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Survey of Deep Learning Networks for Video Recognition

QIAN Wen-xiang"* and YI Yang'**
1 School of Computer Science and Engineering,Sun Yat-sen University, Guangzhou 510275, China
2 School of Information Science,Guangzhou Xinhua University, Guangzhou 510520, China

3 Guangdong Key Laboratory of Big Data Analysis and Processing.Guangzhou 510275 ,China

Abstract Video recognition is one of the most important tasks in computer vision research, which is concerned by many resear-
chers. Video recognition refers to extracting the key features from different video clips.analyzing these features.and classification
of the video. Compared to a single,static picture,there are many significant differences between frames of a video clip. How to tell
the differences through the dimension of spatial-temporal information from video clips are well concerned by researchers. Taking
video recognition technology as the target of the research,first,this paper introduces the basic concepts of video recognition and
challenges in this area,together with some of the most frequently used datasets in video recognition tasks. Then, the classic video
recognition methods based on spatio-temporal interest points,dense trajectories,and improved dense trajectories are reviewed. Al-
so,the deep learning network frameworks for video recognition proposed in recent years are then summarized. They are summa-
rized according to the time order of their proposal and grouped by the different architecture of their network. Among them., the
video recognition framework based on 2D convolution neural network is introduced, including two-stream convolutional network
architecture,long short-term memory network,and long-term recurrent convolutional network. Then,a framework based on a 3D
convolutional neural network is introduced,including Slowfast Network, X3D(eXpand 3D) Network. Following that, the pseudo-
3D convolutional neural network is introduced, including R(2+ 1) d network, Pseudo-3D residual network, and a set of light-
weight networks based on building models on temporal information. At last,a Transformer-based network is introduced,including
Timesformer,video vision Transformer, shifted window Transformer(Swin Transformer). The evolution of these deep learning
frameworks, their implementation details and characteristics are analyzed. The performance of each network on different datasets
is evaluated,and the applicable scenarios of each network are analyzed. In the end, the future research trend of video recognition
network framework is prospected. Video recognition task can automatically and efficiently recognize the category to which the
video belongs,and video recognition based on deep learning has a wide range of practical value.

Keywords Video recognition, Improved dense trajectory, Deep learning, Two-stream network, Convolutional neural network,
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Fig. 1 Procedures of video recognition
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£ BTN Z G, 13D W LA7E HMDB51 | HAs i 5 66. 4%
B ER %, 78 UCF101 _EHUS 5 93. 4 %0 M HERR R

BE T WA b R A TE A AR SR AR B DL R R AR
AL B B 35 X 38 59 F 52, Feichtenhofer 48517 #2 H 7 He g ) 4%
(SlowFast) ¥ 25 [a] {5 B AL 715 B 43 AR HL ., 1E & X R —
ARSI R B L A AT 00 A4 AR 28 0 4% e — AN 18
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BROCHE 55 B S L 2 > R 4%

4%

ik

AT PR B 4 W 2% (Slow 38 T8 ) » T4 7 90431 b 1) i 75
P s o — A 2 AR 73 B R 5 TR 4 W 2% (Fast ) , JH T
SrEET T E A N A . BEATERE T 3D 5k 25 PR AL, 7
WA T Z G B 1T 3D BHBEAME . K H Fast il i B4
55 308 1 0] ) 3 422 B 3% A Slow W I8 , I8 Slow 38 i H 1 3K HL
Fast B iE 45 R0 (5 18 . SlowFast 4 £ Fp R [6) 1 L& 6
18 AR RAE R FROR R T, R 06 v BCR B2 T X i, 7l LA
A SlowFast 4X16,8X 8,16 X8 £l E ., ML T C3D M4,
SlowFast 43 FF 4b # 25 [0 {5 & 5 B 77 45 B . B X 2l 75 i B2 5
JE TR0 B A 2 S ) R R B T W L MR SR N 3R 2 A,
# 2 JET 3D CNN f MBI TE Kinetics-400 1 X kb
Table 2 Comparisons between 3D CNN-based models on

