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Multi-objective Layer-wise Optimization and Multi-level Probability Fusion for
Image Description Generation Using LSTM

TANG Peng-Jie'' %3 WANG Han-Li"? XU Kai-Sheng'?

Abstract
image classification, object detection, etc., it usually requires that the model should not only have abilities of describing

The task of image automatic description by computer belongs to high-level visual understanding. Unlike

scene and objects, but also have capacities of expressing the relations between different objects and between objects and
background in the image. In addition, it is required that the model should generate natural sentences which accord with
correct grammars and appropriate structures. Nowadays, the approaches based on convolutional neural network (CNN)
and long-short term memory network (LSTM) have been the popular solutions to this task, and a series of successes have
been obtained. However, there are still several sticky problems, for instance, the LSTM network is not deep enough and
the model is difficult to optimize, and as a result, performances cannot be improved and the sentences generated are of
low quantity. To address these difficulties, inspired by the idea of deep learning, a model named MLO/MLPF-LSTM is
proposed, in which the method of layer-wise optimization, multi-objective optimization and multi-layer probability fusion
are employed. In details, an LSTM network with shallow depth is trained firstly, then, new LSTM layers and related
objective functions are added to the optimized LSTM network. Meanwhile, the classification layers and objective functions
in the original LSTM model are reserved and fine-tuned with the new layers. During the test, the probabilities of all the
Softmax functions which are fed with the corresponding classification layers are fused for the final predicted probabilities
by a weighted average method. Experimental results on MSCOCO and Flickr30K datasets demonstrate that our model
is effective and outperforms other methods of same kinds on a number of evaluation metrics.

Key words Image description, multi-objective optimization, layer-wise optimization, multi-level fusion, long-short term
memory (LSTM), convolutional neural network (CNN)
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HE2 A F1ERIZEE, 1000 5KEB KHS% AT
PERINRLE, HoREAE NI E 4. BRI, &
JEAERIE S S HRE S, C AR A
IR e i O IR A e AT At

R1: Jeep driving down the street with no traffic around it
towards the green light;

R2: A car drives down a gloomy street toward a tunnel;

R3: A city strect with a green traftic light signal and traffic;

R4: A road with many traflic lights and cars driving;

RS: A street covered in lots of traffic signals next to tall
buildings.

R1: A woman and man with a surthoard are standing ncar an
umbrella and lounge chairs at a beach;

R2: A male and a female standing next to each other on a beach;

R3: A group of people sit in the sand out side;

R4: A surfer with sur(board stops a bright beach umbrella 1o
meet with a friend;

~ RS: A man holds a surtboard on a beach.

R1: A plate of hotdogs, mashed potatoes and core on the cob;

R2: There is a plate ot hotdogs. corn on the cob and mashed
potatoes;

R3: Two hotdogs, an ear of cormn and mash potatoes are on a plate;

R4: Two hot dogs. potato salad, and corn are prepared;

R5: A plate contains two hot dogs, potatoes, and an ear of corn.

R1: THERE 1S A MAN TITAT IS JUMPING MIGIT ON A
SNOW BOARD:;

R2: A snowboarder is in the air as he attempts a stunt;

R3: SNOW BOARDER JUMPING INTO THE AIR ON RED
BOARD;

R4: A snowboarder jumping high on a snowy day on the mountain;

RS5: A man riding an orange snow board jumping off a snow ramp.

K5 MSCOCO #ufladk il grkerAR
Fig.5 The examples for training in MSCOCO dataset
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3.2 A

ASCAE I ES 7 BLEUM2L, METEOR®3! FI
CIDEr™ x4 sl iyt i A1) 7 #4734y Hrp BLEU
FER M ETRENER T, EEEE R
A 52 %487 2 B n-Gram X5 %, H
“B-n" Fon A K BE BT 39ME, BUEAE (0,1] Z 1A,
HAEBOR, RHBEBIAEZ “B-n” LRRUR BT 18
R “B-n" Z 18], n #k, s sE o)1 stk
AT A A

N o1
BLEU = b x exp (; (N logpn>> (8)
;H\:E'jv N QEﬁB& {1a27374}> b %‘%ﬁ_\‘@é'ﬁ:{ﬁa ﬁﬁﬂii
BRI NT 2% ) F R DL, HAE N

le 2 1,

L,
b= 9
exp(l—?), l. <1, ©)

Hrr 1, FRSHZERTFIIRKEE, [ FnE R FrK
B MAERATRERTSHA TR, HMER 1 Y4
AR/ NS4, BRGE BLEU 43+H,
PN IET.

