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AN AR T AE L 7 20t — Se Rl Bh ke, (HA R B R Tl a2 S e
W28 7 T A SRR, R AT BT BRSSO A AR

Bt EE

{5 2, Caffe FIBZERERE 1 LAR LS5 THI 1 4 7% -

® Ron: ML LA SRR ZE SC, 1A 2 PR

® . X ARG Tl AU, 128 5 R T R St (KA AR A R A A O
L

® fEHLIL: SHTHIAL S ANNC B EORMESAAT RAEVEAY R

® M. RIEAIN SRR T E ALK w] S5 (AR RN R] F I

® X EIILFETFHEAILL BSD-2 ML FEIFAIXANWIH . SEARBE T BB R
R TV B AT DR S8 B &

XEEENES] BT .

HENE
® Nets, Layers, and Blobs: Caffe 15 %Y fif#fr;
® Forward and Backward: JZIRARIY (S AT s
® Loss: Hi loss iE XA > AT 55
® Solver: solver FHBIR FIHEAL
® layer Catalogue: “JZ" @M AITFE FIFEA R IC, Caffe PRSP RLE TG
BERRL I 85 B0 & 2+
® Interface: Caffe #4417, Python, F1 MATLAB higf% [ 1;

® Data: YA AN caffe A% A EHE .
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#—& Blobs, Layers, and Nets: Caffe PEZUAMEMT

TR BE AL P 28 5 — P BRAL AT, e el — RBIE AESE hz ig  EERR R A & 1
Ji.. Caffe 3t H CRIBITZUH, I8 ILIZ)Z € X (layer-by-layer) )5 2 L — NP4 (Nets).
W2 DS N R 2R R B R I HE SO, Caffe (] blobs Z5 MK AFfil . S HAN
AL B 24 e L [ A S [ AR RO AN U5 2 - blob 52 Caffe IFRMERASS Y, E34E T
— MG MINAFEE D . Layer 52 Caffe BRI A TT, Net i&— 25 layers A%
fEE# . Blob VE4HHEIAR 715 B2 UN{AIE layer FI net HrAZAE FIAZ HLK] o

Solving CRAEJIE) PAMNCE, LRSS L IId R

N R R I L A R

1.1 Blob WG #H

Blob J& Caffe H1ALFRAIAL 1 S bR I B4 0, JFEHAE CPU 5 GPU Z (A A [A
ReFEBE S . WECERE S B, blob /&% C XU ELEAF k1 N 4E54L

Caffe 75T blobs fEAEFIAZHAEE . AT ETHAL, blobs F2AEGE— I A7 CIRAF it
PRI, Bl & G EEE . BRI S K AR TR G S 5L

Blobs AIR#E CPU EHLF| GPU WA HIFA T2, Bl CPU/GPU IR FNIZSAETHEL LT
o ENMBA LWL TR RSE (azily), LA SN AERE R R0E

X TR R KL, blob # HLAI4ESCN EE HE: N * BB EL K *FIR R H > B 5
& W. Blob 217 4E (row-major) BEATF#A#, FTEA—> 4 4E blob 1, AAF5N(n, k, h, w)H
MERPFALEN ((n* K+ K)*H+h)* W w, I8 1555 e T /55 A 320 AR ¢4 P S A R

e Number/N 2R BB & . e A HAE BA R T3 i & AL BRI He 1y

BRIt 2. 7 ImageNet EREAMIIZREE A 256 5KEME, T N=256.

o Channel/K 2 RFLLERE, BlUnxs RGB EGK UL, K=3.

HK Caffe MG R BI T IR £ blobs #5i2 4 ZEALAR, (HZXS T BRI M55, blobs
e n] LA . i, AU TR TR 2 R R AI U e s 2%, Al
F 2 4E1f) blobs (FEZM(N, D)) s Z 5 H I InnerProductLayer (4% 82)2 , B 5 HATH UHED
Rpa],

S Blob [I4E L AR 2 K 28 RUMAC B AL . — MERRET AT 96 2 M4


http://caffe.berkeleyvision.org/tutorial/forward_backward.html
http://caffe.berkeleyvision.org/tutorial/solver.html
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11x 11 AN 3 B RIIEN A%, AL blob 4EF A 96 x 3 x 11 x 11, X F— M A2 1024
Y Chy NEIEHD, 2 1000 4E CiHEERD FINZE/4EH R, 24 blob 4E/% 72 1000
x 1024

TSR E R, B OB THEEE SR R R LR HRTIRERE, —H
PREOEHE HE 25 58 5, & AR R ORE 2 8 VR 72 i) T 1 A

T blob MR, ATELMR values () FI gradients (HJE), HTLA— blob
WIT AR T SR ——data I diff. B#RIRATER LS &S B SO, 5% @i
AT SRR .

i, B FEUREE T ERETE CPU b, WRIAEEE GPU b, DRITHTA PRI B 7 1 77 3
AR, BB AR, BRI

const Dtype* cpu data() const;

Dtype* mutable cpu data();

(gpu Al diff F#RAE 2 K00

T AR A B2 A blob {1 7 —> SyncedMem JEKR[A2E CPU Al GPU L AI%H,
ABSREIRD 1405 R MU ARG R . — N EIGHEND, WA, s B
=M, THAAELE H g R PR TRE . B UERME blob Y, 1 AN (¥ BR HOR SR E
(f4R%EE, BN SyncedMem 75 % HY X 77 SR A e o] i 75 2 52 11680808

Sclr b, R GPU I, Caffe Hft CPU ARG S MRE AL P a8 A54# 2 blob, [FIN & R /3l —
> GPU %1% (device kernel) LM ] GPU BEATTHEL, FEAFTHE LS /Y blob AN T —)Z,
IXEERESCIL T mAoE s, RN T REANT . BT layers ¥4 GPU KB, X FIE LT
JIvA B )R8 AR BE A2 R 7E GPU _E