Kinetics-400 dataset

Average
Method Backbone Accuracj/%
c3ptan LSTM+RGB 53.9
C3DL27+16] 3DConv+RGB 56. 1
[27] Two-stream Network,
€D RGB with Optical Flow 62.8
13ptt — 71.1
X3DM8] — 79.1
SlowFast 16 x 8-*7 ResNet-101 79.8

3D BB ML W 4% S8R £, S BOLTFR S K,
YN 2 A4 A 18] T4, L 3 B A ) 48 3R A & i/ 1 2D 3 AU 4
2% . Feichtenhofer Z£M8 2 i T ¥ B 3D M 2% (eXpand 3D,
X3D), X3D F L& XS,S. M, L, XL, XXL & A [ R - R
94 WS SR TS B U HE R R AR B B R B R R
X3D M2t de T 3D 5 B 28 W 45 2 50 £ 10 1) 15 e 4l
T —F B R L Iy 1, 7T LU £ 4% Bl e B T L
R s A v MBS R AR B Y R IR Y 2D
EUR AT 532,

X3D B T 5 2w TAE L ARS B, (5 KR k20 T ) 2%
YRt Rz E . HXTTET 2D 35 B0 W 25 19 108002 51
REHL, X3D 7 Kinetics 2 2 Ity K HUMLAE 5t B8 4& 19 IR 51 4E 55
A S HUE A R R . 7E Kineties-400 2, X3D A DL 1%
P 79. 1% B9 Top-1 HERT R M1 93. 9% i Top-5 HER T, X
5 [R] I ) 36 90 & & 19 SlowFast 9 79. 8% ) Top-1 HEHA % 5
93. 9% iy Top-5 #EBHFEAM LT . {H X3D W4 A g AR 4 Hy
2 ) B _E M5 B 28 1k B 7E 25 Bl Something-Something
X 2SS T AR B B A SRR Y A B 4 L AN RE A R R
TS SR, Lee 1% 1 R 45 5 % W] £ Something-Some-
thing-vl | ,X3D F£% 1% Top-1 #E#i &Yy 48. 4% . 45T Kineti-
es=400 T S5 1Y 9 45 HERG RN 52. 6% % 2 I T AR 4%
J5BEAE Kineties-400 | B PEAL 45
3.3 B#HA 2D ERME M %K

R T He 3D A5 U 28 I 45 1 I 4 ) R, Du S0 42
H—Fh il 3D BB LML R(2+1Dd, X2&—H 2D HHM
Tl 2 ) 45 ASEADL A O 3D P22 R 4% AT T IR A B 45 B (Mixed
Convolution) FYRE AL, ZAERILE R )2 = B8 (HER)Z
i 4 B A AT, FIRT R T 2+ 1 RS AU L, X
AN A = A 1 45 BUAR AR A3 1 s 1) A5 AR — 2 A A )
B BUX T B2 F B FRERAE . B 3D & B 4y SRk Y
23 [ RT I ) 43k, A DA 3R T A Y . 7E 4R 25 2 2] I AE 2R
T = AR s 4 AR X T g s B 20 I 45475 ELAT T

PR, HARE M R+ D d W% Al LL#E Kineties-400 Fil
HMDB5 1 %5 #0448 1R A1 25 I g S ik 9 3D 2 B bl 28 1o 4%
T3 B AR [R) B AR Y AR

Qiu FEP R T AR A 2 4 K D 3D Bk
#Z M 4% (Pseudo-3D Residual Network, P3D), fE& ¥ 2D &
TR ey 3D AR, Il & B K/ (1,3, 3) 1 =5 [H] 4
L, DL KA B R /N Ry (351, 1) W s i) 45 FROR S DL R 0 48 B A%
K/NA(3,3,3) 19 3D AR, LB P3D I 45 1T LUFIHT 3D 45
) Sfe B OO AR 1 25 8] B 7 {5 B . P3D vz AL BB J7 58 . i1 B i
FAREL R W 45t AT 23 . HFE Sports- 1M B3R T ILEET
3D B BN 4 7 1 5 5. 300 B HEWH 3. L3k T i 2D & LR
KT 1 8 IMHET &,

