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Fiber Bundle Meta-learning Algorithm Based on Variational Bayes
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Abstract Deep learning based on neural network has achieved excellent results in a large number of fields, but it is difficult to
deal with similar or untrained tasks,and it is difficult to learn and adapt to new tasks. Moreover,it requires a high scale of trai-
ning samples,resulting in its poor generalization and expansion. Meta learning is a new learning framework.,which aims to solve
the problem that traditional learning methods can’t solve fast learning and adapt to new tasks. Aiming at the meta learning prob-
lem of image classification,a novel fiber bundle meta learning algorithm based on Bayesian theory is proposed. Firstly, the convo-
lution neural network is used to extract the image information supporting the dataset,and the image representation is obtained.
Then the manifold structure of data features and the fiber bundle of data features are constructed. The input query set selects the
manifold section of the current new task to obtain the fiber suitable for the new task,so as to get the correct label of the image.
Experimental results show that the model based on the proposed algorithm (FBBML) achieves the best accuracy performance
compared with the standard four-layer convolutional neural network model on the common data set (mini-ImageNet). At the same
time, the fiber bundle theory is introduced into meta learning, which makes the algorithm more interpretable.

Keywords Bayesian, Manifold,Fiber bundle.Classification,Convolution neural network,Meta learning

T B AR L AR A 0 L 3 52 27 T B DO AH 22 L
TE 2 B S5 wh T RE TG U A 2 ik i Hodls it o ) &
G Ay o N oy ) R g g2 ) A B B andk o 297 Y

1 5l
PLE 2 A AL 28— A BRI AR 55 TR IT . (H A2 10

i

AEERE EY— AR R Rk — e . Yk RT
— FlRE 5 (Y B8 97 3 A X B 2L AT 55 24 ) L BB S B AR TSR
A D R LB AT 55 . J02F 2T AR T gl e A AL A 0 11 X —
FeR RE T 3l a0 2% 2] © 2 WL AT 55 DR gk e oA WL 9 4 55
e G R B 2 T A8 R 3R HURE 52 AT 55 9 R B S 4 L
BOR LV G AL, x5 A4 Wy 0T DAAE 22 9 (00l o D i

FfE H 1 :2020-11-16 &4 H I .2021-03-10

S TERXFPIGRT % 5 R G0 T PO L 3E OB AR 55 . B
X IR /AN [ L, B 2 3T S B AR T R SR TT A T A
R NEAR 2 5 B4 e 4%

TRHE 2 ] 72—l B Y S ) o £ 2 ) A, IR 2 )
BE AT 27 > B0 B ML JF ELRE A5 2850 BEAR Y ROCR T T
Z W T A G TR AT A R B rE 22 2 1k

A SCE AT AR 1R COSID) L il E 7 4R 5 B .

FATH . R &AL (2018 YFA0701700,2018 YFA0701701) s B 5 [ SR BL 2 3 42 (61902269)
This work was supported by the National Key R & D Program of China(2018YFA0701700, 2018 YFA0701701) and National Natural Science

Foundation of China(61902269).
EAEVEE 22 K (fzh@suda. edu. cn)



226

Computer Science THEMEL2  Vol. 49,No. 3, Mar. 2022

2 SRR AR ) [0, b AR B A ST T A AE M LRI A S AT 55 15
BRI, YA VR B A S KR A 1E LT H AR A Sk T R I
Y5, # Fl Fine-tune % 3 BiAE 55 , AR R g s 81K,
T 762 2 76 VR BE 2 20 T W 8 5l S o] -t 2 1) 4 B 4 it )
FH VLA 0 0 R 45 78 2% 3T J7 1k AR AR 4 B 4T 55 AL 2 3T 3% .

