ R M SRR B AMTIZ R . PSR S 0 K e E i R B B R 45 R

AT L E TR T -
1) ASCHRH T — P2 TARHECAZ R S B A 2 A, B AT LS ST RN 35 15 2 TR B (0 5%

o

2) AW TN MO RHIEICIZ B, FEHIE T BT RE, W] DA AR R R A R R R

3) AN MPI 25 3 #8442 2.0 (Max Planck Institute for Information Cooking Activities 2.0)5(#5 4
AT T LEIRRE.

DOI: 10.12677/csa.2022.127176 1748 T LR 58


https://doi.org/10.12677/csa.2022.127176
http://creativecommons.org/licenses/by/4.0/

I &%

. R
W“MFCC ~LSTM "I

N

s Fe e mrw
\_ - /

Figure 1. Feature memory network model
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2. xR
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X T AR PSR, LA AT 1 26 R PR AR AEE AT B g A 2, SR ) X 4 — it PR BT RFAE SR L
5 Jr il 1t Average Pooling Fl Fisher Vector & FiE 4w il /7 1245 B ARAURFAE (8]0 SR SLIEFEH, AATTARIN
MBS P RIAE . BEE R IR, PR ICE 7SR5 77k . il
Venugopalan %5 A [9]4# F 45 #1012 (Long Short-Term Memory, LSTM) A SEM AT S 45 (5 B, . Tran 2%
ATE[10]5 7K 8 B A 22 X 2% (Convolutional Neural Network, CNN)N F TS 4 L, #Fmfe & ]n]
FIT-#US% 3D CNN s,

2.2, IEEFHERN

T B REE 3 B 1) A% 8 07 1 2 B A R 0% 18] 1% 2 (M el Frequency Cepstrum Cofficients, MFCC)
[11]o fE 2017 4, A F(Google) KK | — G S iR A /2030, BTN A 1 22 I 28 %7 FH 315 43
U, JFREMZR A 449 VGGish [11], ZBR AR 22BN A AT 1 VGG BRI 12115 7 — B, #
5 — 21 FTE oo it &9 —1k(Batch Normalization, BN)XRE A T R A5 1 5 3480 5 )9 — 4k (Local
Response Normalization, LRN), [ifiJ57E YouTube-100M XA~ KA (150 5 b AT IR . i a5 e
N, 1% VGG BRI VGGish $EBURRHIERE FH T3 805y KA 55 b, LIS TR GURHER TAE, AN
BRI . tE, WA DEE T, Bk VGGish 1B RIS SURFIE AR T R0 7 IR T

23. BERESHEER
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CVE AR AT T 5. 440, Hotelling [13]8&H 1 #L 2 AH 5G4 73 #1 75 #(Canonical Correlation Analysis,
CCA), Li% N[14]3H T BB P17 #7 75 #:(Cross-modal Factor Analysis, CFA). 7 2010 4, Liu A
(153X AR B RS A A B2 AR 7 — 4l i 7 M AAEE . [R14F, Rasiwasia %8 A[16]00 TAE4R
458 15 LS I 0 7 VR AE SR S AN [ B AS B (IR B R R R AR A A SR8 A 2 2R At 10 o
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3.1. MSRALIE

FA AL B H B 7 DRI R SRR 2 R ERHE . X TSR S, aER —dR 8. ik, %
TR BN AERFAE L0 SREL[R] I8 25 FE 3] 7 [ RIS [B] A5 R e BT RL, ASCHE R 13D XA M 45 (Two-Stream In-
flated 3D ConvNets) [22] %M ERLE % T — MR AR 2D B8 532 45 ——Inception-V1 HEZE, @
N T 2D B A AGAZ S TR 4ESE, Rz 28 Hh i) 2D BRI 5K T 3D B4 . FEAR Y
(IIZRIATE], L7 RGB EUGTAIGI K R A8 W AR 23 48 =BT R 48 Bl 256 x 256 R, SR J5 PR R ALEY
N 224 x 224 FRAF, X RGB EGRADGIER A T Softmax #512K BRH. AN SCTHERL 12 W 5 BRI
T J67E Kinetics 2454 EXF 3D BT 1 WISk, 2RJG, PAEACICSELS B FH 3 1) MPIL 25 3) 8080546 2.0
AT AR R R, AR MRS S BRI A R

