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Few-Shot Action Recognition in Video Based on Multi-feature Fusion
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Abstract Few-shot learning means knowing some unseen classes by learning a few samples of unseen classes
with some prior knowledge of seen classes. In the field of action recognition in video, the difficulty of collecting
and annotating a large amounts of video data has made many scholars more interested in few-shot learning. In
recent years, studies of few-shot learning with images have been made great progress. But in the field of videos,
it poses a great challenge to few-shot action recognition because videos are more complex than images and data
information is relatively scare in few-shot learning. In this paper, we focus on the task of few-shot action
recognition in video from the following aspects. First of all, discriminative information is not sufficient due to
lacking of support set data in few-shot learning. Secondly, the classes of training set and test set are disjoint, so
their data distribution may be very different. This problem is called domain shift, which usually leads to poor
effect in generalization. In addition, the change of dimension in data features would lead to the phenomenon that
“some unrelated points become the closest point of most points” when using deep learning in few-shot learning,
which may cause hubness. Various existing models of few-shot action recognition in video have achieved high
repeatability of information and increased similarity between different classes when solving the scarcity of
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information in few-shot learning, and they rarely pay attention to domain shift and hubness in few-shot learning,
which leads to weak expression ability of action classes and false action recognition. At the same time, because
of the complex network, the model has a great number of parameters and FLOPs (floating point operations) .
Considering the difficulties in few-shot learning and the deficiencies of previous methods, we propose a new
method for few-shot action recognition in video by combining deep feature and manifold feature of data. Firstly,
we aim at the manifold, which is one type of the chosen features, and can be utilized to effectively maintain the
structure of data and retain more information of data. Moreover, we propose to use embedding propagation to
smooth the manifold, so as to better alleviate domain shift and hubness in few-shot learning. Secondly, fusing the
deep feature and manifold feature increases the effective information of samples, thereby alleviating the scarcity
of information. The specific operation of multi-feature fusion is to perform a weighted sum for the label
prediction scores corresponding to deep features and manifold feature, so as to obtain a more effective label
prediction score. Finally, in order to reduce the number of parameters and FLOPs of the model, we build the
model based on 2D method and strive to improve the performance of the model. Experiments on the HMDB51,
UCF101 and Kinetics datasets show that the recognition accuracies of the proposed method are higher than those
of the existing few-shot action recognition methods under the task of “5-way 1-shot”, which are improved by
8.5% on HMDB51, 9.5% on UCF101 and 1.0% on Kinetics. The proposed model successfully applies the idea of
few-shot learning to action recognition in video, so it can be quickly adapted to new dataset and achieve effective
performance in action recognition depending on limited samples.

Key words few-shot learning; action recognition; video classification; manifold; multi-feature fusion
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«? %
] 1 AN
—— Pclsilab

SR

K5 RO S s B

Fik 1 ISR BRI SRR

e v

iN: YIZ4E D,

fth: > REURME
FORi=1, ..., iters DO

get feature from D, as X e[ &

1
2 rain
3 get average value of frames from X as F e[ ®"
4 L, < CrossEntropy(Linear(F), Label)

5. Fel® EmbeddingPropagation(F)

6 L. « CorssEntropy(Linear(lU:), Label)
7 Ly = Lp + L
8 back-propagation

13. IF patience > patienceMax
14 update learning rate

15. totalLoss < totallLoss + Loss/iters

Hi% 2 FNGH B BIETAE

BN BAFEE D, - 4T UIZREE % epoch_num , 243
S5k totalLoss , fi-CME patience
itk oy REURAE
set parameter: Loss =0
FORi=1, ...,iters DO

nx(k+q)xTxm

1

2

3. get feature from D, as X e[

4 get average value of frames from X as
F e[ mkroxm

P <« ProtoNet(F)

cls _ proto

0o

F e &0 « EmbeddingPropagation(F)
n)

Py 1 < LabelPropagation(F)

Cl

P

total € W X Pclsilab +W, xR,

cls_ proto

label)

© © N o o

L, < CrossEntropy(R,
10. Loss = Loss + L,

11. IF totalLoss/epoch_num < Loss/iters

oral ?