PNEEIVATE S-Sk b =B I L P e
AT 48 7R 2 ) BRI AL RE ST GT . (AR R ) T 2
WA 22 Ak e ) N — M S T B B AL AT 55 . SOk UL 2
H B — TS5 Y B E . JTS 3 R MR IR, % N ol 1E
N T AT 55 22 [0 2R 4 L fifk o 58 1 e [R) BE A , DATT O A 72 Ak
PR Y e 50 IR . B, T8 3T FE SR KR B 1Y ) B R
SRAEAT 45, 3 4k 2 2 AT 45 Z 18] 14 HH D& 5 18R 45 Bl A% 280 B 47 by
zik.

ARICH) FETTERAT -

(DKL NS 5| ATe2 I M ERR AR T T4 48 A
RIS T S B AE AL 4R T T ST I T R

(DRT ERye 7 LR, 454 I s 42 il 7 — 4
ZF 2 DA DU I 37 O 2 20 AR A LR S 48]

(O FE/DNREARKIRSE DT T RS2 8, LR T80
AR YRR

2 MXTIIE

TCF A e DS . TEALE S S SRR Z T T
ARG, SCHRCA B T 040 73k — M, X K 1 43
B85 AT G 53T X —Fh Z R AT T vk . SCERES I
WA T TE A 2 X A R T R o S 3 R B
K B 2 P AR ATE 2 AR R AT IR ST 52 S R 2T
Ry R Ko AR N R B S R A i R R R R X 5
ANTT T I &5 G A O 3R T AR DGR AR RN, BE SR 0 ) X —
ME 18 18 FE ML AR 2% ] Gl & e . STk 6 48 th i 024 21 & —
T 5 2 Fh 24 S 1 BB BOR R JT2% S RIS 5 24 A
) 5 R 1 09 4 2 2% o L A 0 v A 2 A e A 31 7 2 2
Bk, SCERL7 4RI T 3T oo S i PR RIHESL . SCHRES TIA
R TTA > e A AR 2R T R B0 2 ) P 28 ok s I 22 Y —

WOJF  JC2E I TE R L 5 > J7 W R SR AR X 218 . H 3 3¢
k[ 9142 Y MAML (Model-Agnostic Meta-Learning) J5 ¥, &
R AN TR AL 55 B0 BE A5 BAE R S 3R k AT 2 ST BT, X
15705 S TR R RPN Z —

— MR UL TEE T RGN AU 3 MR DIT¥ I R
G 0 LA 24 > iR IO ST R 3R A5 2 565 2) ST K A
A B 4 B (R S5 3) Bh AR 2 ST i 2%

T 7 > B i — B AR 2 1k 4E S 29 1) J5 vk, SCBRC 10 A
WA EIHE T2 i 4 H T Manifold Learning X —
FRZ I RPN S R R SE A, SCERC I3 i TR 2
IR I E SC B YCORP 2 — MR IE , f:Y >R 22—
WA LH P D>d., BURE (v ) LR B, B2 £
a5 Mg =S A R B (o = f (v b TR 5% T R 78 45 7 WL
FMEARE 2 R TEM £y o W ERA P
2 2 [ A AR BT — 2 S 4R AR S 1 Y 4 B0 2 7 7 I o

B, WIS ZASTA T2 M AR IT I, 4% IREUE 25 6 /Y
G M T IR R TR T 43Sk 2 P 45 v AR ik VELAR BE L EIRTE
OFHTEE BN AL AT T T 1) . AR SORE 2T 4R AR 3 T
> R P 22 T 2 A3 T DT R

3 ERHE

AT G AR SC T Y AH DG AR E L

E X 1(4F 4 M (Fiber bundle)'®) —NF4: M\ (E.M,
DH—NERE MM —1P2%5 0 E A%, £ 0 E MK
WIEM Z[AH — AN AW x. E—>M, X N5 AR e M 1
W —8 c ERTFYE F, ' x—F, , G4 F, F it «
MY IR AT A FL 5 b 4E Y n) 555 (B, ) BR AT 4E A (E,
M,n) BRI,

VNN S ALE F AL RN E:Xg"Fx%Ftéﬁﬁﬁ
M A ST L ZDRIE M S50 I & 25 (8]
BRI RN RS EER U S5 sEE F R INMLUXF
BB ARRBER R I, A E. ZEBURIE
AR I o = R A B ol O X i - R e S N
T SR B Jm 0 0 T 235 4 BT B o (R S Y 0 I 25 ) B T an faT
TEE S X g & e,

EX 2 JiE L EmItE R .