X (8) Y p, FR n-Gram FHVCEOREE,
BAKXH

Z Count ciip(Mp—gram)
B Z Countiip(Crn—gram)

Hr, o rmERRERATF52% 0P EA n-
Gram VLECHIREL, 43 BEI0R R A B ) 1 LA
n-Gram B850

BLEU J5 A 528 18 T AR AR - B3 () E 1
B E R E R E. METEOR § 3hiil 77
LR R T TR, % R T A R el
FERRVEEL R 7 25 228 ) 1 5 AR ) - i ) R
HEORGMEVCIC . [7) SCUCTC AN B 28 VT E p9 7 XAk -4
VEBCI R AR, 24 = Fh PCBC Y S KAE A AEAH R B, 226
e NG 1 7 WG v 28 SRR /D VR AR R 5
(alignment)”; @ AWIER, ERXFFES, K5
FFZEA R ICEAEE 2% 0] rp R S AU L
TEAE R 2, 5 AR B m) - rp B ] S 400 LU /R
TR, SRS AR IE R O A 2, B
fHAE (0,1] Z[R), FHARBRAS, 1A B ) 7 o ek

=

BB

Pn (10)

CIDEr ¥4 ¥:M 5IAT “HH” i, 8
i A A PR TARME S5 0] T Z [ 4R 5%
PR B A U] T HEAT VR, FLAEROR, A i A) T
SE®B A & %481 2 8 s SR EEBOR. 1%

TR Y5 0 2 M 2% R T A AT TR SCRT PSR, B
TG N TP .
3.3 LBRFERKE

A SO TR 2 S HE R Caffel®) JF % #5242
s RORLAY, SR SCHER [13] R LSTM o4y,
TESE BRI B RRAE J T, SR T 435 4 £ B0 HL P R A0 i8R 11
VGG16 fARA. 7 & 05 W e A g R, A5
i WP 7 SO B BRI, 1) i SCRk [22]
Ctb e En VGG16 BALVE R RS By, (HI
ZHEE, FEAS5IEF BRI, BB
2R H 2%t LSTM W 2% H i 8014k, 12k
MLO/MLPF-LSTM; 2) {fi FE:JEHLE, 7F Ima-
genet FYIIZRIFHY VGG16 BB/ R AT SRRy,
ZH5 LSTM W 2% b () 25— 1 #E 47 0, 8k
MLO/MLPF-LSTM*.

TE ST B UE T SRR, R AP HE, SR SCHk
[13] BRCE. 72 MSCOCO #¥aderh, T RI1E 4k
)T RARAE 20 IR DA, MBI A2 24 i, K5
2y LSTM W 2% 1 s [R] 5 K5 B R 20; B0
L R R K 8801; A~ LSTM HoycH g2
FICANEOR B 10005 FEUIZRET, 38 i Rk AR
¥eoh 150 K Wk, i AR IGIESE IS i, %
Pt 110K ik, RISk, HIL, 755 2L
W R ERORE R Buk & 110K R, I 2%
110K Il B 2% Ml SE 647 I, 40427 >
RYPLE N 0.01, BB IEM 2 A iR, &4
WA 2 R 2, BREAR 20 K YR I, K524 ) K
MRk 10 %.