3.2. FsLE

R R 2R ST AN B ELR AL B U AR AU s, 0 MP3. WAV M ACC 55, T/, 25X
RS, — AN H A R & MFCC. 2811, AN SR B4 MFCC HF{EIE AN AHE M 25 b BE,
AT 2 B — B e BAE B R BN SUE RO, Rk, AR SCR A U K J A1 12 (Bi-Directional
Long Short-Term Memory, Bi-LSTM)kii — 2 4b BEFT 15 2] MFCC #AURHIE, 3k 1 T3S B . Bi-LSTM
BFE T —NHER U E P AT R B SRS B LSTM W28 Al — A5 s M) B S IRAS 1 LSTM W46, AN 7 1]
IR BIGECN U FIRERES. W2 G, BRIH 1 x 2048 4EFFEE, C&A Sl N/l HRIE R %
[FRFAE, DLBG SR A0S S
3.3. FHERRSTSRE

TEA/NAT, A ESRNE SR F R — 20 A ER4H Y

T 26, MUBURIE B RP AR AR N — i 8 = 5 WU 31— AN A 3873 (8], SR H = o4 HE 7 45 2% B 8 (Triplet
Ranking Loss) 2z £ %, AXu(1)Fs:

L

triplet

Horr, S(,) ARARBEE, AT AL D R B R 2R, AXWQ)FTR:

=max[O,S(a,p)+S(a,n)+margin] )

. Xy ;XI.XY_
Similarity(X,Y) = Cos(6) = d L
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3.4. FHEIRIZEE

FEANAT, R SR PSR SR BUSEE 5 15 2 A RLBURIE B RFAE, 3 BE N TR AN & A R AE D
A2 P 30 B ST (R AL B AR S

3.4.1. FHEICIZEERHIRE

HoE, AFAECIZE R, TEIE A S A R AE 5 e, R IECAZ % 1 th 2 AU R i
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ALLRE T A LA B M BT AE A 5102 B R AR AR IR 2 5, R 2845 30— 4t 1) i 5 3R e AR SRR AE 10 AZ B Hh i
BREMALUE, FREICIZmE. EMANE S A ENZICIZ g S, WRMHZE, B KE Max,
FAAZ A 22 7R 1 2% A B S B REAR AT ) ) 2 0. )5 TR Max 5 1 UBIEHH5, /3 B4 nT T4
ARG & VL ECAEE 18 7 o ARG

S1

S )

- Max (M

x—video x Mx—audio )

[ A, HEAMRERLR ) 43 2538 X 45 2% (Binary Cross Entropy Loss, BCE Loss) K it5%, A z0in(4)Fr

Lyary :—(yxlog(j/)Jr(l—y)xlog(l—j/)) 4
Hodr, FIRMBERFMAE AN IEFEAR IR, v RN SEBRIIFE A A5 2E(Ground-Turth) .

3.4.3. $HEICIZ BEERY 38 3 F0SE FT SR EE

FRECIZ EERT A I, BEANERE e WA N Z . IR RE A, X T4 — gk AR AR AR,
S RIESEIS , 1 S HE N R ] S B 80 R R R B — A ST, Al 22 SRR B — N I{E T,
2 S1>T1, RPTA I ik o 8] S 6 tH B8 0 W HRAATURIE 5 A2 VC R o SR, K 2R e 2 T 10 iR 4 I Ay
FEANE SIRFAE 73 )5 WSR3 R AE 042 B HP 1 438 OO RRAE T SR 5L AR, U B K m2, 45 m2
AT/INTF— N8 BB T2, WA M RTREARRHEST TREICIZ T S, R — P i), RIS PHREE,
TR BT RS E R INBRCIZ FEh . R, # m2 KT BME T2, WA KIZEEARSE C R AEAE THRHIE
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4. SCRUTHE
4.1. BiiEsE
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MPII ZAEiE R4 2.0 (Max Planck Institute for Information Cooking Activities 2.0) [23]Z&#5 T 273
AN AR NS 5 3 1) S AEAR ARG Ji . 3 4R R AT J7 C AR B/ K 23 AT 5 F e 1 24> B
N B RSO T AR AR S ERLARS 78 17 AH LR 8 8 25080

FEMRSEES Y, ARSCERILT 20 FAS RS0 BIRRAR B S AR B8 B, — 35 50,000 2%
W, AN RARE B H S AN E W AR SERZ AR TR0, PANE S as T
50 s&AE, RIAEAN SR AL RIS & 2 2500 S HIALE . E 1 Pos:

Table 1. The category information involved in the MPII Cooking 2.0 dataset
= 1. MPIL ZIEENEURS 2.0 S REINEHIER

ik RN BrAL
(e R T i34
Iz i A A4
i Zh T 7]
Frlk N Ty R
it ik T PEVEAL
i DISAR W ]
U 7] # 7
PEETAE s 2| T
¥ L EH
110 ik

