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Abstract For a long time, it is thought that the representation is one of the bottleneck problems in
the field of machine learning. The performance of machine learning methods is heavily dependent on
the choice of data representation. The rapidly developing field of representation learning is concerned
with questions surrounding how we can best learn meaningful and useful representations of data. We
take a broad view of the field and include topics such as deep learning, feature learning, metric
learning., compositional modeling, structured prediction, reinforcement learning, etc. The range of
domains to which these techniques apply is also very broad, from vision to speech recognition, text
understanding, etc. Thus, the research on new representation methods for machine learning is a piece
of work which is long-term, explorative and meaningful. Based on this, we propose several basic
concepts of category representation of machine learning methods via the category theory. We analyze
the decision tree, support vector machine, principal component analysis and deep neural network with
category representation and give the corresponding category representation for each algorithms: the
category representation of decision tree, slice category representation of support vector machine, and
functor representation of the neural network. We also give the corresponding theoretical proof and
feasibility analysis. According to further reach of category representation of machine learning
algorithms, we find the essential relationship between support vector machine and principal
component analysis. Finally, we confirm the feasibility of the category representation method using

the simulation experiments.

Key words category representation; machine learning; representation of machine learning; category

representation learning; category representation learning algorithm
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EM 1. {5 (category) C. B 2 T4 H K

1) — %X R (object) by » £, 45 A% 451 F1 5 451 5

2) AR B — XX % AL B, %R B S C (A,
B). Kt ZF N 4 4 (morphism) , i 1824 A%~ A” 5
HB#BHL.CA.BY5CA".BYORZL. HWH LT
T 251

D B 418 B # (composition law). & f €
C(A,B),g€ C(B,C),A.B,CE obj , WAF1EME— 1
gfeCAO KK f5g MEAR.

@ 4541 (associativity). % f€ C(A.B), g€
C(B,O),h€ C(C,D),A,B,C,DE obj M4 (hg) f=
higf).

@ Hfi A5 (identity morphism). & — %4
AIE—NBY 1, € CA A FBIITER €
CA.BF g€CC. A fI.=FfM1.,g=g.

Bl 1. UES A={(1,2,3},B={a.b.c) X%,
T e S A 30 =27 MY EE A C (AL B). FE LR T
B — AW — A B A — 2 I
JEWE X RS GE. Inak 1 iR .

Table 1 Example of Category
x1 EEELAI

Category Object Morphism

Set Set Function
Top Top Space Continuous Function
Vector Vector Space Linear Transformation

Group Group Group Homomorphism

AL = 2 T EN — e L F: X—>Y, H
HOF FRORPLAS I k. X RoRHEEHES.Y £R
SEAAE A A AR B A S, T g th AL g
75 8 JE 5 (category of machine learning algorithm,
CMLA) iy 5 X.

X 2. HLAR 2 ks C.o R 2 34
éﬂ}ﬁ:
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D X405 obj s

2) AT XX % A, B Xt RS C (A,
B). HOUE RN 1324 A=A"w 3% B=B"it,
CA.B)5CA",BHRZ.

Ui B« 1) 3 LA X G2 % o 2 > ) b 8 4% A I
SRAE DR AE L JE M R I Y AR G T AT B R G 2 kT
GRTG 0by s 2) WHTIE 2 DX R Z AR KRR PE A B 1Y
— Rl 3 FOOE A ) 4R 5 B 92 4 A 22 TA) Y 5
FRAN G X T AR B Z 18] DRI AE T RE G AR A L5
(E SN EE Y MY oy il e WNCE T Sy S
PEATR]. DA FAT TR B A 2% > ) 31 v i) 45 b g AR
BIEGRR N A A€ obj i i SEHIEE G RN N B:
B€ obj FIHABF B — LA XL IR e 2% )
[F) BT P T AT X6 G 2 1l % G2 T+ e B A~ 2 T ) B ()
iy A i 0 R R 22 1) DR R MR R B R RO A
5555 DT T A 6100 285 S0 500 A8 80 17 % 52 X8 i ke S ) B
C(A,B) X —A 2 IR