M, B eI uE 5 Al &2 2 AU X fil A
BRI EATIRAE, 20T R, FERAR)E R EA &
KEF, RORELF. 22K EmEHE, 78 2-stage |, A
[ R 3 ) A () B B [wr, ) = [0.67,0.33]"
B, Fill G OR B AT AR 3-stage il 4-stage b, 43
BB E N [wr, we, ws] = [0.4,0.4,0.2]" F [w,,
Wa, w3, wy] = [0.3,0.3,0.2,0.2]" B, I AR .
1 Flickr30 4 b, B E K JF N 7406, 464
LSTM o a2 B MO E N 512, HikiK
R ECH 0K K, KRR B T0K )
Ap s B S, Hh i B 57 MSCOCO %3 4E FAH
A

3.4 SLIGERKESR

i VGG16 Rz LSTM X B8 47 Il 25,
FEAEN BRI, SR 5 7E BRI B R, AT
(1 LSTM 2, 4% B s A 1 42 245 )2 R E B ek 4K
5 2 I 5 0 ) A 23 5 BN B TR AT W AR A
HHIZ. 7E MSCOCO ¥u#ii e b, 6 ARk 77
A (MLO/MLPF-LSTM) I, #4358 45 540 1& 6
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Eihd 44 %

2,
5

FIs.

1 "There are sheep that are cating grass in the ficld.”
: "Individual sheep grazing in a large open field.”

: "Some sheep eating some grass next to a river."

: "Many sheep on the ground feeding on the grass.”
: "Sheep graze in the green pasture on a nice day.”

: "A sheep grazing on a field with sky background.”

=i "A herd of sheep grazing on a lush green field."

1 "A big screen TV in a thney looking Hotel room.”

: "A bedroom with a bed dresser and large screen television.”
3:"A bedroom with a bed and a flat sereen television.

: "A room with a bed and a (lat sereen television."
5:"A large screen TV in a small bedroom.”

: "A bed in bedroom and a large television."

*: " A bedroom with a bed, a table, and a television.™

: "An adorable baby laying in bed with a stuffed brown teddy bear.”
: "A picture of a baby holding a teddy bear in a crib.”

3: "A baby wrapped in a blanket facing a small teddy bear.”

: "A baby is sleeping next o a teddy bear."

5: A beautiful baby laying next to a teddy bear.”

1 "A baby is sleeping with a furry teddy bear.”
" "A baby laying on a bed with a teddy bear.”

1 "A street view of on coming tralfic underneath a street light."
: "A busy street light in an Asian country."

"Traffic and a crosswalk on a city street.”

1 "A city filled with lots of traffic next to tall buildings.”

5:"A bunch of cars drive their way down a old road.”

1 "A street with trattic sign and many cars."

"1 "A busy city street with cars and traftic lights."

1 "A brown dog laying on top of a couch next to a brown teddy bear.
: "Small brown dog laying its head on a yellow teddy bear.”
R3: "A tan dog laying its head on a teddy bear.”
R4: "Tired dog rests on top of a teddy bear.”
@0 | R5: "An image of a dog slecping on a smffed animar.”
-
LY

B: "A brown sleeping dog next to a teddy bear.”

C: "A dog is laying on the floor next to a smffed animal.”
MLO/MLPF-LSTM (3-stage) #iH44: i iy
R gl 7 1
Fig.6 Examples of image descriptions with MLO/
MLPF-LSTM (3-stage)

EE 6 1, R R N TARERN S %41, B 3R
i B UMEBLA BT A iU 4] 7, C 3R7n MLO/MLPF-
LSTM (3-stage) AL gl IR RFIT 1) 1 (B AR
BURA)T). ML 6 1T DA Y, A< SCRERL AR B ) 1
HAELFANE LRIE, RO iR TRBHINE. 5
FERIAAE L, PrER i A Al TR A B, 1
TR, Glass 2 skEMR b, BERIALUAE i) )+
B B ESET ‘K (bed)” 1 “HEAR (television)”
b, X RN ERAE, i C HEEHTHRER
(bedroom), & )5 Ut BH 3 5% rh A0 BB Le 44, A1) 30
W NATRYZRIE 1. AR, 7256 4 skIEg S, Fr
PRATRAE B ) FHERR A A T BRIk (busy
city)” Al “ZZi AT (traffic lights)”, T ] B MERAY
A ) A B 20X kR I 5N TAREER A
TAH L, A SO A Bl i A 284 7B A 2, 51
s 2 skE B, ERA AU T K (bed)”
1 “HAN (television)”, b4k H T “H-1 (table)”, T
“HF- (table)” FEN TARYE P &A HEE. (H @ %
Pt e B, AR SO AR B A i ) A - gl 2 ) [ 4
RIS AR, FiiA B AR, (HE = B Al
g5 T Bl (TV /television)”, AfiTw] PAfHE
H K (big, large)” #1 “*FAx (flat screen)” FIELE;