XEAH ARG, FHLAFE blob i £ 52 il 4 -

/7 BEEHRAE CPU L BEATHIMRTL, FATH — blob

const Dtype* foo;
Dtype* bar;
foo = blob.gpu data(); // HHEM cPU & ifilF| GPU

Vi /) BABIEER, PEEHARFIINE

foo = blob.cpu data
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bar

/..

bar

foo

foo

bar

bar

bar

1.2

- blob.mutable gpu data(); // V8 5¥EEH

AR L

= blob.mutable gpu data(); // 1I{E GPU, ¥&H ¥k E

= blob.cpu_data(); // HIT GPUMEEL T #UE, %l GPU E i %) cPU
= blob.gpu_data(); //HBIEER, WEME RTINS

= blob.mutable cpu data(); // WKIHEHHIE S

= blob.mutable gpu data(); //%¥EM CPU &% GPU

= blob.mutable cpu data(); //ZFFEM GPU &ifilF] cPU

Layer HITHEMER

Layer f& Caffe MR (1A 5T N A AIPAT THEL VA H T . Layer AT AEATIR 2125, .

convolve (. pool (jthfk). inner product (HIFD, rectified-linear Fl sigmoid %53 Zk 1%
B, TERFEIEZH, normalize (JA—1K). load data (EHEINE). softmax Al hinge
2 Josses (#AJiHH). WI7E Caffe [f) layer catalogue (ZH) AL A #HE, HERT
R 5y H TR ATV IR BE 5 SR 55 T /R B 1 J2 9L

top blob

bottom blob

—™ layer 1T bottom (JEHS) EHZEENEYE, Eid top (THES) EHZ 4 2ds .
BF— layer #E X T 3 MEEREH: setup (WG IEE), forward (RIFAEHRE),

backward C(IAAEHE) .

Setup: TERBLHIARALIN = B layers S HUAH .2 W] I ;

Forward: M bottom J= HZ et ,  HBEAT THEL R R iz A 2 top JZH;

Backward: Z3 € A% T top JRH L AURERL, THEHARR TR KIBEE, JF1%1E 5] bottom
JZo —MNAZHUN layer T AT TS SEIIBE BRI A7 B2 A &

7


http://caffe.berkeleyvision.org/tutorial/layers.html
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553 b, Forward Fil Backward BR 35351 CPU Hl GPU Pk seBl 7 X . i SR 44 52 B GPU
JSA, H 4 ayer K 1a]F 4% FIIE TR CPU J5 3o SR X AL 2SI AIA MR B A3 LA Chip
ANHE GPU _EEHIF] cPU, kit N cPU SUEHIRIE] GPUD, (HZXS T — etk
SRR R AR TT(E R o

SR, Layer AKSH T L P MZ 0 A forward pass (R &A% ——HU A
FitS st backward pass (RS —— RO T Mt BRI, THEAX T 28O
(RIBR LI S AR R AL ERTTH 12 . B SRR T 4 layer (AT A0 A0S ) J3E

Hi T Caffe W25 14 A PR AR S BEUE, B E X layer AR 51K R 2 5E LT layer
¥ setup (WIUAMIZE ). forward CHIIAEIE) F1 backward (/R IFLEIE), HEFTH layer 4N
MK,

1.3 Net & R#AE

A N B B, ES RIS SE ST — AN BB BRI RRE o 3l 1 & 2 it
SKAFLXABREL, SRIATE € AT 55, FHEIm A B 2 6 J5 1 AL 4 i R SR B B 2R iR 4K
(RoBRIEE, A% ST 55 o Caffe A5 b B3 (UM A8 5% 51 51 4.

AL, Net 2 HI—RIIBEHMKIA FLH (DAG) THE K, Caffe (RE 1 i EIH T
A [y e e AR PRI TR AR TR . — AN L) Net FFUA T data layer—— MR
HOmEEE, 2T loss layer——TH 505 28 A1 H X LAE 55 1) H AR R 4K

Net H—RFIZFEANTZ R A LSRR, IR — R SC R BOE 5 . — A L2
B[ R 43 R R IR E LI
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name: "LogReg"
layer {
name: "mnist"

type: "Data"
top: "data"
top: "label"
data param {
source: "input leveldb"

batch size: 64

layer {
name: "ip"
type: "InnerProduct"
bottom: "data"
top: "ip"
inner product param {

num_output: 2

layer {
name: "loss"
type: "SoftmaxWithLoss"
bottom: "ip"
bottom: "label"

top: "loss"

Net:Init()FEATH I W) a6 1k . WIUGAL = B SEIL N4 6% blobs 1 layers DL 22 %4
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R4 DAG [ ()48 C++ifZ A AR — ELFFA blobs A1 layers FIFTAEO, LA
M layers ] SetUp()Ri %k HIAGALINT 2 fi s — i, Blnmiil B 28 4544 1 1R 5 15
o TN, WAL, Net 24T ENHAIMGA H S E] INFO F R

10902 22:52:17.931977 2079114000 net.cpp:39] Initializing net from parameters:
name: "LogReg"

[...model prototxt printout...]

# construct the network layer-by-layer

I0902 22:52:17.932152 2079114000 net.cpp:67] Creating Layer mnist
I0902 22:52:17.932165 2079114000 net.cpp:356] mnist -> data

10902 22:52:17.932188 2079114000 net.cpp:356] mnist -> label

10902 22:52:17.932200 2079114000 net.cpp:96] Setting up mnist

I0902 22:52:17.935807 2079114000 data layer.cpp:135] Opening leveldb
input leveldb

I0902 22:52:17.937155 2079114000 data layer.cpp:195] output data size:
64,1,28,28

I0902 22:52:17.938570 2079114000 net.cpp:103] Top shape: 64 1 28 28 (50176)
10902 22:52:17.938593 2079114000 net.cpp:103] Top shape: 64 (64)