EIE 1. Hlan# ) 7k uwE R E # (category
representation of machine learning algorithm,
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> 75 ¥kl e W R R

IE B AR S 2 iR AL AR o 2 O VA U Y
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F G2 AR AR I3 B Rk A B ) RS
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— MR NES LA RE D EAATE DA
BB — SRR AR X AR TR LA C (A,
BRI S A B4 B B — 250
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B) 5 C (A" B)OARZE, i 2w s 1) 5 3. [\ I 25 5 4
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Ty srtt x| B E WSS RN y = /(o) AERRAT
€ T HAUAH —1 y, € Clifg vy, = f(x) ior GX
AR5 RO B RO AR B0 . e, C A
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Bh Hh g InRE DI £ AR K
ar. PR AT SR G o e A S X o R
SRLVE I B A S B

EX 3. JpRARIE. 2 T

D MR obj ={C', I, -}, Hort C" Ry X i ()
x; MBS (FELFRERE R — i C=CD).

2) fERE— XXt 42 AL B X e g 84 C (A,
B). KL RHHAEG f:C 112 A=A"5#H
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Y. RARAFAE AL G, i 3 " HIRE T
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.x,) B AME B

3 PIREEER T PCA&SVM &k

YUk B ey B0 R S WE 2 s 3R e o A
(principal component analysis, PCA) F 3% 5 [f] 1=
Hl.(support vector machine, SVM) & ¥, 7 Ik 45 H
Y 7 3 W 7y S AR

X 4. Y ik (slice category). i B 0 %
CHy— A0 4 % s h L B R EHI S ¢
T B fE (T o). T LR — A LT (T o)
X HIEWE AT 2 UL B A E S A
Bl g:C>B WSS h: (A, ) > (C,g) 298 h:
A—>CH R f=gh. A1 iR

Fig. 1
Bl 1 B EY Rk

FRIXFEAT B RJEWE S B E 1Y) R w6 (slice
category over B) . ig/EC/B. XA LI73 5] B T
4] ik (coslice category under B) ,iEﬂz B/C.

Bl 2. W% A={a.b.c}),B={1,2,3}.C={@,

WA XA ) R an A 2 R

Slice category over B

a b c

S
1 2 3

morphism g: B—>C:

g:

Slice Category over B h:A—>C.

a b c

h:

| ([ ] A

Coslice Category under B 7' ;C—A,;

| o A

a b c

Fig. 2 Morphism and slice category
K2 ZSaRY R G

EW e — RS Tk BT N Z
E%%*ﬁﬂﬁtﬂﬂiﬁgﬂm—l% By TN RERiD)
K vet 2 K Al 5 BRI 4 =5 ).
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Bk 4. FRG T

LR R €I n A1 m YR X

B BRIk AT m BV Z.

LWL B X 1T (T —A a7 B F
&AL B £ 3X — 47 B BME X

AR 2. RIBE T B RE W=1/mX'X"", X' =
X— X N Wr 77 22 56 BE 09 FR AR A (B FIXE R 19 R AIE
] 5

AR 3. WG FRRAE ) £ e 0T N R AR AR R /N A F
AT HE S B B WL BT R AT R AERE PLZ=
PX BN REAER b 4E )5 105U

T HUHE TR0 2 ) B HL 9 06 R A R T E N, AR
Wik f:X—>0 HIEWEN 1 — A5, 0 R 8l A&
JBT . AR R A AT 4 2 ] rp G DL K R G & A I
WU, R g:Z—>0 RHEWEU i — A4, Ho
Z NIRRT O LY A yu k. Rigiih s .
A h:X—>Z 3R f=hg b £ 3RATE R ZHE
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Bif H b b) Jr5ms S s 4 Rk X h =g, 45
B2 SVM Bk B = M e o . AT n] L&
BLXF ] — 53035 AN [R]85 £ LS T 2 1 B A —
FERY IR ER B ATHR R R — A5k,