Wang 05 B T — 41 3 F 4% 18 G P A8 7 0k 1Y
[ £ . i 18] B ) 4% ( Temporal Segment Network, TSN) | B [A]
WG 1 28 H R 4% ( Temporal Enhancement and Interaction
Network, TEINet) . i [8] i %& 1 % £ W 4% ( Temporal Excita-
tion and Aggregation, TEA) | i} [&] [ i& L M £% ( Temporal
Adaptive Module, TAM) . I5f [6] 2% 43 M £ ( Temporal Difference
Network, TDN) ,

TSN Sy W5 v (1 B4 B T T A 3000 4 AR 46 4 L, I
P T B R A L T R R NS S R [ 4 A R AT A
B AN T 0 B AR RO 2 ) S E R, TSN 1R
HMDB51 #il UCF101 55 2 M8 4 1 B 1 BLAF I &38R . n
F3PI. T3Ah . TSN X WL b B AR g, AT 2k Ak
IR 340 MU FD 14 v T A AR

TEINet™ i 42 Hi J2 o T P 3D 4 FUp0 22 10 25 1h &
B K S BOTH B H K, L 2D 45 BUs 28 W) 2% TG 2 X i 7]
AT ) R, L4 T B[] 39 58 F1 32 T (Temporal En-
hancement and Interaction. TED 3¢, TEI 8 3t t 2h 1 14 5
BEH (Motion Enchanced Module, MEM) 5 i} [] 28 . 5% B
(Temporal Interaction Module, TIM) #J i, MEM # #t ] Fi
TE R )R8 R R R 4 JR) BT (R B R T gl AR A O I R AE
TIM A% H 42 BOR <8 Wi 09 i P 15 8, 38 58 1 i % 1R SO B
TEINet 7£ Something-Something 4% 4 o] DAk 20 i1 8 &,
IE WU T R 2 2R

TEAPY W &t 2 VE % & (Motion Excitation, ME) F1 £ it
[6] 28 & (Multiple Temporal Aggregation, MTA) & B 41 i,
ME #5e H] T$2 I3 245 15 8L L i 4 5% 22 35 Bk By 1L 5 E B
REA T 5 5] B X 52 47 T8 AT R L LARG 5802 B 45 R i g
MTA BEH 58 o 5 B2 A Fr B M5 2. SR 46 4K A [ i (Al 98
B 28 R o VRS B UE T 3 F 75 1 I BOR G T B R 5 1 o
it B JR B4 FRAR 3 19 R T s 1B] R I T R

T EFHHEE, TAMPY AR X B 8] 45 8 0 17 g A, T 28
5 BN i 2D BB 2 W 4% 5] . % TAM W H T 2D %
TP 2 I 2 e, RO B A VR SR AR L T A B — A
AEPL 5 R0 ) 2% 45 4, 7E Kinetics-400 b, TAM 9 #i #f K
Al LLIs F] 76. 9%, b TSMM & 2. 2% ; 7 Something-Some-
thing-v2 ZR4E FHERI SN 64. 3%, H I TSM R 0. 9%

TDN o £ 00 b =X st 32 OB )5 132 20 1 22 £k, O o
ABI W25, HER T 0T ) 2% 43 BBk (Long-term Tem-
poral Difference Module, L-TDM) Fl 4 ¥ i [6] 25 43 B
(Short-term Temporal Difference Module,S-TDM) , iffi i 2% 47
B AE SR B P A5 B bz s A 4k, T LA i 3 3 SR AT
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AT B B R R, R 3 A TR R £ M FE Kinetics-
400 BHE4E I, S A TR e B YIS0 75 B0 00 R %,
3 B 2D CNN MR LE Kineties-400 b %) L

Table 3 Comparisons between optimized 2D CNN-based
models on Kinetics-400 dataset
. Average
Method Backbone Pretrained on
Accuracy /%
R(241)4"] ResNet-34 Sports-1M 74.3
TSNLSZ Inception v3 ImageNet 72.5
TEINet-?) ResNet-50 ImageNet 74.9
TEAPY ResNet-50 — 76.1
TAML] ResNet-50 - 73.5
TDNL6! ResNet-50 — 78. 4
TDNL%J ResNet-101 — 79.4
TSNLSZ Inception v3 ImageNet 72.5