10902 22:52:17.938611 2079114000 net.cpp:67] Creating Layer ip

I0902 22:52:17.938617 2079114000 net.cpp:394] ip <- data

I0902 22:52:17.939177 2079114000 net.cpp:356] ip -> ip

I0902 22:52:17.939196 2079114000 net.cpp:96] Setting up ip

10902 22:52:17.940289 2079114000 net.cpp:103] Top shape: 64 2 (128)
T10902 22:52:17.941270 2079114000 net.cpp:67] Creating Layer loss

10902 22:52:17.941305 2079114000 net.cpp:394] loss <- ip

I0902 22:52:17.941314 2079114000 net.cpp:394] loss <- label

I0902 22:52:17.941323 2079114000 net.cpp:356] loss -> loss

# set up the loss and configure the backward pass

I0902 22:52:17.941328 2079114000 net.cpp:96] Setting up loss

10902 22:52:17.941328 2079114000 net.cpp:103] Top shape: (1)

10
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I0902 22:52:17.941329 2079114000 net.cpp:109] with loss weight 1

10902 22:52:17.941779 2079114000 net.cpp:170] loss needs backward computation.
10902 22:52:17.941787 2079114000 net.cpp:170] ip needs backward computation.
I0902 22:52:17.941794 2079114000 net.cpp:172] mnist does not need backward
computation.

# determine outputs

I0902 22:52:17.941800 2079114000 net.cpp:208] This network produces output loss
# finish initialization and report memory usage

10902 22:52:17.941810 2079114000 net.cpp:467] Collecting Learning Rate and Weight
Decay.

I0902 22:52:17.941818 2079114000 net.cpp:219] Network initialization done.

I0902 22:52:17.941824 2079114000 net.cpp:220] Memory required for data: 201476

Caffe 145 IR I 5 TEOC, PIIMZ N RATZ ATHIRRE, blobs F1 layers EAE AL & L
A2 B T SRR T . I R 5 2 5, 1l 13 B Caffe::mode() % £ HH 1) Caffe::set_mode(),
BT SEILAE CPU BY GPU LIJIEAT. SR FH CPU B GPU THE 1S B 145 A F) Gllid 2 s
iEW]), CPU 5 GPU T4 VIt HAMSZ TR TE Lo X Tt FeA AR U, R g SOMISE
W EIFR R RIFAE T .

1.3.1 BERE

HE I I SCA protocol buffer (prototxt) 185 5 S, 2 I HF HAR R 2> 4 5 Ak Hh A7
fit /£ 31 protocol buffer (binaryproto) .caffemodel U4+

AR T protobuf 1 & i XAE caffe.proto SCHEH . KER/MESCH: H#H54 fRE, FT LA
BMK K EEE.

Caffe {{ [l Google Protocol Buffer A LA FAR#: 4% /5 HEFI —HEh] 7 F 8 ST By, &
RFIME, S SO NS bR A e s, AT H 2 M 5 SLBlm s 1, JCHUE CH+
FI Python. IXEEARIAERL T Caffe BB M) RIGTE ST M.

11


https://github.com/BVLC/caffe/blob/master/src/caffe/proto/caffe.proto
https://code.google.com/p/protobuf/
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B AEH
B £55. DAGE

12
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¥ —&F Forward and Backward (Eif%/&f%&)
FIAE AN I A A — ™ WX 2% i B B )i B 2

Forward:
inference f (.’I;)

“‘espresso’
+ loss

Backward:
va (.’,U) learning

T THT AR AT B A IR U o 2R g
2.1 HifE

HiAE (forward) IR 9% E IAFHERT TS5 . ERTIE AR P, Caffe a5 —
JRRTHE DA BB TR “ BB AR AR A BT Bl x @A WRES

F) g(x), RJ5ET softmax 2153 A(g(x)), ilid softmax loss 53] Fw(x) .

h(g(z))

|
g(x)

i

13


http://caffe.berkeleyvision.org/tutorial/net_layer_blob.html
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2.2 Rf%

A% (backward) REMRIESIRIFFAEELNMRAETES] . fERfEE R, Caffe i
B3RS I I A A R IR ER T B W ORGSR S AR RE A i AL AR
H T N AT

ofw
oh

|—> O fw ()
h(g(x))

t =
g(x)

ofw | 4
ag |
9

0

BAGERECMRR IR, SRR MR A 4yt TH SR 5 o ARIEHEAAEN], BRI E AR

fW
oh
HAMARIELE . ASEE, HI40 INNER_PRODUCT 2, £7E AL EFE T HEHE S50t Hkd
of,

ow.

p

[

2.3 Caffe R RALRISLZIL

HUEE L (AR, XSOt n] DALSLBIHEAT: Caffe L RARHER LT 1 AL AN S A% 1K)

SKHLUT %

® Net::Forward()F Net::Backward() /5 =52 2% (U R AL A J5 4%, 17 Layer::Forward() Al
Layer::Backward() it 54— Z AT 5 % -

® i —/Z#H forward_{cpu, gpu}()Fll backward_{cpu, gpu}J7 iz K& M A [ .
TR By TR, —NEATRESEEL T CPU B GPU fEX,

14
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Solver fift—/MEAY, B Sl il i AT AL SRR A A AR SR, SR A T A AR R
BREE, KRR R 5 BB S0 Ja AR AS & R/ MEBR . Solver WIZE AR 22 18] (¥ 7) TA£15 Caffe
A DU HAL I HIFJR

L TEZ KT Caffe AIERURE IR IR, "S55 )2 8075

HERE. B FRAR:
BV A
Roxts . WK

15


http://caffe.berkeleyvision.org/tutorial/solver.html
http://caffe.berkeleyvision.org/tutorial/layers.html
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FE=F Loss

HRZEWHLE T IR 1, 1E Caffe H, %) R —MRRREIREN I GEE B
MoviRZE . A EE BARRED . — MURRECES SR (RS ATR U ) s 3
—NA DR IRIZ S S H A RARRE AR BB K 2 Hn . BRI, 27 ST H B 4R 8] — A%
BUEGES, AEAR R R BUR /D -

fE Caffe v, #5155 L W48 F T ) THRAS 2 - B — 2 T — R FIHI% A blobs (bottom),
SRIG P — R BIHIHTH blobs (top). X8 2 A IE Skt mT AR RAF 45 ek B S 7Y Y — %
Z 0 FAT S K RO softMaxWithLoss BREL, AT LA 48 8 X, filtn:

layer {
name: "loss"
type: "SoftmaxWithLoss"
bottom: "pred"
bottom: "label"

top: "loss"

1E softMaxWithLoss FR%(H, top blob & — MrEHE, ZEE 2% batch [T
B CHTMAE pred FIFIAH label THHAFED.