4.2. & EHF

VAL HRAR: AR SCMS FH P A A A R U b v PP Al T AR R B IE P F A SR (1 22 2] 5 PPl E g, 2R AT
FH 7 A 81 % (Recall)iX — £ BB Fx .
BRI FR R R R0k [ B A A A OGS U 5 8RR A TLIE & H 2 . BRIZEMITTEA
KU Frs:
TP
TP+ FN

Hrr, TP (True Positive), BITRMIGEC, SEhrst, HARSKULH &R 2R B 1) 5 AR A TTRC 1) IE A AR 3L
&, FN (False Negative), BITRMIAMER, SEBroNE, BAKI S 8 2dE 5 kA i =2 1 5 A A VT EC 1Y)
RIS g8

WTEMAZ B R ER, &R Z R@k, BIA Recall@k. R@k THEAERT k MERK
T AR b 3 22 /D — AN IR 45 IR A B TS B I E b TSR R, TR kA
KR BRI 4 L, RIM S AERT k 45 R AR BERIE & 2% H S s, R2ZI8MA K, “R@1”.

“R@10” . “R@25” 73 MIF7RHT 1. 100 25 MR AR,

SEREAHTT: XTI EINZR, AR Adam 1E A M AL SR IR L2 I R E N, IZRIIEAR
JAI epoch T E N 500, ftAbFE batch 1K /N E Y 64 A HIFTA SEEGHS /218 | NVIDIA GeForce RTX
3080 GPU #EAT YIZRATIIA o

R(recall) =

)
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T RRANE S A R R I VEAY, TR T A W R RIS

1) BB RS AR AP B, R E O R TE R B

2) MUAIAT 2B ARIEHANTIE S A B, A2 X R AI F BE

PLEPRAMES, BATECRA k AR A [FR(R@k) KA & e ik iveae, BV E RS REIER k
RACKE R FEM S RG] . 75 T FI RS, BRATS T & Fh & MR 2R 5L 2 M B Rexd b, 3
th CCA [24], KCCA [25], DCCA [26] &A% Gt 198 MUK 2 52322, 1] MuSimNet [27], MusiCNN [28], VM-Net
[29] 23T JLAF M B ()R 2 ST ALY

K& INAY M sE AL

T MR FRATT AR X P MR AR RIS 2R M B, AN SOREBEHLIE HE 20 PRS00 70% %0 H T IR, JF1E
WL AR TR A E R ICAZPE4E S, TEARRSER T, R ICIZEESEE S 50, [FIRS, KRl 30%0H
AR A E S 5L

MZ 2 FIRATTAT AR H, JETAR G 5 70 ) 5 TS 2R v A S S AN TR FE 2 ST 59, JEH 2 k=25
I, TRIE S IR AL SR ) SR SRR 10 B B IETE T — 5. [FN, FRATEAEE S R AT
ZHI R@1, R@10, R@25 WLk H At (IR B 2 S B  ml 3 i 1 40.42%, 29.15%H1 19.93%, HH N,
PR, 28 1 B AT 55 R 2 il $ = T 40.16%,  30.66%, 14.15%.

Table 2. Performance comparison of different audio and video retrieval algorithms

F 2. FNESSHRE LML

AudiotoVideo VideotoAudio

R@!1 R@10 R@25 R@!1 R@10 R@25

CCA 0.92 6.83 9.59 0.87 6.34 9.78
KCCA 1.59 7.98 10.82 1.12 7.44 10.31
DCCA 1.83 8.35 15.65 1.55 7.87 12.78
MuSimNet 1.93 8.21 16.24 1.85 8.35 16.80
MusiCNN 2.13 8.73 19.78 2.05 8.41 19.52
VM-Net 2.40 9.64 21.37 2.54 9.36 21.35
Ours 3.37 12.45 25.63 3.56 12.23 24.37

5. &ig

ARSI T — PR IR, B TR S 3 AR, SEBLALBUAN 1 3 22 1R i) LA R AU R
AR E el 13D BARMPL AT Bi-LSTM, 70 A S LSRN 755 i AR AR A B o SRR P RS2
FEWUR B A — M E AL TaEmg, TGS . BE, AR HEE T ALREKYNCIZRR A
QUBTVE L IZAS SN BRSO T NS Z e s H A D i A SR A B 4 B B 11
FEA U R 22 SR R I RE 1 G ARSI PR REVE Al S206, W] BLRBIASCIEM B T 1 4 A A #RAT
MRS B R R 7 ik, RERGIA 2] — AN AN ROCR .
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