3.4 EF Transformer B M 2& HE 22

TR GE 1Y 3D 45 TP 48 W 4% 35 T2 A5 U Y BT A B &5 L& b
Rt T B % PRI T S AR B R . D3 4, 3D B FRIR K A%
AR AT LA A b AR R R 3 e s X3 P A e R B R R
AFL A T v 00 A Y HC 8 52 Bl ) 28 AROH O R AT A, Trans-
former J& oy — i i e L SZ B ] 0 75 28

= 1 (Attention) ML 9% )12 His A6 TR B 2% 2 1 & 4
G A FERL G B G AL By 1) b TR D AL B T R
BRI 09 I& 32 B . Devlin 5807 42 1 0y H T 4 o3 i) & 1
BERT 53 i NLP AL 55 34 17 2 & MR TH. Vaswani
SN R, BERT Sk v f 5 B2 19 J2 Transformer 19 #54
Transformer 44 H 4 1% 41 {4 | % 2104 A2 AT =22 19 1) 32 42 4
B E 4 TR,

Decoder
Output
Encoder
T
L T
N
v
A
Input

[&l 4 Transformer %54 ) 5 A< 41 B 5047
Fig. 4 Basic unit of transformer
Transformer 25 A A% 45 ) CNN 5 RNN., H /4% 4>
AR UL A R, I 5 R, i g HES Transformer
P 26 A ] AT B O A 2% 1) A 6 R 4 . Ruan 5510 N, 4l
Transformer ZE ) 7E FEZ AR BB LM O L X8 T8
e YRR

Encoder Decoder
| wmms | | wmms |
giEgsn | IEEEE

&5 gt 0 A A 2 PN 3 — )2 1 ALk
Fig. 5 Composition of inner layer of encoder and decoder
Girdhar 21 3 # T Video Action Transformer Net-
work , il i — F it 3 13 #) 3 /E Transformer ( Action Trans-

former) &5 44, AT LI 470wt v 14 30 1 A 0 30 1% 36 47 460 00 R 43
Z5. BETSh AR 0 A B H AN R R AR G, BT ek
B 4E Transformer £5#4 , s v LA 38 43 P 51 32 € 6 A4 W 4R {5
B, H4EA T 13D 88 X 38 A4 B M 4% (Reginal Proposal
Network , RPN #% 7 > #£ 47 R AR 48 BORI SR FE . 1B R 1 33 &
FIBUH ST 85 R AR 5 B VR A X W] DUAR 47
X Ar s E . dd A X 2k e ik 5 e B AR R TR 4G RGB i
YEE A TE AVA S04 BRI 7 R 804 45 1 aE 47 0t
FoomAP A LAIK 2w 24,930

ST fie T A A TR AR AR A L BT CNN R 7k B
B T X RRAE A O R HEAT AR ARTY . — b AT B0 O vk 2 8
Tt A2 JR) S 25 3t A R A CREAE BB JC R A R ) HOAE A E A
b B AR . O TR PR SRR AR & 1
TEIIBIAL Seong AN B — i B ) 4 RN RR AT Rl
B AR A e ) 45 AR TR S 0t 3 R ) AL AN CNIN A 26 7R
THARFRAE . % 0 2% il TSR Y45 1Y) CNIN R 4 B 400 430 v 4% ot
FYRHAE » 3748 F Transformer 35 % W04 1) 4 4 ¢ AE 547 A A5,
AT X 3 5% R0 Bl VR RR AR Y B HCRE T #% L (R 7R R AT T 2k
18 RIS,