12. patience «— patience +1

3.3.2 fliMBTE

L IR B A5 B R BE AN 8 S 5,  [Rt
W T — AN EE R NFE AR % ST % “ N-way ,
K-shot” BITSRMTEL, H B LAY IE /N A 2
SR, DR E M e Re . BR Y B D
episode N FALHEAT ISR, A& BB SEAE AR
ZERATN, T AR HEATARZE TN, R TI R
B B AT P ) 2 T 0 P PR R A 1) 4 1 43 2R 88 B
F& ProtoNet 732845 . 7EIRE FIEE 734 4 > B in
AN T AR, IXUEHE N T BAF 0 NFEAR 2 5]
ML SRR ASEEAT T, By DL S B B 0 /IR
A SRS HEAT H3E N TR B . OB B 2R
XL 2 an ] 5 B, 1 Sl R SR B R IR 1
RFERFAE, SR IGXTHFAE BB 14 A ProtoNet 73 2R 2%15
BRI 3 EL P proto » 73— 73 3 EXPRFAEAE
FHRAE AL R AR AL 3R AT B T 73 20 Pog 1o » P
IR A3 21) 85 2 00 73 Py > BETIAS 21 53 25457
5K Ligsion » T TABY BE A AR IR Lbnewne 1 75 BN L XF %
IR A% F R AU A FH 4 1 23 2 388 R4 00 28 SUI 3 840
% le, FRFLe TAUE y o BB 58U A0
RS TN GRB BAR R, AN 5 76 TS B B
FEVNGRIS SN T — AN, B R AEAL B R AE 15
LRVEF BB BN 7 AR . OB BRI A I 25
WRRESE 3 Wit 4T T A9

Hi% 3 BORK BLRIVIZRRAE

ﬁﬁ)\: 1}” éﬁiﬁ% Dtrain




SRS FETMEAR S ST iR B EERT 7T 5 S 9

i o RERAE
FORi=1, ...,iters DO
as X ED nx(k+q)xT xm

get average value of frames from X as

train

1
2. get feature from D
3

F = D nx(k+gxm

4. Pas_prowo < ProtoNet(F)

5. F e[ mteam EmbeddingPropagation(F)
6. L. « CrossEntropy(Linear(lJ:), Label)

7. Pas 1ap < LabeIPropagation(l‘:‘)

8. Rota =W X Byg 1oy +W, X Byg 1

9. L ion < CrossEntropy (R, Label)

10. Linetune < Lusion + 7 % Le

11. back-propagation

3.3.3 MIAR B

IR B TR 90 A 2 ) B A PR RE L TE UM 4R
Dy AT, H ML 5 R SEL I TR TR
LGB B I AR AN AN AZTE T30 32 B BR824 g
REREATVRA,  Foth B34 T TR SR B AN B B B
RPN BEAR AL S I 25y BRAE RN = AN T,
FoA Rt R 2 8 T R AT A ) S bR e, O
A HRIHAM BIIZGRE. B S
W B SRR A ARL, AR B X 3R
TEAL TR F 2 B2 AT 20 2%, A I 6 R
£ HFAIE A ProtoNet 73228 Rl R AE A% 7 4 1145 FH
PRAALFEAS B B T 20, AR5 R e 15 3 A1
T 4> K, AT S PR T) SEAR S A T«
34 IkRE

R B T R B AR AIE LA S B8 R IR T 43 A5
FRRFAE, [RINTBORYA Z AP B, AR B2k
RA A BT X, H R BT 5 #2355
DRI A0 R 38 R oy i O, ELARASE FH B0 2 400 2K R
LN A
3.4.1 TN R HL

A K R B R TR SR B (I SRR
W RBIWAATS, 75 R R B R AR AT 2 1 5
FFRAERAE AL RRRAE AT 28, HiEHR T
IYRBIE, A ISR A XU R iR, R AEAE
FHER PS> 2R3 E R BT BN peD €, BAAE
X R BRI A