3.1 Loss weights

ST S ZAMRIZING (G0, — AR softMaxWithLoss i A\ 432 -4
H EuclideanLoss JZREATHEAY), 45 RAUME AT LA HISR A8 € AT 18] PR AH 0 25 2242k

AR, 5 Loss JGARI Caffe 204 5 BBCH DTMR, HoA 2B (U T e e
Lo BRI, ERLTEJE E SRR loss_weight:<float>7 B 3 H11% 2 ) top blob, {FAT/Z#E
AT LMER—A loss. Xt F75 J5 41 Loss ME K UL, HxtFiZEMIH— top blob & — M
) loss_weight:1; JHA)JZXF B T top blob A — &N loss_weight:0. [Fk, LT
softMaxWithLoss JZ %54/ T

16
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layer {
name: "loss"
type: "SoftmaxWithLoss"
bottom: "pred"
bottom: "label"
top: "loss"

loss weight: 1

ST, ARAT AT U FRIR )R, RIS VR4 TN E 0 1 loss_weight, 140, WIRFHE,
X PR 2% ) e e e ) J22 i = AR OO HEAT IE AL o X T B HESCE 0 R B S i, H 2k B
Hoa] DU BT blob sRFIRIEAT (] B 5

2, AE Caffe R 2SR5 5% BR BT LLIE 10 84S R 28 o T B 45 R 2B AT SRAN T3
PG, IEWLL TR A

loss := 0
for layer in layers:
for top, loss weight in layer.tops, layer.loss weights:

loss += loss weight * sum(top)

2&%%%\ W\ $B‘E}\E=
% AT
Bext: XHE K

R ¥Rk

17
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FJUE solver

4.1 Solver 4>

Solver JEIt ¥ A Net [P HT RIHERTTF AN S A 86 B 1T (forward inference and backward
gradients), SRXIZHGHATH B, MIMIAEE/N loss I H . Caffe BRI 22 314 7 AN
57: H Solver BATHRAL. BE¥ZE, H Net tH5 ! loss F1 gradient.

Caffe SZ#FH solvers fiF5:

@ Stochastic Gradient Descent (type: "SGD"), FHALELE T %
® AdaDelta (type: "AdaDelta")

® Adaptive Gradient (type: "AdaGrad"), H &N AEAE

® Adam (type: "Adam")

® Nesterov’ s Accelerated Gradient (type: "Nesterov") and

® RMSprop (type: "RMSProp")

Solver:

1. AT R QI (HT520) FhAm g CHTP8)D;
2. @i forward F backward KIS AN BE R 241

3. SIS DN 0 25 D £ AR 1 R 5

4. FERAEFE TR solver IRASHIRAE (snapshot);

B YOS AR -

1. M Net FFT TR FETH 5 B4 B A loss

2. M Net )5 I FETHE AR (loss X432 IR w A1 & b KF):

3. MR4E T HPTUFE Solver J7ik, FIFIBEEZ ¥ 24

4. MR 213 (learning rate), JiSEHFEAIRMETTETEH solver HPIRZS, (EAE WAL
MRS B A B I 215 ST BIRPIRES o solvers IIZ AT CPU/GPU PiAE .

4.2 Methods

18
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Solver JIVAM T HIMEIRA (loss) fH. a1 Hdla%k D, ALEIHARZ D FHT A%
PARRIIME, B, B EME.

ID|

1 )
LW) = WZ fur(X©) + 2r (W)

Hrif £y (XO)REHE R X O, r(W)ZIENI, BUE Y N 24 D Hiil IR AR (¥
HERHBRE TR HERK) , B8 —U0ERF, RATRHEIE LM — AL T4
(mini-batch) SRiTMCE, HEFEEZ NFENMIEE (N < DD .

N
1 .
L(W) ~ NZ fir (XO) + ar(w)

TERTIAEFE (forward) HHit8Efy, (Blloss) , fEXAEFE (backward) HitH VS, CHJ
BAIE gradient) o MRIGIRZESLLVSy  IEMITEIEREEVr (W) LU AD 7 15 R 8 Bk 52
HOEHEAW

4.2.1SGD

BEHLESEE R % (Stochastic gradient descent, type:”SGD”) F I fiBbEE VL(W)FI_E—IkAL

AV, MRS R E W, 3% (learning rate) o & FBHEEMIRE. )&
(momentum) p J& b —CEHHE AL E .

AU A, ARYE U I SRV A S RTRCE W SR T R IR 0 AV, FIBCE

Wigr:
Vigr = uVy — aVL(W,)
Wipr = W, + Vigy

FARGESH (a M w FE— 2K R BRI R . iSRRG %5

BEMEE, EE R “25%6320 (Rules of thumb) ”, B ZI41771E2% Leon Bottou [

Stochastic Gradient Descent Tricks[1]

[1] L. Bottou. Stochastic Gradient Descent Tricks. Neural Networks: Tricks of

the Trade: Springer, 2012.

BREEIR o NBE n HEREN
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— MR ERGE, K EZE ( learning rate o) WIEA Na ~ 0.01 = 102, AR5
TEIZE (training) H12Y4 loss iIABIFRER, 4 a BRLA—ANEEC (B0 100 , B NIHEER
ZW. XWTHE (momentum ) — & E W = 0.9, pff weight I HI A28, iz

XA Krizhevsky 7EHZEAMIBATF ILSVRC-2012 B B HIMHETS [1], Caffe HHiY
SolverParameter it/M175 5 T 5281

VEOL: . /examples/imagenet/alexnet solver.prototxt.