Bertasius &0 $2 1 9 58 4 3L T Transformer 9 TimeS-
former W 4% 45 14 J&& B 1 410 Transformer 28 #4 76 045 1R 54T 55
AW T M I 2 5 R {8 T 43 R 2SI R I 3 R T B O
%o IRTT ZENG I IA) U Ry RS (8] O N B A B
I AT BRI — 21 G AR5 SR A BT T T B ARX 3
MR HGHEAT L3, 7R XA i B v, I 4% 1T DL AR R 3 8 A 40 A
B 25 AR 56 Z2 AT DL G M B AR AR N 4. 5 3D B
2 M 4% 13D Al SlowFast A kb . R 4% TimeSformer i 2 1 & &
13D ) 4. 3 £5(121. 4 M Xt Eb 28. 0 M) , 42 SlowFast ¥ 3.5 %
(121.AM 3F b 34. 6 MD . {H7E Kinetics-400 |, % ik B HH 3L (1)
PURN MER B, TimeSformer A9 Y1 25 3 K 249 /& 13D 9 3.5 %
(416 h %} [ 1440h), j& SlowFast i 9. 2 £% (416 h X [¥ 3 840
b . BRI HEEEE L, H TimeSformer 7611 5 # i I H
AR S AESCBR R rh G AR TS A A A A K
Ky Fr B, JF HonT UEE T4 0y M R Bl ks B8 R By B A

Arnab U7 T M0 M A B AE 6 4% (Video Vision
Transformer, ViViT) W 4% &5 44 , {ff H 46 Transformer J % 5
WY e A A B & Token, 4 — AN BE A AL 2 h
— 4 AE A H Transformer ##i A . VIVIT & % f6 7
£, 04— WK £ (Uniform Frame Sampling) 5 Tubelet
Z83E (Tubelet Embedding) . 48— WORFEIE 4RI 2D E R K5 E
R 2k AR L e AT A 45 T AT 3 B Token 1Y # 4 . JF K 38 K
F 1Y Token ¥ He e K AE 1 7 L AE I i A . Tubelet 485E J7
2 0 TR WL I R AE L M 7 125 4 B — B ) 42 BURR AR O X
B — MUAR 7] o7 8 4 A

[ SCRE R 42 4 Fh AR [ 9 Transformer #5485, 1) £h
R A5, B 42 ) 19 B 25 Token /E24 Transformer BY%i A
FHE i ) Transformer 519715 B A RIS 2R . 2) 70 i 202 1
#% (Factorized Encoder) , ffi Fl ¥ > Transformer, 5 — R N
25 [8] % e 4% (Spatial Transformer), 55 — 4~ & B} [A] #% e 2%
(Temporal Transformer) . X P4~ Transformer X #4351 g =1
RN Token HEAT 4 % 40 31, 338 5t MLP X 4 i 45 3R it

11025, 3) 50 #% X B 7 & J1 (Factorized Self-attention) , il it
B R 2 6 i 2 O A3 R R AT A B 2 A2 AR T — T
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4%

iR

AN Token Z [AIFEAT 5= ) 4 AE , iof ] J2 %5 7S [w] o 14 ) —
£ E 1 Token #EAT I B S48 AE , H i 8] 123 [1] () Ab 212 52 15
AT . 4) 43 fif 28 B & J1 (Factorized Dot-product At-
tention) , 5 43 20 H VR B I 2L B 43 R 2 S R T ) e
(] 1 223 () fy Ab B AT #E AT B . VIVIT #£ Kinetics, Sports-
1M Hil Something-Something £ H& 5 I #EBUS T 4000 19 45 51

B XJ Transformer 758 1R i 1440 56 52 44 A 8 R A2 Ak 1 1
BLT PERE T B B I L, DL K iR 23 Bk 4 R 8 43 B Transformer
ST 2R ETERE 0 I 7 A B A T 1 )
Liu 26000 38 0 7 W 3 %7 O 28 #: £§ (Shifted Window Trans-
former, Swin Transformer) , X & —Fi 4 & 3l & O H/E H
HA R %1t Transformer,

fE 51y Transformer 3 F & RRITEEZE .08 &
JE+ 73 5 Swin Transformer $f i3 5 71 59 50 BR i 78 41
WO BRI T I S A L D T . Swin 95 kR
PEORIE T8 0T LR ER AL 3T 45 LIRAR R PR 1T 5 5 2R
PRI, 76 52 B 1 T8 4 25 R 4R 1 TRMBGR AT 55 b B AT DLk
F Swin Transformer YfE B H MK W@ H E . & T Swin
Transformer (1) W 45t 72 L350 4325 . B bR I ) 4 55 L AR IRAS
TURT RSO . R A FH T AT & M AE Kinetics-400
SRR N