SVM 5 PCA Rk A JF A% 0 8 2 B B 558
A 2 6] o SR i ) G Al 2 T B 4 of 2 47 Ak 2
B2 SVM 5 PCA AR 2 : 1) SVM F 4k 1y 25 7]
AN AT A2 TR] T 2 v AL B TR IR YR 25 18], TIE R 5
ELUUL XS B HE AT e n 5 2) 78 PCA /1 f #il g #82
AHE BARR KAWL EAE SVM b g 2B RIKM.
T4 ) R ek s PCAR.SVM # kR A,
W 3 fin .

h
Projective Date
S

Essential Date

Fig. 3 Slice category representation of PCA&SVM
K3 Y1k PCAR.SVM B ¥k

4 SEBEEF R Deep Learning & %

ST 18 B A fu] 15 8% bR F- K 7R Deep Learning
TR TR I 45 Y Y R T B AR
EM 5. KT (functor). BECHU & 2 48 .
—ART F: C>URH 2 Bt
objn—>obju:A > F(A),
morn—>moru: f > F(f),
e dom (F(f))=F(dom (f)),cod (F(f)) =
Flecod(f)), F (I,) = Ipny. 3F H & dom (g) =
cod () ] F(g [H=F()F(f). Hrh,dom FE L
B8 . cod M {E 5.
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Deep Learning 53545 WA 3 Fi A A W B IR
JE2E ) T B R 2 ) IR AR ) B %)
B A B ] U5 R 43 2 Il T W B ) R
T4k PR IR 4B A T ) A5 TR G R B D 4% U 25
THT 2RI N TR 2 1, A LA B IR
JE 27 ) i oy B R 4.

Bk 6. WA

R X= (X1 0, x, ) AR B
Y={y1 3203 ) JRFEAR x ko JZ R4 5

i REARR

AR 1L F SRl /MR Ok pREL

TJW.0) = 1/C2m) X D) [ h(x) —x, || 7+
i=1

yizZX [[wi®,
SRAF Wb, Ho x, FoR5 i DREAR .y WS
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i=1
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FE T (W) = — 1/m X DD 0y, = j) X

i=1 j=1

T - T 1, yi=J.
ln(ewll"r/Zewfl"'), ,HQEP/JZ(y,Zj):j )
j=1 105 yﬁé];

AR 3. RINE TH KR P,
P,=p(y=1]x,W) = ewi"f/EeW.f"f ,
i=1

M 3= Vi, -

% Deep Learning HiE(n B WE—ZE N —1
WEE G s Coweer s Con 85 0 2 X R X 205 N
objd: e BN f::subsCobjd;) — subs Cobjd.;) , H.
subs B, TG 12 19 H b st 2 44 2 R £ L (175
TEHE UG F P 1 D0 32 THRS 0 2. e 1 eR E
T RS 1 ZHRTF . C—>Co X 2 4
W5t K objd; = objd;i: A > F, (A); mord; —
mord;y : f > F, (). WITFEATHAZF] T Deep Learning
A B Y PR RO

5 XBMHE

AR SCHEAT S B FLB AR T IR TS s R
Bl S T R AT AT P 20 2~ 4 0 Ap R AT e et
BEVE AR AL VIR A o U ik AT T BRI
WA RE B AR 32 AT XX 3 ANk AT AT
PR IE.

5.1 REMEEIRMHE

FESS 2 799 FRATDRE D SR Bk R AT T VG 3R
718 I T A 5 2 8 A B AT T B R 5 3k 1 ]
Fide. 2 2 O 10 LS & B 5 S I A L B S5
0L, FRATHE LI Ry 5], 388 3 s 7 A WAk T
RE 75 0 V5 151 55, JF I 5% 11 17 3 B8 (s =
B A 5.5 T30 B 55 1 L.