Lm:=—§:i1%|09pc (8)
G5 G TR PR AE DL I PR 50808 4 A 7 ) 4

2, AR RTRNGRRT B S 40 2k A, R PR
L[rain = I-D + I-E (9)

Forfr L Ly 2 00 SRR 4R R FEE AL B 4 I R 5 1
LT 43 A R AE A5 B U 43 B02E 1 1 5 A2 SO
R
3.4.2  IRAFSR 3L

A5E Y P 6% AF 215 B 0 2 R 40 VAR R AAE A R R
At KBRS R R IR B RFAE AT 43
I8, X AT A R LN S5 8, T A& ProtoNet 73
HeBk, HHZ A BB BII T ECN Pa oo » T
A AE B A AR AR R 2 A 1% 19 2 1 T
B Pue s 25K THTEE 2 1 S 00 43 K 2 R
Z IR RlA R A SR N SR s 15 3 48T 1 T
P B F 2 TR0 43 A8 FH A8 SO ok
PREAS R, R, SAIRUER R KRR N

L\/al = _z:zl Y |Og Protal (100

3.43 ik AL

FERAR RO ROR T B, 3 T IR TR 2% bR B 3
RS TN 17 ZRAL A% BRI XT B R 2 MR 2 ek L » A
AT AALE 7, BT DA 43 2K R B 2 I Xt
T:

C
Lfinetune = _ZC:1 Y. |Og Protar +7 % I—E (1D

4 S SIEE

41 HiEE

S oG b AdE A 3 ) HHE £ S HMDBSL |
UCF101 5 Kinetics. HH HMDB51 %4 £ Hi 51 4>
HIEFRN) 6849 MNMUAIA L, HASMEREDAE
101 /MRRAI, A0 BRR R AR i . 1R
R (0728 A AR ILAE B AR SN A AR RS T
M, HAERKMEFEESNRIE: —KinHz)
TE. BHEAEXN R E. — R0 SR 1E.
NG ANZHWERMN SN R BEREME. %5
PRI N INGRE. BAFEMMRE= 7, X
=% A 31, 10 A1 10 N EIES.

UCF101 /& M YouTube £ L5 101 AN 3hfE
FRHIVATE GG o 1% B0 R 428 SR WA B 1F 1) B 5K
P, FABERP RIS 25 HANTER, B
NFERK 4 27 AN, RN 58 B AL AT P 7%
EAINLZE B . B EH 580 Wik R/h M
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A H A, LIRS IAAER K E S,
At 13320 /MM, 7 HEAI5 0 320%240 . 1%
KoHs B FAE M R A NN 2R B0 E 2 AR 4 —
oy, B S 704 10 BAK 21 EhfE.

Kinetics /&M YouTube USC£E ) — A sh/EALAEL
WA, PR 10s /247, 5 400 211 306245
ANAR, WG VE ) SR 5 E . Bk
R H S22 Kinetics100, B M Kinetics400 ik
B 100 2K, 4EN3EHL 100 M. # Kinetics100
%1538 64 12 F1 24 ARSI =35y, 3 AR R
WIGREE. BAE AR 4E .

DL BT s 4R 2k ARNC A 22 g ) 4y
FRUERN > NGRS IESEFIREE .

42 SCHATS

ST A, A 3L T ImageNet Il 25 11
ResNet18 & AR #2225 VR NP AESE AR o BEAT %y
FESEELRI B, ) — M KA G 16 i
1) RGB MG, AR5 4 — i Bl Fy #5 S 88
N 224x224 KN, FF HRHRLA I E AR EC T 50%
REZR (17K 7 1) () BEATL IR A SRS