BEH ERE T, ATDLE R ARSI I E) B 2 Y solver prototxt SCAFH:

base_Ir: 0.01 # UG 2% N a=0.01=1e-2

Ir_policy: "step"  # 2~>J5ME: 4 stepsize KIERZ 5, K a Ll gamma

gamma: 0.1 # 2E ) HCRARL R T

stepsize: 100000  # FF 100K JKiEAR, BRG] MR

max_iter: 350000 # IIZk)E KIEARIREL 350K

momentum: 0.9 # 3% momentum N: pu=0.9

ET BT, BATKEhE W BN E 0.9, RIFFAAMIET 100K YIEIURS 25 2] # %K o

(base_Ir) ¥ E Na =0.01=10"%, A2 T3EE o Fell gamma(y), BI7EZS 100K-200K

UGB LA 313 e’ = ay = (0.01)(0.1) = 0.001 = 107 33#4TI1%:, 2 J5 45 200K-300K 7%
AR 2 SR e’ = 1074, HeJa 55 301K-350K VX (PR N5 (1 8 K% ARk B0 350000)
AR 2 3] % e = 1075,

B, MINSGIREUA R —E RS, BEHE (update) ¥ k?ﬁﬂﬁ%, BTl an 3
BN W TS, SRR D o [ (RZTRERD

HAEIT, W =09, MEHHEY K—— = 10fF. W4 uy kN 099, LEH

1-09
HZ9 K 100 1, Prek a BiZExL 10,

bW AR R R, ARELXA R, EE R R . gl iE
HIL T RBIG (B, loss B3 output fHAEH K FELE/R NAN, inf XERFT) , &
ANFEAESE ST (I base_Ir BE N 0.001) FHIZE, EAEXAERE, HIHRH—NRE
I 7 21 13 (base _lr) o

20
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[1] A. Krizhevsky, I. Sutskever, and G. Hinton. _ImageNet Classification

with Deep Convolutional Neural Networks Advances in Neural Information

Processing Systems, 2012.

4.2.2 AdaDelta

AdaDelta (type: "AdaDelta") J5i% (M. Zeiler [1]) & — &R ¥ >R )54, A SGD —

PR — PR T BRI A V% SR T RE R
RMS((v¢-1):)

(Vo) RMS(VL(W),); (PL(W ),
RMS(VL(WY)), = Elg*] + ¢
E[g°]; = SE[g*]li-1 + (1= 8)gf

Wei1)i = W) — a(vy);

[1] M. Zeiler ADADELTA: AN ADAPTIVE LEARNING RATE METHOD. arXiv preprint,

2012.
4.2.3 AdaGrad

B & MR E R BE 7% ( Adaptive gradient) [1]EEBENLESEE RBP4 (Stochastic gradient) —
FERFE TR R 77 (FEE SCH LM E): find needles in haystacks in the form of very

predictive but rarely seen features) . %57 Z B EHHIE S (VL(W))t,Xﬂ‘?

t'€{1,2,..,t}, BUEWHEAITCER i MEHUT:
(vL(w)),

Wis1)i = W) —a 5
4 1(|7L(Wt,))i

SCBRRAET, X TAEW € R?, HEGENHE (AdaGrad ) Sl A HFE 0 (d) s
FAAE DT SRR AR R (A2 O (db) A7 Gl A5 TR RAFA B — A S I SR 425D o

[1] J. Duchi, E. Hazan, and Y. Singer. Adaptive Subgradient Methods for Online

Learning and Stochastic Optimization. The Journal of Machine Learning Research,

2011.

4.2.4 Adam
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Adam 12 — MR TR TT % BEE X BENRZIfGTHEE  adaptive

moment estimation) (my, u;), W LLEMUE AdaGrad F—Fiz A TE .
(mp); = Br(me_q); + (1 = B)(VLWY)),
Wi = Bo(ver)i + (1 = B (VL(WY)?

1- (B2 (my);
1-(Bo); (v); + ¢

Wes)i = (W) —«a

Kingma et al. [1]42 1B, = 0.9,8, = 0.999,¢ = 1078 YENERINE, Caffe 1 [FEIFE(EFH
momemtum, momentum?2, deltaZy HMEKB,, Bo, € -

[1] D. Kingma, J. Ba. Adam:A Method for Stochastic

Optimization. International Conference for Learning Representations, 2015.

4.2.5 NAG

Nesterov & H (NI BEE F % (Nesterov’s accelerated gradient) & ™M fk i) —Fh &AL 4
2 (1], HUGSIEFE R DAL ] 0(1/t2), MiAZO0(1/t). RAETEM Caffe YIIZRIERBE ML 2%
B AR MEH /2 O (1 /e) LS skt (Ban, - T-JEF¥ non-smoothness . JEi™y non-convexity)
(L SZBRHT NAG i TSRl s 45 M 1A TR B2 2 SRR AL T2 — R A AL 72 21

L weight BRI ZHUSBEHIELE T % (Stochastic gradient) FEH AH{L:

Vier = Ve — aVL(W, + uV,)
Weer = Wy + Vi

5 SGD I ZAAETREEEVL(W) B BUE A : 75 NAG 1, FRATHBCE ATALE M Z) &

Z BB FZVL(W, + nV): 7E SGD Ht, R il AT S A BT E IS EVL(W,) -

[1] Y. Nesterov. A Method of Solving a Convex Programming Problem

with Convergence Rate O(1/vk) . Soviet Mathematics Doklady, 1983.

[2] I. Sutskever, J. Martens, G. Dahl, and G. Hinton. _OntheImportance

of Initialization and Momentum in Deep Learning. Proceedings of the 30th

International Conference on Machine Learning, 2013.
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4.2.6 RMSprop

Tieleman fE Coursera LEFE[1]1FHE 3K RMSprop J7 VR RE & — 3k T80 FE ik 77 132
(7] SGD B0« HF T FEUI T

e +6,  (VLWY),(VLW,-y)), > 0

(“”z{wpofu—ax else

Wesr)i = W) — a(vy);

W R S AR RSN, WEBR BN € 3RPAL —6) , RN 6. 8(rms_decay)

BRIME A 0.02.