& 6

TEEE 2 SRR, AT A (dog)” i T “4fh
(brown)” . “/NP) (small)” Sfefiig, HETARFE]
(dog)” WIfE “R 7T (tired)”, (HAEA AT FH, =
T T B SR RT A

KT XA SO G R SRS HEAT T8 A VA, A
SRR I XA TTHR, A3 N AT SR
OGS B PR B 0L, L0 A 8 2 Ak R AR
BUVREE R oL, [ B 2 2 A i £ B R Aok
W R TIOR8 P bk
(I DA T S IR, DU 54 51 A no-MLO,
MLO1, MLO2 fil MLO/MLPF. 7E KRR, %
Pl BLE) B-4 Al CIDEr 41 7 frR.

W REXF A A B, TEie i AR BEE O L 2
e =X, AEA AT SRS 15 DL, a7 BRI
FTREE, PERERF SRR, X TR R i
B, ARZES B AR E] 78 50 f; S48 22k
TG, BEEREE T RE, SR TIRE S HOE DM
T B, (RS PR RE I 15 A 13- 3 W S i3 e D3
ik, 4562 Hirti RS G, B3R R T iR ik
Ths T A Al A RS i, L AR AR B B2 R
F.

1 F13R 2 43315 H T4 MSCOCO #digde I
{5 S )R B 5 B R A5 B B M 5 T P S B 5 R
% 3 5 THE Flickr30K $#s4E Frgscimgs i, 1
1, Baseline 7R fiff ] AR 75 2 B B A4S 2 1)
gL, Baseline™ KRl H I 7 AU ERIAUAS 2

# 1 MSCOCO ¥tk FARZER K Z ZG 2 G
PEREXS L (ARIKT T 5X) (%)
Table 1  Performance comparison under different fusion
conditions on MSCOCO (non-jointly optimizing) (%)

Models B-1 B-2 B-3 B-4 C
Baseline 67.7 49.4 35.2 25.0 78.2
P1 67.8 49.7 35.3 25.0 78.5
2-stage P2 67.5 49.6 35.3 25.0 79.6
Fusion 68.0 50.0 35.5 25.1 79.1
P1 67.9 49.8 35.5 25.2 79.0
P2 67.5 49.6 35.3 25.0 79.6
3-stage P3 67.3 49.4 35.1 24.8 78.9
Fusion 68.0 50.0 35.8 25.4 80.2
P1 67.6 49.5 35.3 25.1 78.7
P2 67.0 49.1 34.9 24.8 79.7
4-stage P3 66.8 49.0 34.8 24.7 79.5
P4 66.9 49.0 34.8 24.6 78.9
Fusion 67.7 49.8 35.6 25.3 80.4

C % CIDEr
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Yo
25
—6— MLO/MLPF
20 —— MLO2
—H— MLOI1
Z —h— no-MLO
15
10
Baseline 2-stage 3-stt1ge 4-stage

(a) BTN B-4 14RE
{(a) Performance ot B-4 without joint optimization
Yo

30

25

20" —@—MLOMLPF
MLO2

—8— MLOI1

15 —k— no-MLO

B4

2-stage

() WRJ7 U 1Y B-4 116

(¢) Performance of B-4 with joint optimization

Baseline 3-stage

%o

80 ———4§
70 —6— MLO/MLPF
) ——MLO2
s} —B8—MLO!
g 60 —h—n0-MLO
50
40
Baseline 2-stage 3-stage 4-stage