T =UT, (M) (D
FROMIE M YT Y1 TOVD JRy 32 B AU E , (B3 1A
A—E R EHMWIE .

EX 3 EY X XFRAYIA TVD B — A8, 2
HEWE M L4885 p i — AP m X, € T, (M), 23k )& 55 4
FRRJG - VImES XCOT RN

Xw=2 " (2)

AL R HE (o) i 5 T B R 1 ik 5 X o) 5T L

EX 4 BHELGY%ENE n: E>M G RIEM EiR
N UCM HIFEE, AR JCH B s.U—>E it .

res=id :U—=>U (3)
MR s WEMNE & XU E—AciE#mts, Yu=M
B AR s HRNE [ —AFA0 W 8 . R E 6
MERICHTE),

EXS5 KNMNE FAYBEN R —A ek

D.I'(E)—~TI(T" (M)XE) 4

Wt D i 2 T B S

(DX F Vs, €ETE) A :

D(s,+s,)=D, +D, (5)

(DOXF s€MNMEY KXY a€C* (M) . F :

D(as) =da@®s+aDs (6)

YIN T(MD | (38 45 WY fig im0 M) 5 5 Ik 445

EX6 #&Cou=u (ORIKFAIEM L—%SE0h4,
X(OREXTE C EYI R0,
X(t):f(z)(?a,) D
gu e

4 FHEMTFIHEZE

4.1 IMERHEPBIGEE
JINRE A 2 3 ] B (Few-shot) M DL AT 45 (Task) i 3t A



PUIEE P PP R I A B e e R 7S

227

Hot, — MBS BIEE (WA 1) 4~ L F5 4 (Support Set) Fll
I (Query Set) . XFRFEMHE N A FXFE.IL R S=
{Cili=1 N}, BMNEAE kR DHERAZHD, ={(2).9) |i=
1K} A Nx kDA, BMEMAHE ¢ MR EFEL L
KD, = {atli=1+q}, /NEEAG;ZE 0] 82 A /D ik 3 FF 4 F %t
BT 4328, — O UGN T2 2 W52 £ B L /NRE AR 2 5 )
I R NT 10, BRI E IR S T E . LIR/PHEA

] U4 78 9 N-way k-shot [},

Task 1
Y
Query Set

Y
Support Set

Bl oo 55 E A

Fig. 1 Schematic diagram of meta-learning task

4.2 BRATFES

— ke Ud T 2 > 2 Tl i ST I 2 B Be (UL IRT 2) 45 3 e 56 0
o TETTIN IR B B CULIET 30 ) A S 6 o Rk e = =] 1 3 R BT
BAE S5 o SCIR LR G 12 fb P B 19 ) 46 0 iR 1k 2 80 T
fEF R 5 o T A% TR] AL U0 AT 327 A 2 20 e 0 iR
DACTRT A1) P 21 36 R DA e /N AR AR i fE

Task 1
LRty
ot e td
R EAE
Suppc‘;n Set Que;y Set
Task 2

__

Suppsrt Set Query Set
. o
Task n 5
=
. alion v -’ 3 @ 49 o
v =B B Bl
. — . %
Support Set Query Set
Generate Predict |
Meta learner > Model »| Classification
fo | Backward Hy _Backward Loss

B2 JueE X Suil Rk BOR &

Fig. 2 Schematic diagram of meta-training stage

o E

Supp(;'n Set Query Set

v

Meta learner | Geperate Model Predict Classification
fo d Ho d Loss

&3 Jo 2] Sn il i o Bos 2
Fig. 3 Schematic diagram of meta-test stage

JLA 2T Y TT YN R B B Y — SR AR AN o B 5 4o 32
FRAR A4  JF RAEAE 55 5 B 3O3R SR 2R 0T 2% > 4%, B A%
) e B0 R 5 A A iR 4R 15 3 A iR 4R 1 T {8 A A ity 2 Y
TR Fe SRR T SRR e B

T W B 1 AR i AR A R T A S 4 Y e B AR R
T2 20 B U B 4k 2 U AL BB SR fan AT T I Y A
AR5 B A .