[1] T. Tieleman, and G. Hinton. RMSProp: Divide the gradient by a running average

of its recent magnitude. COURSERA: Neural Networks for Machine

Learning.Technical report, 2012.

RERE. B HRAR:
e R
Bxf: BE. BT

B Ak
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A E Layer Cataloge

T BV caffe 1R, F-ATTFEEAE—> protocol buffer(prototxt) U4 g SRR 1) 45
o
1E caffe W, JZFIAHN IS EHS € XAE caffe.proto 304 HL.

5.1 L2 Vision Layers

Sk3efE: Jinclude/caffe/vision_layers.hpp

PG J2 R B N 5% LR 2 D9 BB . — A OB 1) PRIMGOE Dy B B T 1) K 1] e = TE 1Y) RBG
KA ARG — AN SCRORER, WIR AR SR B 728 1A) S5 K i M B3 0 45 KT 1
TEE AR, SSREE M A S T B ARy B . XA as i a] LLTE B caffe 12 R € anfAT ik
S NER, BRI, K2 B SE 2 8 R AR N BRI R e X A TR e R A SR = A%
RIS o AHSCH, FLE SRR 0 2 s A () S5 A T AT A AN R G VR — MEEE N chw
[ “BAA K&

5.1.1 & Convolution
22K : Convolution

® CPU SEZHUREY : ./src/caffe/layers/convolution_layer.cpp
® CUDA,GPU
® SZPIRAY . /src/caffe/layers/convolution_layer.cu

® 2% (ConvolutionParameter convolution_param)

O LI
1. num_output (c_o): 87 BRI B=
2. kernel_size (B3 kernel_h Fll kernel_w): 8 7€ G AR A% I & B A0 38 %
O RS
weight_filler [default type: 'constant’ value: 0]:
(BEEVE: fRESHVIRITT 5
O BeAT

24
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1. bias_term [default true]: $& % & 75 45 45 A 4 8 0 i 7 20

2. pad (53 pad_h Fil pad_w) [default 0]: #i & fER N G A M 0 G A4
3. stride (5% stride_h Al stride_w) [default 1]: 8@ ERIZERA EIF 33
frsbKs

4.group (g) [default 1]:  (IF¥HVE: $RENHGREERHL, AN 1 RIAZ)
) W g >1,BATAT LLE B RUZ KSR IR B A AN BERE 1 — A7 Bk
Ui, HN BHGAE H EMR AR @B 4R E oo i g AN, et BRI AR i 4
RGENEGEE | HiER (RIS | SRR E R BRG RIS |
.

® i\

n*ci*h_i*w_i

® il

n*co*h o*w o, ' h o=(h_i+2*pad_h-kernel_h)/stride_h+

1, w_o 5T ML

® S5 (I ./models/bvic_reference_caffenet/train_val.prototxt)

layer {
name: "convl"
type: "Convolution"

bottom: "data"

top: "convl"

# BRI R H A S B R T
param { lr mult: 1 decay mult: 1 }
# i LI SR = > MUBUEL 0 AL
param { lr mult: 2 decay mult: 0 }
convolution param {

num_output: 96 # %3] 96 HEWZ
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kernel size: 11  # HBEUWEA/IA 11x11
stride: 4 # BRZEENE KA 4
weight filler {
type: "gaussian" # fll &A1 BEHIRIAE R
std: 0.01 # AT AAREZE S 0,01 (BRIAIME: 0)
}
bias filler {
type: "constant" # ffFEH 0 WILHA W E I 0

value: 0}

Convolution 28 FI— R A AT I ZR IR i N UG AT BRURAE, BHERZA K
it PR A K — ANMRFAE I

5.1.2 i{k Pooling

® JZM: Pooling
® CPU SEZHRIG: ./src/caffe/layers/pooling_layer.cpp
® CUDAGPU SEHIAXED: ./src/caffe/layers/pooling_layer.cu

® 2% (PoolingParameter pooling_param)

O Wi

kernel_size(B(# kernel_h Al kernel_w): & &tk & 11 i A o8

O Wik
1. pool [default MAX]: b 7598, HETHEME =Fh: & AEMAL, YE AL, AT BE
MLttt

2. pad (87 pad_h Fl pad_w) [default 0]: Fi& & 7E5 N\ EE R Bl 0 M5 2140
3.stride (B stride_h Fl stride_w) [default 1]: &b & L E A EHE LIEs)
K
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o i
n*c*h o*w o, I h o fl w o MitETESERZEMHFE.

® M| (M. ./models/bvic_reference_caffenet/train_val.prototxt)

layer {
name: "pooll"
type: "Pooling"
bottom: "convl"
top: "pooll"
pooling param {
pool: MAX
kernel size: 3 # WHEHAKR/AN 3x3

stride: 2 # WAL E DA B BB KON 2

5.1.3 JF#RMNAE IH—4L Local Response Normalization (LRN)

® R LRN
® CPU SEZHURIG: ./src/caffe/layers/Irn_layer.cpp
® CUDA GPU SEHUARAS: ./src/caffe/layers/Irn_layer.cu
® Z:%{ (LRNParameter Irn_param)
O Wik
1. local_size [default 5]: X} T-E5iEEH—4, ZSHFES S5RMPLEEE, X T
HIE N EIRTEA, ZZEIRRES SR T TR X AL K
2. alpha [default 1]: ]RESE (W F 30

3. beta [default 5]: #8840 (L 30O

27
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4. norm_region [default ACROSS_CHANNELS]: F& & (EiH1E 2 B #E47T M yutk
(ACROSS_CHANNELS)A & 7E 818 P 1A T VS AL (WITHIN_CHANNEL) . (IR VE: 7EiliE
AV AR 2 W A T AR FE 4, T AR R AE R A 1 ) — 4B i A 4D
Jad S I AR VA — A 2 o 3 i AN 1) SR B — AR AT T — A e . A2
ACROSS_CHANNELS T,  JREXIRHT A Imim @G g (EEE: M AEERE BI-F i A,
&A= AT JE (RNREEX IR TEARA local_size x 1 x 1). 7£ WITHIN_CHANNEL #i30F,  JR#HB
X I AE & 1 T AR R B i (BRI TR 1 x local_size x  local_size)-.