Oy BRI R TN CIDEr k78

{(b) Performance of CIDEr without joint optimization

%

90

80
sl
a8 70
@]

—O6— MLO/MLPF
607 —O— MLO2

—8— MLO!
sob & no-MLO

Baseline 2-stage 3-stage

(d) BRI T7 51 9 CIDEr 188
(d) Performance of CIDEr with joint optimization

Bl 7 A MSCOCO HdagE - A0 IS [F) S M RASE AU IR 2 i ) 14k e B
Fig.7 Performance under different strategies at each stage on MSCOCO

F 2 MSCOCO ¥tk EARZR M Z ZRGZ EH)
PEREXT EE (IR X)) (%)
Table 2  Performance comparison under different fusion

conditions on MSCOCO (jointly optimizing) (%)

# 3 Flickr30K Hffisk EAFZR A Z ZMAZ G
PEREXFEE (B3 7 50) (%)
Table 3  Performance comparison under different fusion

conditions on Flickr30K (jointly optimizing) (%)

Models B-1 B-2 B-3 B-4 C
Baselinet 70.2 52.7 38.3 27.6 86.2
P1 70.2 52.7 38.4 27.8 88.4
2-stage P2 69.9 52.6 38.3 27.7 87.5

Fusion 70.2 52.8 38.4 27.8 88.5

P1 70.5 52.8 38.4 27.8 89.3

P2 70.1 52.5 38.2 27.8 88.9
3-stage

P3 70.1 52.8 38.5 27.9 88.2

Fusion 70.6 53.2 38.8 28.2 90.0

C %5 CIDEr

IR, 2-stage FORTEAMERIAL 3G T 2 A~ LSTM
2, LSTM Wi 4 |2, [H)3, 3-stage Fl 4-stage
SR LSTM M 43845 6 J2H1 8 J2; P1 FRH
M P B A 5 1 AU (EAR B 45 51
P2, P3 J& P4 F/ReMEEHLE 2, 3, 4 MR 01E
(X LOESE

SIR AR BN, Tow i IR 2k 2 AR
2, BiE LSTM M4 IREERE N, HEReF < 5e Tt

Models B-1 B-2 B-3 B-4 M
Baseline™ 60.2 41.8 28.5 19.2 19.2
P1 61.5 42.9 29.2 19.7 19.4
2-stage P2 60.7 42.2 29.0 19.8 19.2

Fusion 61.4 42.8 29.2 19.8 19.6

M #%/x METEOR

Jo 2 e 7 U, 7 MSCOCO #ifide I,
] 6 2 LSTM, B-4 I CIDEr 4> 33i5%] 7 28.2 % Fl
90.0 %; 7r Flickr30K ¥4 I, ffif] 4 & LSTM,
B-4 fl METEOR 451343 7 19.8 % #119.6 %. {H
HAFFR A2, MAEm A BdE 4R B EHZ R
LSTM M ht, MR A T R 72 MSCOCO %k
P4 b, i MLO/MLPF-LSTM, REZETE 8 JZh,
1£ CIDEr ##5 LCR iU %1+ BLEU f54%, W%
6 JZBC A BT R 72 MLO/MLPF-LSTM*
W, WS 6 JZr), Joit & BLEU it 2 CIDEr,
PEREI A A

7 Flickr30K %44 b, i j§ MLO/MLPF-
LSTM* i, LSTM W25 R BEikE] 4 20, 458 5%
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¥ i 4%