FEAR T TN 2R B I R A b, ik Ab 3K
/N E A 32 (Kinetics 284 T 128) , Il
ISAEIR AR FRIEA 200 ¥R, FERORTBL, &%) 1-shot
Al 5-shot PRI TSR RLEA TS0, LR AR 7R 2 I
T episode #EATIIZRI, batch-size vy 1, 1%
UERAR AEAR BN 100 A1 200, 5286 Hh b AR i
AL 5 BOHE (03001 43 A R AE 3E AT T B B A, 9
T 53 A R AE R L (0 Tl 3 4 5 Lo wy, = 0.8, IR B
R AE S R FIO 43- 250 o5 oA w, = 0.2 AR AT 0
B, AR 45 2% BR B R 3R AE A% 3R R AU 6 B ) 43 2K A5
KL FIREy=01. ¥R\ EF, Bl
B BRI B BRI GG 5 S R #02 0.01, RERE
—/NZ% patience, K/NA 6, MBIRLEIRIELE I
TS 3 K35 S 4 patience /N T2 B BT A 56
UEA R P E RS, 5 3] R — IR, [FIB %
B TSR MNERME, MR FERT 4RI
SEAR SRR . SEIG A A B R B T R R R
BEAUERRE T F% .

SCE AR I 4T PR 58 CPU  Intel  Xeon
E5-2620, H: 40k 2.1 GHzx 7 cores, 2547 K/NA
188G, XJH 8 7k NVIDIA GTX 1080Ti &k, &A7F
KNI 96GB, #:1E &% 4 Ubuntu 16.04.7 LTS, &
27 S HEZE 2 PyTorch,

4.3 THEERE

XfINEE AR S ) 25 AT PEAS I, A T N-way
K-shot” iX—EHZEMES, Bk, MAHZ BT
ERAIPEAEAS T %S, B “5-way 1-shot” 1 “5-way
5-shot”. LL_E$E 2 1w S #0 2 MR SE £ 4
HY 5 AN RAEEE NS R 4R, SR)5 1-shot ¥EREANK
HU 1 AMEEAR, 5-shot AREANZEHLS MEA. BRT X
FREE, IE TR BRI A, AR5 %2,
HFHAEMFEART R, AR 15
NEWFEAR. B HFEEMEREAR —1
episode FEATAE Y 14 BETEAL o

TEf JE v A A TN 45 SR Ik, 8 FH R
Fix—HERRUE, HE4T 200 YR ) 920 BT A {E
LK 95% 15 FE X [A] o
4.4 FLEFEEERSH

N T BRAUEA LT VR R A R, R 3 FIR 4 R
T I I INFE AR ARAT S R 7 1 UL R A ST i
7t HMDB51. UCF101 A1 Kinetics #t#84 4%t/
FEA 2SIy “5-way 1-shot” 1 “5-way 5-shot”
ESEHATMAE R, Fad TARTEDR
Backbone Xt M RUAFMAE4EFE . 2 HE S HH &
(FLOPs). M\EH IG5 BAMERIL, DA
BRKZHZET 3D 4EfZMFHESRIES, XA LERFE
PEEUAR IRECE Z I (Al 4 L5 R, T 2D 77
TR IR AE SR B 25 0 B[] 2 i 1045 B8 A8 A BURS,
ASCTFIEIEFRFET 2D FRAESE AR A 2 /INRE AT
TR, Rl ZRHERS . CFIERIES
(AR K HE 2D J7 957 . BEY{E A ResNet18
Y£~ Backbone, ‘E ) FLOPs 1V 1.8G, Z¥ &1\
11.7M, 1fj C3D 5 13D % 3D HFAFFEEAR X P 1l
BTGB, mAR SR T1%
2D AU R ES SHEAN RS T i
FIvERE . fE/NEEAS S STHY 1-shot 15 ML, A 72
Yo FRUER R PSR I NI, SIAJTEML,
£ HMDB51 ##in4E F3&F 7 8.5%, £ UCF101 %%
e FIRTFT 95%, 7£ Kinetics HEsE FARTTT
1.0%, TMifE 5-shot f&L ~, AL J7i%kE LA 3D
EM =AM, £ HMDB51 Al UCF101 %45
£ EYERE I AT, 7E Kinetics i 4E 85 3D
TEEERFEY. HPESFEEREZ, “Video
Disentangling Attentive Relation Network”(VDARN)
75k A ] 7 2 AE R AORE, i) ST-GCNEY!
] 2% SR L 251 445 ., [AIB A GoogLeNett®