Table 2 Situation of Volunteers

*x2 EEHBR

D Property  Marriage (Single,  Income (Unit:  Debt
(Y/N) Married, Divorce) 10000 CNY)  (Y/ND
1 Y Single 12.5 N
2 N Married 10 N
3 N Single 7 N
4 Y Married 12 N
5 N Divorce 9.5 Y
6 N Married 6 N
7 Y Divorce 22 N
8 N Single 8.5 Y
9 N Married 7.5 N
10 N Single 9 Y

2R 2 71 e SR S 4 v A 2 B A 3 O 1 3RAT
LA CR WP Gy S R T4 T 8 FI/N T 8 X
228
Entrop(S)=—0.31b0.3—0.71b0.7=0. 811.
Entrop(Propertyy) =0,
Entrop(Propertyy)=0. 985.
Entrop(Marriagesyg.) =1,
Entrop(Marriageamica) =0
Entrop(Marriagepio.) = 1.
Entrop(Income-g)=0. 985,
Entrop(Income—3) =0,

Entrop(S, Property) =
0.3X0-+0.7X0.985=0.69,
Entrop(S,Marriage) =
0.4X0+0.4X0+4+0.2X1=0.6,
Entrop(S, Income) =0, 7X0, 985+0. 3X0=0. 69.
Gain(S,Property)=0.811—0.69=0. 121,
Gain(S.Marriage)=0.811—0.6=0. 211,
Gain(S, Income)=0.811—0.69=0. 121,

AT AT A AR T S0 U O AR A 2
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Fob 73 30 8 S 7 L 1 B R A ST S A 4
JIT 7R

Marriage )
Divorce

Married

Y 4
| Debt:YI | Debt: N | | Debt: N | | Debt: Y | | Debt: N |

————— > Prediction of the Debt for the 11th Volunteer
Fig. 4 The morphism f
B4 547

DT FRATT A I 55 11 A7 2 B 0 ot 55 1 0 A
Y (E 4 PR,
5.2 SVMEZIRHE

ES 3 W IR SVM B vk AT T i mh %k
7N I THT A DA 0 5 2R s A B E AT T BRI R SRk i AT
AT, 2 M T 8CHE 42 1 ORL ARG B9 48 b it A7
Bk,

N T8 B2 CR T 426 2R FH IR A i 357 40 A 11
2 LA ILLC0,0)(2.5,2.5) o HRiEZE R 1
() 2 4155, B2 100 A, HEAT 10 W SE 56 IOV 2 1
RN 96. 57 V0. Hoh B SIS HUR WA 5 iR

O Support Vectors

-3 -2 -1 0 1 2 3 4 5

Fig. 5 Experimental results on artificial data sets

BS54 e s R

ORL AR 8645 CR AR HTZ) & 400 7 A
Ji & (40 N X10)  Hodr g i G K/ R 112X 92,
Hor— 2 ) 3 — 2= 0 Sk, i W A S B0k B 0. 01,
128). Z 43 by 39 X 40/2 A 4r FE R S v 2
.10 IR SE G SF-H4 HERR R A 93, 68 %4.

X 2 20 S5 A IE S5 W5 26 s ML g o > 5 v
A RTAT M RIS 1 A 9000 AR T 46 2 Tk &
R —A 07,5 1 AR K T YA e
WER R SVM BIL W nl A7 0. 4565 1,2 AR &

B SVM 0] FH {5 w5 38 K R R B T 18 85 R R HL AR
22 T 2.
5.3 HMAEMNEZEEIIRHE

MNIST %#it 42 J& i 0~9 1 F 5K B 4
BUCRP 10 2840 48) . & 1 60 000 5K Y1l Zk & 45 Fn
10000 Mt % . B ok KI5 ol 28 X 28 (1 ik B 1A
Kl 6 25l T MNIST %4 5 i — LEoR Bl FEAS. & 7
J7E T 5 R B AE I 196 /N BB o (1) ] AL Rk SR

7] 2623267

34 6/«1758703

Fig. 6 Sample for handwritten data set

K6 T 5 B 4R 1 7R il R A

Fig. 7 Visualization of 196 hidden units on handwritten

data set

B 7 (T SWBIRAE 196 A BBt i ol Ak 50 R

COIL BHa 4" A & I BEAR S H & AR 06 Hh il —
W T U RE T2 RO IR ZEIEER
7200 KK BE R, 2L 100 B0 RS20 72 sk 1A
% AR AR R /N 32X 32, [&] 8 45 T i B
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