% 4 HT Transformer [ M 45 7E Kinetics-400 I A9 X b
Table 4 Comparison between transformer-based models on

Kinetics-400 dataset

Method Average Accuracy/ %
TimeSformer-1.-64) 80.7
ViViT-H/16 % 200%] 84. 8

Swin-L, Pretrained on ImageNet-21k*+%% 84.9

4 AEIZRHEERE SRR

T 2D B R AT I BB R R M S R,
TH R PR, (TR — SE AR UL 0 37 5 B0 S OB R AR R
AT 55 ERCREE A, BT 3D iy 46 PR 50 80 I 22
IR R X TIAT B2 1 S 8k b2 9018 ) 45 i1 I 25
JIE I A T

— S F Transformer AR 1R 5B 1Y A fE T BE L 20 6
T T A R £ 10 A TR S AR AL (0 E R R I L M L T
CNN, 3k TP R I 25 Transformer 75 %8 2 1848 . X & i
T CNN WS E & W& 176 T &R — 2 55 56 5031, 41 fn
44 14 5F- 7% [R] 48 ¥ (translation equivariance) , {H Transformer
T FETE R HUAR 0 U1 5 K 4R L HE AT AE A A BRI 25 2 2 ) B i
SERLI

Kondratyuk %5 5716 45 W 45 ¢ B8 Q045 F- B A9 3k BE 43 9 R
(Resolution, RES) , ¥ #l J~ Bt #t X & A~ W45 v B A il %
(Frames) F143 FP i % (Frame Per Second, FPS) i) 4k J& it 17
LA, £8 Kineties-600 %o 8 B VEREXS Hhan 2 5 B3l

AT X3D FE AR R S T 5 3 F Transformer
B 2% AT LA, T DA M R B0 4548 . D #E Kinetic-600 (4
45 I, 3 F Transformer [ 055 353 51855 20 (%) o B 22 55 T I Alh
) A T 2 BRI 28 T 4% 5T B 1 L el HG R A JR I 55 b i o
BTk ;2) 5T Transformer B9 #4510 58 Y38 3 HoA 2 1
SRR A B IN A BR 2 0t R

x5 HMEMFLE Kinetics-600 $UIR4E b 0IBEFTHEREXS LL

Table 5 Performance comparison of different models on
Kinetics-600 dataset
Method AVErage  plOPs RES Frames FPS Params/M
Accuracy/ %
X3D-XS8) 72.3 23.3 182 30X4 2 3.8
X3D-sM'8] 76. 4 76.1 182 30X13 4 3.8
X3D-MM48] 78.8 186 256 30X16 5 3.8
13D 71.6 216 224 1X250 25 12
X3D-LL8] 80.5 744 356 30X16 5 6.1
ViViT-L/16 x 2065] 83.0 3990 320 12X32 12 88.9
TimeSformer-HRM ) 82.4 5110 224  3X8 1.5 120
X3D-XLM8) 81.9 1452 356 10X16 5 11.0
SlowFast-R50117 78.8 1080 256 30X16 5 34.4
SlowFast-R10117 81.8 7020 256 30X16 5 59.9

Koot Z£L%) 1 Langerman 219 (1 i 55 % B3, GFLOPs 5
WEB AT — 8 DI E A M DL T 33 A B AEE 3R, Ko 5 8 e L i i
AR NP ER SR

S A 45 1Y S i M g R AR R I 2 A R | At i AT X
(Batch-Mode, BM) % 3R | 51 5L 4] ( Single-Instance, SI) 4E 38 X
25 W2 HEAT IR, DA 3 B 4% M A ) 2% 7 AN [ 3 B AR 20T 19
FER I . S5 IRANE 6 Frgl .