SRS FETMEAR S ST iR B EERT 7T 5 S 11

Mg AN SR FRE R, IR A Backbone FI4EZ 7372 3D 5 2D, H.ELf FLOPs

#=3 AXHFESMASEE HMDB51 1 UCF101 Mk 25 R sttt

Backbone HMDB51 FHERiIZ (%) UCF101 RiEMIR (%)
Jiik
EA S RRAE4E SR FLOPs Sway-1shot 5way-5shot 5way-1shot 5way-5shot
13D1% 13D 3D 107.9M 12.1G 13.7 — 234 —
13D+TSFE 13D 3D 107.9M 12.1G 27.0 — 48.4 —
GenAppE®! C3D 3D 34.8M 38.5G — 525+3.1 — 78.6+2.1
ProtoGANE?! C3D 3D 34.8M 38.5G 34.7+9.2 54.0+3.9 57.8+3.0 80.3+1.3
13D+SLDGM Y 13D 3D 107.9M 121G 36.0 — 68.3 —
ST-GCN
VDARNE + 3D+2D  3.0M+7.0M  8.1G+1.6G 39.7+3.6 56.3+2.9 59.9+2.9 81.6+3.2
GoogLeNet
ARNIZ C3D 3D 34.8M 38.5G 44.6+0.9 59.1+0.8 62.1+1.0 84.8+0.8
ours ResNet18 2D 11.7M 1.8G 53.1+0.8 68.4+1.3 77.8+2.0 91.9#1.1
T4 AXFESIMEFETE Kinetics EMRLERXTEE
Backbone Kinetics F#ERfIR (%)
J5i
4R FEAEYERE & FLOPs Sway-1shot 5way-5shot
CMNE ResNet50 2D 25.5M 3.8G 60.5 78.9
ARNM C3D 3D 34.8M 38.5G 63.7 82.4
TRANEY C3D 3D 34.8M 38.5G 66.6 80.7
Ours ResNet18 2D 11.7M 1.8G 67.6+1.9 82.2+1.3

5 ResNet18 #12, HAS{U# A ResNetl8 EA
Backbone, AL L% 25 BT, SR T
fik. 5 VDARN J7iktfith, ACJ5iLfE HMDB51
A UCF101 Hifa 42 3 B IF I 70 REFE, T AR SC
D5 VEAE A AL ) 3% B bR 22 R A P SRS A4
AR, A, WADHIET 2D FHERREEE
[ 515, Iz 5 F F)“ Compound Memory Networks”
(CMND B3, 3% 5 Hr T LU A SO 2D 5997
A AR IRV RE, [FIRNHA e R Re, AT
KRICTTIEBEUFHZHE T 2D J5ikig 77 .
jHRhSEI8

9T FEINER N HUBIE 5T 3 TR B R AE S U
TER 2D /NFEARTATAT AR B AY, ARATH A H—
RYNVHRLSEIG M EE R. CATI R B4t A5 13 21
BRI PEBEAE AVEAS bR i, RORRORBY B2 R 1 ks
BUTEE R/INEAR S ), SR R e 1, Hoamid
SEIG R I, H TR MR AR b i e P BE 4
FHECEA R . N T WUE Pl bR AE R A B, ARSCHE
HMDB51. UCF101 X Kinetics ##i4E FikqT 15K
55, sk 5 B, S ISR FOR I B CEES
5-shot &I 45 515 2R3 T I, T
DA I ASE Y 7E 56 UE B2 A0 R A b 4y 2N B ) S

4.5

LN, BhEHE T TR SR B AT A )
RE, FEACHT DAY A Y A 5 ) 1 e A A MR
DRLE, 723 RSz 6 vh X AR Y 58 s I 2R B B 2
JEIPERERD AT, HARRF AR BRT, ASCHAT 13 R
SEEG 3T HMDBS1 $E 4 .