4.3 HHENTEIEEIES
2T it P2 2 T R — i i i v A A 2 B A e A O vk
3 gk P B v 4 A I b IR AR O SR AR B A B L3k B
BARARE B, A TN T AT HATRA
T2 2 T (3 AR - © W5 30 A9 800 S B 2 MG 2 9
TE WS ) 2 A 2 ) . Fl T RO P AR 0 R, — 2 g A R
22 A G BRI ICAY , B A X S A 2k BE A R Bl Ml — b 3R
AR, B AT S5 B E BT DUE— AN B A A S DY R
BEAT RN . BT 55 T LAl oo ) AT 40 28 . FE BRARHHE it
AR 2 3R 7R Z 5 A IR) 28 A % 52 76 45 30 4 R) 0% 3671 B 15
S AH 7] Y 25 AH I AR 4E AR AR . TTAF ) B SR 06 N TR AR 4 A
B 28 1 2 > FILT AE AW 1 365k . T8 2% ) 38 Je I 2R K15 2
AR 4L 25 [H] E Ar FR 28 R4 5 i S bR 250, 28 [A) AL AR R 2 Hh S
ARSI e 1. oo I B U R A AR B A B T R B 43 A0 Y
W, R STREMAEN LML AR  E R TALGEET X
S A I B BE S B, AT AR TE T /RS 1 A 1) AR R S R S )
262 3] R ) SR WA B — i AR R LA IR, PR, ST
SRINPR ST SrNE  HOF S A NTIE /T =EEN ==
BT LR BIS A S A 4R A oo 2E ) L 8 FHAE S,
B LM TS oI R B SR R Dy, = (2
YO li=1ekx N} H o k2 shot $0. N 22 5180, BIX Rz /)N
FEAR 22 3 B N-way k-shot [a] 8, €Il 4k B Bt 19 2 1 4 0
Dy = sy ) [i=1+-q}, JCMHR B BOECHE 4R R A 43 o X
FED, ={((a  yf) li=1kx N)FIAREDL = {27 |i=
Teeeg™ }o AR ER/NEAS S W] E L, 45 10 4 dE Ao
S AR AR L A T S e R (WA D
LR 2 AT 2 Se AR ik (W 2)
ik 1 g mIGRE %
A TCIN R SR D] M D]
LHIESTHE 3 /R I E S 3 /s
1. WIIRALTT S B 0 M4 S50 ¢
2. TR T S 35 4 M s 2 4 DA B 15 5% i i
3.E" <D} .M <010 €U, } .FHELTLNAE" .M .1
4. for T,€E" do
THFEF AT TR0, < n((x",y!"))
B 1=d(0.x™)
BB <Ly 40D
5.4 TS 0,7, b
ik 2 I I ouR R %k
LW NISTRI o S5 SN IESTE S AT 2 A
i £ < T 1o A A R AR A T A Y,
100" ,¢p<¢ ,men’
2.E" <Dl .M <{0,10,€U, } ARELFLEMAE" .M,
3.for T,EE" do
HEHEINA LR~y
B 1=d(0,x™)
B ey <11, ¢;,0,)
4 YL =1yl
B 1. EARWIE MW T4, M IAREA %S0 E
BFHE. d R REL. 0, 5 i M5 LRI M AR 3k
B ACRAE S L AR S5 SRR I 4 AL 0 =
{0/ 1j=1 to 4}, 7EMHEZ T T Il 2B B 9 4E 55 20 2 S S 3

vb am)