B
B AERR A G (afm 3 x) PRSIl —4E, 3, s R DXkt Ry, A2 DL i

MNEAF O XA AT (U FE, TEagE).
5.1.4 im2col

Im2col & —MBIERAE,  RIRSCHUEG BB & e e, EHE R T HAIA T T
SEHLAH T - Im2col HITE CAFFE R IG AR RS oy, BIVRE I A R DR R — A R o (R
fE caffe i1, PATERIRIEN, KB &P S5EREH KRGS RS E, RIeR XL E
AT T AMRIRHE P RS — > e RRERE, AR, BAEREE M —MTIEE, 206 EE
Xt ) 2 H B B AL B 5 FARIRHEF I i — A —EHERE, IXRE, SARERIE Rt o F ik
7 (SR

5.2 #KRE Loss Layers

Loss Wt E 1 — MK B HUT R LA 2% i AN H A, G foe M HR SR SR IR BN I 2% ()]
Gro ML ROIRRIBRL AT FOERARTHEE, W48 2 BRI 358 2K R B 96 5 a0 e g 38 AR B

5.2.1 Softmax ik

® [Z2KAY. SoftmaxWithLoss
softmax 2K 2 — M T 2 2800 KM i 2k, NS AT softmax JZ /5 BRFE— >
£ A5t Logistic [21 )45 2% /2 (multinomial logistic loss), {HRETRAEEUE b5 & fRIRL .

5.2.2 FHH/RABLK Sum-of-Squares / Euclidean
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JZ287: EuclideanLoss

Euclidean 12K 2 F R 15 AN\ Z2 (B 1°F 7 Fi

1 N
2
o el
i=1

5.2.3 Hinge / Margin #i%k

® Z2K7Y: Hingeloss
®  CPU SZHAXHY: ./src/caffe/layers/hinge_loss_layer.cpp
® CUDAGPU SHLARAD: ARSEH
® =¥ (HingeLossParameter hinge_loss_param)
O Hik
B norm [default L1]: 1IENIIZRAY, HEA L1 A1 L2
® A
O n*c*h*w TIUINME
O n*1*1*1 HEHR
o it
O 1*1*1*1 HHIIRK
o il
# L1 Norm
layer {
name: "loss"
type: "HingeLoss"

bottom: "pred"

bottom: "label"

# L2 Norm

layer {

name:

"loss"
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type: "HingeLoss"

bottom: "pred"

bottom: "label"

top: "loss"

hinge loss param ({
norm: L2

}

hinge 112k /2 H K115 one-vs-all hinge B{# squared hinge #ii%%.

5.2.3 X XJHEHR KR Sigmoid Cross-Entropy

SigmoidCrossEntropyLoss

5.2.4 15 B Infogain

InfogainLoss

5.2.5 #ERIZE Accuracy and Top-k

Accuracy HISRUHSRIIZ8 4 AR HAME ROHERA,  ESEhr EIFAR—MRKRE, Al
BOA R AL AR .

5.3 ¥UEE Activation / Neuron Layers

— MR, WS EHAT BN TR EEE,  FIA—AYE)Z blob,  #irH — AN RS RN
TiJZ blob.  7E LRI H i 28 2 e, FRATH 203 A4 H blob R SF, RN EATTEHIA
1

® HN n*c*h*w

® Wil n*c*h*w

5.3.1 RelLU / Rectified-Linear and Leaky-ReLU

30
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® JZRM:RelU
® CPU SZHURIG: ./src/caffe/layers/relu_layer.cpp
® CUDA GPU SZHIARIG: ./src/caffe/layers/relu_layer.cu
® % (ReLUParameter relu_param)
O ik
negative_slope [default 0]: 15 B ¥ BRI EAE AR IR GERINN 0D,
XEANBIE DN T E I R LZAF T, ®FETy0 B, NTFERED 76 iE .

® rfil (M. ./models/bvic_reference_caffenet/train_val.prototxt)

layer {
name: "relul"
type: "ReLU"
bottom: "convl"

top: "convl"

HENANESE, M x>00, RelU EMHiH N x, 2 x<=0, #HitHN
negative_slope * x. 34 negative_slope AR+gEN, Z5[FTFrER) RelU BREL max(x, 0), %)=

W E (it in-place) 115,  BVEIJEZ blob FITH/Z blob 7 LA A —AS LA & W AE T4 .

5.3.2. Sigmoid

® =27 Sigmoid
® CPU sZHIRAY: ./src/caffe/layers/sigmoid_layer.cpp
® CUDAGPU SEIIARIS: ./src/caffe/layers/sigmoid_layer.cu

® Ml (U ./examples/mnist/mnist_autoencoder.prototxt)

layer {
name: "encodelneuron"
bottom: "encodel"
top: "encodelneuron"

type: "Sigmoid"
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The Sigmoid |21 ] sigmoid(x) & £t 544N i A\ EUHE 1 % H

5.3.3 TanH / Hyperbolic Tangent

® Z2KA: TanH
® CPU 3ZHIARAY: ./src/caffe/layers/tanh_layer.cpp

® CUDAGPU sZHEUARHS: ./src/caffe/layers/tanh_layer.cu

® R/
layer {
name: "layer"

bottom: "in"
top: "out"

type: "TanH"

The TanH ZfH tanh(x) R BB A B x (1% H

5.3.4 Absolute Value

® JZIA: AbsVal
® CPU sZHIRAY: ./src/caffe/layers/absval_layer.cpp

® CUDAGPU SEIIARIS: ./src/caffe/layers/absval_layer.cu

o ifl
layer {
name: "layer"

bottom: "in"

top: "out"

type: "AbsvVal"
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The AbsVal JZ 11 abs(x) B H it 545N A K x %0