®5 MINGMERSHEMBRERERE S IERHR

PEE S ISAIE 5 R TRINGRI B WO B
IGAESE R 72.81% 74.98%

HMDB51
MR L5 67.48% 67.88%
BIE gk 90.90% 92.22%

UCF101
MR L5 90.52% 91.92%
IGAESE R 83.88% 83.65%

Kinetics
MIRASEP S 81.49% 81.95%

4.5.1 ZHFHLRES S BT

AR S5 A A P 3R PR AL A A B F
TTE 53 A REAE, 38 Ik 6 38 56 I8 F s 2 T 4
HEAT INBCRANAG 2 7 487 0 o %, e &
PR BT S5, T B R A S SR A
RIPE. J 1 Uk AR A A ik R A ) G U 5
FER, EHESER T IEAT T A M AR EL S
RIS, [ ORAEPT BRI 20y 1, 2
Ja 0 1 Z (a1 B 73 A1 R AL (1 X0 A B AT
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SRS, A B Sk TR FRE AL B AR A X I ) U 7 )
PCEHUENE 13 0. SLIRERNIE 6 frs, A
B AT DA Y, AR SCHE H 2R 78 3 1 70 A 5 A
B w, =0.8 MIEREERFAEAE w, =0.2 I AL RE i
PL, T H 2w =10 I, Ron A58 T HE K
W ATRHAE, HRIA WM B T — E B EL T
FERLGERAEXS LS5 R, 72w, =0 IO, SR fE
FH IR 2 AL R 1 P 45 SR A 5 AN 9 2 i ) 20
KEE R W, ZPIAE R IR & PR
H 7 FUREAT R JA T LA SR A B ROCR, T
BARHA FAN, PHEAEw, =08 w, =0.2 Abik F|—Ff
PR, PR SN AR, T A AR
PR B A5 AE A EE AN A 2 B I3 e b, AR
REAS T RE&H . dbsh, BT w2508 0.
0.8 LL K 1 B AR AE I ik B i 10 a2 A A%
rRVERERIL, SRWE 7 Fox, MWETRETE
H, Hw N 0.8 IR, BIARLE 6 P ahfER LIS
TREDRUR, fEEEH kick LRIERILE w, 40
I REAEET, ERIARI 3B L BRPCRAR
e, HIEFIR G R A, B ks R
AR ST I P B SeE, AT RO DR IR L
R AIE 5 AR 1R UL TE A R AL R AT A B R
Ja s FEFIRIE RIS RS2 R, PR R
AL B RE ELAH M, A AR, BEmseBl it
T B AT AT — M REAE B R AT 20 2
PERE. LA, ZRFALRL G 7 5 PR AR RS B
TURFEAR, AR RAE B AR BRI RN 38 4 17 51\
5 S R R AN TAD A B A O R il R

73 a1
va

B 69
=
#
8
ﬁ?'ilﬁ
/.I' .
&7 ra ™ ~,
/" \'\
- TNegot
¢ L ey
65 e =X el
654 HE-
: : . . .
o 0.2 0.4 0.6 0.8 10
Tl

K6 A A RIS 0 PR i 5 i X ) 00 4 2R

| -, =00
. ow =08
el v =10

kick  kick_ball  pick pour  pushup  fencing sit smoke talk
BEA

K7 REBCE SRR A R o SR UE R
452 A[FIF SRR ST

TEAL R S ANBY B S0 E 5 T m AL v, &
BRI AR R AE 5 I T R A F 43 K 38 3R A5 b
ZETUNMAE, ML A B T A RIS, AT
A &My RaE (ZEEIE, Logistc
Regression) . KNN (K-Nearest Neighbor) . SVM
(Support Vector Machine) . Fr%&%#% (LP, Label
Propagation) DL ProtoNet iX T 43 2453 1754 b
S, VEAL bR HE R B RLE TR B 4 R S AR
UESEAIIAER B PERER I, DU IR B AR E 5 0
TEARFAIE 43 SO0F 2 FREIIAN B8 43 3] 52 0.2 F1 0.8, SEE%
SEIRUNER 6 Frome 43 D0 TR R A AN I T ARk
0TI 43 S A% A [ 1) 43 2 8 R AT R b sz e, %
PLBERFAE 53 ST 73 R A B AT I £ 0, SRR 7
K REARERINR LP, kBRI RHIE 4 143
RAFIE, AR > SCNER N ProtoNet 7338
o MR 6 ML R LA H, AE LM
FEAEJ> 318 FH ProtoNet 73 98 #5140 42 S i 7€ Ui JE R Ak
SRR LP, BJEgh Ry —a, IR AE S
{8 ProtoNet 73 228 FIUIERFAE 20 SCfE FH LP 3347
PRI, BRI BB AF 1 7 2R