228

Computer Science THEMEL2  Vol. 49,No. 3, Mar. 2022

L E RNV A ORISR ONIUE S A I TPV -2 SRR TN 3
ZE AR AR 7R o AR A ST RR 4R 28 T A AR 48 R L B IR 4k U
TE AR 2R 5 L AR R 2R A S i B R R AT A 4R 1 23 28 AT AT AL
UV DB A PSS

IHHE 2R A9 0 00 B 3 DU R )1 B BE AR A5 A5 Y 5
B {5 B X 2 2] R G WA 2 ) a1 28 T HE AT DR 2 ) R e
TR, A T [ s DA SRR S AT T #) JR) A A s T A A Sy B
MBS AR LB AT 55 32 47 20 I PTIN  BA T e 7 55 200 A s 1)
ZALRETT

5 NMHEFA4ENTEIEEZNIN

AT PRGN BT LR L Y oo 2% > B HESR R AR 43
DU 347 #9816 2% 2 A5 A S 6] FBBML, A 35 5803 b i) Y 4%
S5 DL R P R TR

M LR A 2 AT S RE SR AT S0, i T 4R 4 A e 2E 2] ik
V149 X I A 00 AT %ok £ i I 380 47 JEE AR R 0 5 T 9 19 AR L 4
JE o R RS — A ) L A SO SR A A AT R A
M 3o ok S A R AT AT L A5 B T R SR 25 L TE T R A
A5 30 A% BUYE BE (0 A BRE AR 0, [R] B 78 SR AR 3 3 A A D Al i
TS, HR 58 4 DU 7 B S R A 2 AR SO i A
B SR SRR R SO B A ELRN O 25 9 OR 2 AR R AN R AR 1 3
HFT 2.

e 5 T 9 ) AR L4 B 1Y 56 SR AE T AT A A SR 5 A L B
FIFAB 43 F 4 B 5 R R0 09 350 43 45 B 27 4k A, SR )5 3 it H 28
SRPEFRAGA AL SRR, W 2 Rk, W] DU B R
B Jr 5 AR B o SRS AE G AR bR T X R LR HEAT 4325,

ARSCTTIE R R AN 4 FR BRI RS S 3 AN ER Y
O S92 R A B MR L S A 7 R A L 3 g A A R B i B
SR AR AL W AE R AIE SRS 4 8 15 B A R 48 R IR AE SRR
I Ay et A R HEAT Y2,

Encoder
Suppon / Network H \ 0=+t
Support Feature =H
Set Map o~(0,1)
\4 Encoder . /'
Network
Feature
Network
Query Query
Set Feature > h <
Map

Query Set label

# 4 FBBML (%7 &K
Fig.4 Schematic diagram of FBBML

5.1 FBBML Ry W 45 4544

AKERY W 2% FF 43O 3 43, H b RRAE 48 R 43 ok AR
WEB R 2 g0 K (L, D) BB RN K3 * 3], fil-
ters N 64,8 2% — 2 MAL)ZE L2 % 0K k2 x 2],
By 2, TEGELST T, b R AE £ X J7 U5 09 R,
AIE 5 RS X SR W )23 45 BRURR 28 T 4%, DR DL S B0 3B 43 BB 4 Ol
T A A TT IR R RR . TER S B R Z B A
2%, BTG PRECH relu, 23 BT o Ml o BT S
5.2 FBBML i E#ES

AR SCR FH AR 43 4 1 45 ¥ ofe Xob &1 2 i A7 AR L AR 43 i 1
it iE o A R AT AR, T I R ETEZMLS W

— B Tk SR IO R 5 PR,

B yii=1, Ny (@ x;"i=1,. Ny
Ly
@:
v
B i e Ny [ 521, Ny,

5 ZAESMER

Fig.5 Directed graphical model for multi-task learning

Bl s, g BRSSO RIEES R, o R EREA
BNy SRR R bR A i, o R AR AR AL 2
A AR AR A i . Ak AR S ST s A ST I R
BB,

Hi P 5 W LA 2, X0 TAL 55 00 ZAE 55 2 T RS HEHR .