4, K 4 Eif, BLEU fl METEOR {8t & f
FrieAk. RETEMEER ] T2 20 2 5 w5l 4,
LSTM [ 2% BT FE A — 7 AR BR. T IR 24 IR
HEr, ZEFBERE N, ARG FEAL UG
WA B E FE BB E I NIE. TERR
RS b, SRR LSTM R 2852 TP fg; i
TRV EHE LR b, B LSTM [ 45 Bl Al
T Lt DR T VR, 5 B HA B R 20kt
BRI AT i
M S E 25 R AT DA Y, TR Rl 7 YA I,
o A TUZ T & 44 i, BLEU 45 br e A 1
WA 24 BT %, {2 CIDEr #5474 Baseline/
Baseline™ AIG IR EJF (IR 1 FIEk 2 FoR); Bt
WA I 2 BAR IR0 R BAART n-Gram K51
AT, EHR T A A E UE B 4T
AR Z 5, AT AR IAE P EE 4 b, P RETE T
AIETabr EIA G
I b, 5 HoAh Jr & —#, 7 MLO/MLPF-
LSTM* i TH R REY: (Beam search),
THRHEZ TR, K Beam size K/NKEN 5. 5%
Ba RN 4 ML 5 o, W LAE W, ] Beam
search FL 5, BIBUPERER T HE—D48T1, 1 HEEE
# 4 MSCOCO HififE FARER K Z ZR A2 5T
PEREXT LE (i IR AR R R EE) (%)
Table 4
conditions on MSCOCO (jointly optimizing and Beam

Performance comparison under different fusion

search algorithm are employed) (%)

Models B-1 B-2 B-3 B-4 C
Baseline™ 71.3 54.4 40.8 30.5 92.0
P1 71.4 54.3 40.7 30.6 93.8
2-stage P2 71.6 54.8 41.1 31.0 93.7

Fusion 71.5 54.5 41.0 31.0 94.2

C %7 CIDEr

# 5 Flickr30K #¥ifE EARER k2 ZRG 2 50
PEREXT LY (B B R AR R EE) (%)
Table 5

conditions on Flickr30K (jointly optimizing and Beam

Performance comparison under different fusion

search algorithm are employed) (%)

Models B-1 B-2 B-3 B-4 M
Baseline™ 63.4 44.5 30.9 21.1 19.0
P1 65.1 45.8 31.8 21.9 19.2
2-stage P2 65.0 46.0 32.0 21.9 19.3

Fusion 66.2 47.2 33.1 23.0 19.6

M #%/x METEOR

BERZRE R, hfetbEz EF. HE LM
&, 7£ MSCOCO #1 Flickr30K P i#dEsE I, 4
BITRFERSINE] 6 ) (3-stage) W), @il )5 RIAY 1 RE
IR ERT.

AR A5 G AR G ) TR A AT 0
Fe (nz 6 13 7 fin, 2+ LRON-AlexNet, m-
RNN, Soft-attention #1 Hard-attention J53y%%4#E
5| H 4% B @k, multimodal RNN, Google NIC #1
gLSTM J5 4Rl T3k [28]).

# 6 AFINEIE MSCOCO #idide LRgPERERS HE (%)
Table 6  Performance comparison with other
state-of-the-art methods on MSCOCO (%)

Methods B-1 B-2 B-3 B4 C
multimodal RNN4] 62.5 45.0 321 23.0 66.0
Google NICI? 66.6 46.1 329 246 -
LRCN-AlexNet[13] 62.8 44.2 304 21.0 -
m-RNNI] 67.0 49.0 35.0 25.0 -
Soft-attention[*5] 70.7 49.2 344 243 -
Hard-attention!(*?! 71.8 504 35.7 25.0 -

emb-gLSTM, Gaussian/®®!  67.0 49.1 35.8 26.4 81.3
MLO/MLPF-LSTM 67.7 49.8 356 253 804
MLO/MLPF-LSTM+ 70.6 53.2 38.8 28.2 90.0
MLO/MLPF-LSTM*(BS) 715 54.5 41.0 31.0 94.2

BS #/r Beam search, C #%&/x CIDEr

T ORFEINEAE Flickr30K %k ERYTEREXT EL (%)
Table 7
state-of-the-art methods on Flickr30K (%)