#6 MITMNZERATESLBFZHER

) RUBEARFAE LI 73 52 AR AE TN 5332
R RirkrBe  WRETB | BAERTEB R B
Logistic 64.89% 59.68% 71.65% 65.73%

SVM 66.84% 61.53% 69.73% 64.64%
KNN 70.27% 65.07% 65.16% 61.37%

LP — — 72.81% 67.48%

ProtoNet | 72.81% 67.48% 70.12% 65.37%

453

AR R L S 56



SRS FETMEAR S ST iR B EERT 7T 5 S 13

NT T AR 4 YT F o RGBS 14
REMIREm, DL R KA & B 4RT8R FBUA, A&
X} RAE AL 3 5 5 25 A% 15 4 59 A A ) 04 4 7% A
T, HRAEMASENA, @I RKELRRFEAT
b, TSR B 7R S E 4 Loy RIER R 4
TFEERWER 7 Fom. R T HAMEE HRAEALFEA
PR TR T 4 A P AR 0.3 REIABIRAERCR, B
SR 45 TR BOE /N B R IR PR R R R
R, HPla, =03 Mla, =0.3 Ny, ZEHR 13N
5 9g /N o R UER AT 2 R Bt [HAERM
ST, RAEAR I 4 TR B I K 2 AR 8 e
RETH.

R7 FEHEAFRAEEMNLERE (%) IEE

KRB FAEERT o FIBUE
a, MBUHE 0.0 0.1 0.3 0.5 0.7
0.1 70.27 70.84 7044 6519  45.23
0.2 70.63 7109 7157  69.16  58.05
0.3 69.63 7145 7281 6947  57.29
0.5 68.91 69.83 7097 6743  55.28

PA b SR T4 P8 1 1) S 56 2 B4 T HMDBS1 4
PARHATIH, FHBOE A ZEIEEN o =03 M
a, =0.3 B4R F. fE UCF101 34 I,
AT T KN o, =0.1 M, =0.2, BWEAGHE/
72 DR A B SR AT R IR Rk 14, UCF101 %icdfs
LRGN EERPRMAE H 25 AR, FH
NTERL 4 27 MBI, I a AN A ] 14 AR B
FE R AH SRR, R 8 8 R 1 B K
BARCHFIEREE S, FRIBRARENEES, HE
MSFHE P S N 2 “BeE” . HEH 51
FAE SR, X T /ANFEAR 5 ST X R Ok 3
PO AR SCRFEE AR B 2 B S AR R A i
1, By R AR AR AT T 8 5 SRR SR AN [F]
— N, FTLAUEAE UCF101 $d 4~ 3 B
14 45 5% DR ¥ fig Lk 3 S A 0B 0 kG U A DL .
Kinetics #4l & 5 M K HASORIRSE 24, 4 iA
¥ EUAEL i /)N B S0 AR ) e TG B SR RS R, AR SCAE
ZHHEE R AR E N o =05 Ma, =0.2.