N T N,
pUY gy (XL, ,0):1:[11)(95‘ |0)]:_[1p(y‘; [ 2ty ¢' s 0)

Q,
p Gz, 4.0 ()
20 (8) AT 41, FBBML [ H 5 J2: 3R 15 oK L2 (1) )5 40 4 K

pPF 0= Jp(}’\}’,qs‘,@)p(qs’\D’,@)dg&’ (9)

F A G 8 oA Bl A — TR A (3 L2 k3T UG
By A, =l (Lo s .

93" |z .= J P3¢ Dqg(¢ | D O (10)
b AR ] R A S AR (LD
arg min E(p||¢) =arg max E(logJ P31 qlsI DYd$)

an

3 3 5% 4 R I T, T LLAS 2 FBBML I 2k i 9 48 2k
PREH

9K€,¢)==7%j%yog‘%jézp(§}\}j,ﬁ,ﬁ) (12)
Ho, gt ~q(p| D .0, L %At gk,

A FBBML X 2 51 3 47 2 5% , 7 LA 7E 38 0L 43 A 3 F 53 1
55— W28 o H A A% A A L 2 2 g i ds o ko 03 8L
I3 AN (13) R

qw\Dﬁrfﬁﬂ<w<mxn}ﬁlﬂ> 13)
o, C R B SR 2 AR ZONE KO B 28 30 HF
B MBS c MEEAR BE.

6 KBWERSHN

SZE ] Omniglot™ #1 mini-ImageNet"? {5 4 , Om-
niglot $UEEME KA 50 MRFEFERM 1623 MAFRFEF
5. B—FFEM 20 A A8 i W 3k 1) Mechanical Turk
L%, Omniglot #12 F 1623 28, 525 20 REAR.
minm-ImageNet Ffi# T ImageNet 30 #E % , ImageNet & %
P8 A 280 0 b B84 £ » ImageNet it 1400 Tk B 4T T
TERE T H 2 100 775k BRER A T3 HE . TmageNet 42 5%
2 TE2ANEMN, BAENGHEALT 500 KK B, Image
Net J& —>3E 5 P& B3 B 4 o B Sy AT 52 /A A )



PUIEE P PP R I A B e e R 7S

229

2016 4F google DeepMind Hl B\ Vinyals 5 7E ImageNet [ 3l
| SR BE 1% FE 3 BUH mini-ImageNet 5045 # . mini-ImageNet £,
100 AR AN AL E 600 A REA KR . AR SCEIE
A b 64 A2 B8R VR SN AR L 16 A 200 B A Dy 1k
4,20 A B A S a4k .

S 4% 5K F TensorFlow-gpu rl. 1. 14, 0 {E B IR 2% )
BRI HESE . SR BE (R SR 58 4R : CPU 2 Intel(R) Xeon(R)
CPU E5-2630 v4 @ 2, 20 GHz, NAE K/ 250GB,GPU 2l Ge-

Force RTX 2080Ti, /7 K/ 11 GB,
6.1 HERBEE

ARSI MILE AT 12 FhJ7 ik A J7 78 Omniglot %040
£ AT T 5-way 1-shot, 5-way 5-shot, 20-way 1-shot. 20-way
5-shot 256 ; 7 mini-ImageNet £ % #4177 5-way 1-shot
M 5-way 5-shot J8, S T 3k G 4 AE 412 HOO AR () 52 0, X
Lo J7 B YRR AE SR B AT R ) 4 BB R M A M4, % 7
RS UE SR

% 1 Omniglot, mini-ImageNet ¥4 4 | A [al 62 ) J vk i 0 3%
Table 1  Accuracy for different meta-learning methods on Omniglot and mini-ImageNet
CHLA . 26D
Accuracy
Method Omniglot mini-ImageNet
5-way accuracy 20-way accuracy 5-way accuracy
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot
Matching Nets 98.1 98.9 93.8 98.5 46. 6 60.0
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