Performances comparison with other

Methods B-1 B-2 B-3 B4 M
multimodal RNN4] 57.3 369 24.0 15.7 15.3
Google NICI? 66.3 42.3 27.7 183 -
LRCN-AlexNet['3] 58.7 39.1 25.1 16.5 -
m-RNNI] 60.0 41.0 28.0 19.0 -
Soft-attention!!5] 66.7 43.4 288 19.1 185
Hard-attention!(*?! 66.9 43.9 29.6 19.9 185

emb-gLSTM, Gaussian/®®!  64.6 44.6 30.5 20.6 17.9
MLO/MLPF-LSTM+ 61.4 428 29.2 198 19.6
MLO/MLPF-LSTM*(BS) 66.2 47.2 33.1 23.0 19.6

M #/r METEOR, BS #/r Beam search

WIS T AZBE, #E MSCOCO #dnde I, 7£
G AR T i, 78 B-1 Ml B-2 b, ARSCREA 5
FT AT J11) Hard-attention A HL HAT K
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K2, (H7E B-3 fil B-4 #5458 ERILRLF, #£ B-4
b, R T Hard-attention J5yk; 244 A 7
G, AR RERRTE B-1 fats L% T Hard-
attention JyyEAk, FEH A A R 5T HAD V4.

{fi i Beam search J5, T MSCOCO =2
Flickr30K ##li4E b, 7E2 AP0 d8 45 b2 sl =
k. 8 MSCOCO ##ia4E |, B-4 gt B
T SHLE ) Hard-attention #%1 6.0 %, [&]
B-4 1 CIDEr fg#54-l#id gLSTM #i%4 4.6 % Al
12.9%; 7& Flickr30K %(Ji4E I, B-4 fl METEOR
bRy 8 Hard-attention Bi% 3.1 % #1 1.1 %,
[ i, HAERE tulEd gLSTM #224. {HAE B-1 545
b, AR T TR LR B ik, H
R R A, T AL B A T BN ) R
U, ABXT TR SR Z B R R . YR 585
Z AN K AR RE N 2, BRI B i K T A
BRI RNCE 22, EXF TR Y (R 2 8] K & 1)
A 1 ) ZE D) e A B R T AR SCHR H AR A T
VEE R N AR AR B, AR B ) T A AT
[y > 15

T30 T 5 SRR RIREE, BISHE 2 | Fy
RIS AR LA B IR B 2, IR R S
FEMEBCAUA LU A A BT, fEE SRR L, 2
ZRPEE RIS BAR B SE A K, SEARER AT, 1]
iRy LSTM JZ2KHE £, 45752 b B0 £,
LSTM ¥ & rfr gt s oo M o 2, ORI A0
W, WEMERA P SHIEA Noaam, THEE
R C, WX T— ML n ASYIZRB B Al Rk
i, HSEHEN n X Nparam, WHEEIREHN n(n +
1)/2 x C; FEMIAES, ZEMEHA n X Nparam, BT
HERE N n x C.

4 25

FEH B AR F RS R B ATk 2 — i R
PRAPERI AL 55, ZORRGEA MRS AL B IR B A5
B, RSB SCAE R H A, BEE TR
FIE AR5 5 AL BESOR A PRt A Jie, A3 4 A T A
PG 7R B, UHRETRIE S A, R
22 b | 2y SRR v WG 97 U T BT I
SERHOI R, AT AMNRYRIBE B ASCTAR
K CNN + LSTM 2y, 1 oo fii il 1 fe JUBk g I
JERER VGG16 $EHE B CNN FRAL, X Bt
1 “gah”, ARIERHEE A LSTM 4%, X AL vEAr
AT FEASCBOT BB, [ TR R R
LSTM 2%, {H it T oAb BN RME, BRIER T2
JEALAC I S RAUE M 25 U8, F4 A 2 H AR
WA Z AR AR TE, PR BRI RE.

(HLAS SCHE 92 36 vt e B, A B e E i R A

BLEU #g#5 b, SRRSO A fF TRE— 25Tt
I, AR — 345 25 6 0 22 BT 00 A0 YR X A Y
PEAT L, 3 f e A B A ResNet!3) v 24 412 B ]
AL S, [, HREFE SR T A 2= A Bda 4 ()
1 Visual Genomel0l) b X4 R i afk— 25 BoIF.
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