454 SFIEEAERE &S

NI VIR A A% 3 B IR IR 45 R AT T
T ERAE JE Re AR AR AL MR BE . A SC#E HMDBS5L.
UCF101 DL Kinetics ##E%E EabA7 5t L sese, Jf
P i M — AR B O R A R R AL 3R . e L SEES
T R B 22 KR AIE Rl G R0 B v TR AR B g AT S5, B

R BEAFAE S L FRIE AL B 0.2, LT RFERS B T3
NAERLESY 0.8, VLI HUH L RAERE, ERT
UL TR AR AIE 1 TR0 73 3 b T 0] AR AIE £ B 2 3K )
R AEAE AR AL FR SR PR S TNEL . & 15 T R
AEAZ IR INEARIAT IR 45 R 3k 8 Firs, A
R IR AR 5 I AR B 7 S AE TR R 45 R
F VA A SR AE A% 4 5 B ) 1 REAS B T 4R
The MAh, R T o =0 X —FINRAEALFE P4
7551 0 X MY SR, BIORIEAT RALAL I 5 1F
5 RIEALARAHA T oy =0.1 Fl o, =0.3 IXFFI (1145
RAATEORL, BEMIR AU RVERES A IR, [F
I AN R I 2 o BB ORI, PEREA B et
P R AR R S R R, UGN 4R i 4 T
LRI AR, A PR AT R HE . DL sk
60 159 U W A S M AR 4 A A% 5 X AL T R S A )
Fi1 B 51 N AL A% $8 3047 3 FE (0 °F 1 45 A 2 I
.

*8 REMMARMELABESLETHRILL

LANRAER HlE=RAES
BACITE S Fe B R ALAL S R AL
i R i =
HMDBS51 69.63% | 72.81% | 63.07% 67.48%
UCF101 89.12% | 90.90% | 88.22% 90.52%
Kinetics 82.63% | 83.88% | 80.40% 81.49%

5 B&h

BEXE A ANRE AR AT SR ) 5 VEAE 1S A
PifE B ENAAENGEEERE . KM
K WPHEE RSN, [FE A E R 5K
G, PR T — R & 2 R ERLS T
2T V25 T IR P R AE 5 U0 (0L T 4 A R AIE 7 ol
FEAEREATARZE T, AT LATE 38 im0 5045 S 1) [ B
ZRICREENIIN, MR MEARZ P E
REA B, [E Y 2 A I e 22 R 3
e SAX AL il . Ak, FET 2D kMg
WK > T 28 ' 51 &E. /£ HMDB51,
UCF101 1 Kinetics 4l 4E FRRRSLLS, WIE
T ARSI A B .
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This paper focuses on few-shot action recognition, which
belongs to action recognition in computer vision. Traditional
action recognition in video often requires large amounts of
labeled data. When a pre-trained model needs to be adapted to
recognize an unseen class, it necessary to manually collect
hundreds of video samples for knowledge transfer, but such a
procedure is time-consuming and labor intensive. Moreover,
the complexity and cost of labeling videos are much higher
compared to labeling images. There is a growing interest in
making models effectively adapt themselves to recognize novel
classes with only a few examples from support set. This is
known as few-shot learning.

Considering the support set is very limited in few-shot
learning, so more discriminative information is particularly
important. In order to alleviate the lack of sample’s
information, lots of methods have been proposed to expand the
dataset. As a result, more information will get from one sample,
but repeatability of information and similarity between
different classes will be higher. There are some methods
proposed to get temporal information from video. First is the
emergence of 3D feature extractors, and the scholars propose to
align and enhance the temporal information. But the complex
network and huge amount of computation consume too many

resources. Moreover, some scholars use traditional 2D feature

extractor in few-shot action recognition in video, and have
achieved good results, which indicates that it is worthwhile to
further tap the potential of 2D methods.

It is not difficult to find that previous methods seldom pay
attention to domain shift and hubness in few-shot learning.
Some researchers have proved that a smooth manifold could
alleviate these two problems by smoothing decision boundary,
improving robustness of model to noise and maintaining the
manifold structure.

In this paper, we propose a new few-shot action
recognition model, which is based on deep feature and
manifold feature. With the use of two types of features to
increase discriminative information, our method can alleviate
the problem of insufficient sample’s information in few-shot
learning. And the operation of smoothing manifold structure
could better alleviate domain shift and hubness. In addition, the
model uses 2D convolutional neural network as feature
extractor with lower source consumption. Finally, the proposed
model achieves a good performance, especially in the task of
one-shot action recognition in video.
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