26 A% ML O LAY ftg YN 5 L 3 A IR X L

Table 6 Comparison of model latency in training and inferencing

Method Training BM Inference SI Inference
Latency Latency Latency

TSM-R50147/ 2. 64 4.41 2. 36
X3D-Xs 8] 1.64 2.25 1.72
I3D-BERT!!+67) 2.49 3.69 2. 44
TimeSformer 4] 10. 20 20.10 8.77
ViViT-FE57) 2.95 5.54 2.83
Swin Transformer’sm 3. 64 6.87 3.43

ROMAER BN, e 2t #d 2o &, 4k
Transformer £5 % 19 [ 45 38 5 #5 B A BN EIR . Wk 5,
R 6 SRR . Bk X3D-XS B A f AR 14 48R L {H AH XT3t
FCE o AR AR

[ B 32 285 SR A 3R W] 0P 4l B T 3 ) B R A R
i BYEER . TimeSformer BY & I8 & T A W 2% o 35 155 B9, it L
3T Transformer B9 444 i, fff F 43 =X 40 5 25 19 ViIVIT-
FE 7 505 ] 4 A4 98 58 1 3¢ IR 47, EL b o 4 B HsF 2B 3R )5 4%
& T3E Transformer B9 M %% .

HAR T AR BT 55 B9 Transformer #E 8 4 5= . {H H
SERFPES SR 53 T B M 2 W4 R F e R 2206 . Br
PL, Xt 2 F Transformer 9 I 45 850 700 4 47 55 B 9 400 fb 2
AR AT LLHEATIRA MR W I 10 22—,

BERIE A SO AL GE R S HE Z8 DL B B T IR B A
P AL AT TR AE 28 0 D7 I R AT T R BB . A% S AR
75 W5 3R AR R 0 B R AR B e L I B 7R A A AR
TN THATRRAE BT, T8 TR B 2% > (9 0350 151 4518 )
HEZL BT DL 2y 76 A A5 28 0 04 80 96 4 B 33F 47 DIl 25 R 2
AR AR G 5 ) DU ARGy i TR 2

DT Al iDT k2 ik R A P E %, 5K E
125 (0 24 235 6 3 R T DL R 45 R RE

HT 3D M2 M 4558 AT LU LT 2D i R
Pl 2 I 46 T4 AT N 25 R R AR R S 40 R Y et
B A IR, PR, — 28 2D B U 42 I 4% 5 i B 4L 3D B R
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S 0 255 1) S B, WD T S R S B TR, O BT
AR5 3D 5 FUpl 28 ) 4% A 3 09 R 90 T 3 )2 . Transformer
TR I 8 R A AT 1) 45RR i — AS BTTE RE
FLF Transformer A R 2% HE 48 R 16328 FH 1 2 0 ML R il 1 L
AR AR AT L T LA R Ak A b AT AT 55

BEE RS IIRA M E R R B S A E 23 TIRES
AR ATT IR S5 T T R S HE B s 4 L O A SR — 2B BT B R
B RS . R m] DL 2 3, B0 S A 0 A5 ) B R IE I
751 o [ 2% il B S AT 55 o0 AL A TR J31) B vk 1 S B vk SR L AE
. AN, — BRI A (ToT 3 58 U 45 o vl DAl 455 7Y F
AT B, {E 3 835 A A 1A A B 0% B 00 0 A0 ) B vk 1 o
T A 5T P AEARAR T B AR K

3 A1 e 5t e 0 A A TR o 1 R R — A B Bk
PR R, IR R R B B R S IR RO 4 T ok
B =3, AR H TV 2B R 2 M A RE AR R R AF
L AR A BCC SR b R B, R AR B ol R AR Ak 1 4B R
PERR A BE TR X B 0 B VR T AR S LA L 2 A
B 1R R AR 43 A0 A A S 3 AR A A A5 A8 AL TE F 0O L iR )
TEAR BE T R o 30K 0 [l 851 1) A D S AT o A 450 3K ok 1 i — 20 F
FERUBT I E AR T RAE R
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