5.3.5 Power

® JZKAL: Power
® CPU SEZHURIG: ./src/caffe/layers/power_layer.cpp
® CUDAGPU SZHUARHS: ./src/caffe/layers/power_layer.cu
® 2% (PowerParameter power_param)
O Tmik
1.power [default 1]
2.scale [default 1]

3.shift [default 0]

o ifl
layer {
name: "layer"

bottom: "in"
top: "out"
type: "Power"

power param {

power: 1
scale: 1
shift: O

The Power JZ= 1 | BR 8 (shift + scale * x) A power 158N AEAE x A% H

5.3.5 BNLL

® JZRJ: BNLL

® CPU SZHIRIG: ./src/caffe/layers/bnll_layer.cpp
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® CUDAGPU SZHIAXEG: ./src/caffe/layers/bnll_layer.cu
® i

layer {

name: "layer"

bottom: "in"

top: "out"

type: BNLL

The BNLL JZf# HeA%L log (1 + exp (x)) tHHEAMNEHE x Bt

5.4 HHEE Data Layers

By Ge it BUE Z3EN caffe W% B Z AT WK IRIEE,  BdE vl LU SRR G EdE
JEAFEZEL (U1 LevelDB B LMDB), HJULEEMNAAEH L, A 0HE S R ER A St mT LA
MEESE ) HDFT S4Bk 1 38 1 R SO 1

HOL BB R RISME, AR, BENLEBTECE 550 W ARt e 240

TransformationParameter 528 .

5.4.1 HIEPFE Database

[
NI

FM: Data
ZH
O WA
1. source: ¥ S A A%
2. batch_size: 2% B N KAl (1) £ =

[ ]
W

O Wik
1. rand_skip: Bkid T3k rand_skip * rand(0,1) M4, 8 1R F D NI T £
5 BAE

2. backend [default LEVELDB]: %&#%{# ff] LEVELDB if/& LMDB.
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5.4.2 NEHHE In-Memory

® JZ2X7: MemoryData
o =
O WA

batch_size, channels, height, width: 5 52 M PN A7 H 52 B i \ B dfE B

IRE

memory data JZ B 4% M N A7 BCECHE AN H #5 DL . A X AN E B AR 2L A
MemoryDatalayer::Reset (C++) E{# Net.set_input_arrays(Python) K+5 & HIE kI (PU4E34T 17

MDD,  BREEEL—AK/NA batch-sized HIEEEL .
5.4.3 HDF5 Input

® 22Kl HDF5Data
o S
O Wi
1. source: SCHFEEAR;

2. batch_size,

5.4.4 HDF5 Output

® =257 HDF50utput
o =
O W

file_name: 5 N\ CHFRIESAE

HDF5 output JZHAT T — M SEHE SRR KERAIE, R EE Sl .

5.4.5 BEGEHE Images

® 2257 ImageData
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o =Y
O Wi
1. source: text SCHFIIEEAE 44, 1% text SUAFIRE—AT 470k — 5K I Fr (¥ A2 42 FO0S 82
(IR
2. batch_size: $TfL5L batch & Fr £ .
O Wik
1. rand_skip

2. shuffle [default false]

3. new_height, new_width: MR E PME, HAKE S 8ss e R .

5.4.6 &1 Windows

WindowData

5.4.7 Dummy

DummyData = ZH KA K AR, LU 0 DummyDataParameter.

5.5 ¥#E Common Layers

5.5.1 ANF / 4£3%HE Inner Product

® [ ZAL: InnerProduct
® CPU SEZHAY: ./src/caffe/layers/inner_product_layer.cpp
® CUDAGPU sZEIAXIG: ./src/caffe/layers/inner_product_layer.cu

® Z ¥ (InnerProductParameter inner_product_param)

O WA
num_output (c_o): JZ 4 H T sl B mlia B AR B A I A4
O i

weight_filler [default type: 'constant' value: 0]
O Wik

1.bias_filler [default type: 'constant’ value: 0]
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2.bias_term [default true]: f85E /& T AR UERE 2350 I 254w &0
® A
n*ci*hi*w.
o it

n*co*1*1

® rH
layer {
name: "fc8"

type: "InnerProduct"
# learning rate and decay multipliers for the weights
param { lr mult: 1 decay mult: 1 }
# learning rate and decay multipliers for the biases
param { lr mult: 2 decay mult: 0 }
inner product param {

num output: 1000

weight filler {

type: "gaussian"

std: 0.01

bias filler {

type: "constant"

value: 0

bottom: "fc7"

top: "fc8"
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InnerProduct /2 (WHEFRAE &R E) BRIAE K — &, fiit W A& i blob
HIE AN 1),

5.5.2 433 Splitting

The Split 5&—/M] LUK [ blob 723 (i) Mt blob (ITIRER, HH*—

/> blob T E 45 Z AN EEM AL % E 2B

5.5.3 #F Flattening

latten ZHRE RS n * ¢ * h * w %A blob B4 li— SN n * (cxh*w)
H1%i H blobo

5.5.4 5 Reshape

® JZ2K7: Reshape
®  SIAXAL: . /src/caffe/layers/reshape_layer.cpp
® %[ (ReshapeParameter reshape_param)
AliE: (TR0
shape
O #HA
FEREYEFE blob
O fith

1% S5 reshape_param 1&204E % 1] blob

o ifl
layer {
name: "reshape"

type: "Reshape"
bottom: "input"
top: "output"

reshape param {
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shape {
dim: O # copy the dimension from below
dim: 2
dim: 3

dim: -1 # infer it from the other dimensions

Reshape JZ1EA ARG HIE OL N I blob HI4ERE, M1 Flatten #4F—F¢, AbPin
FERAERIA blob AT, #A AT SRS UL,

i B B ) 4E @ ok 250 ReshapeParam ¥EE, W DM FH I BB F246 2 fir HH blob HIAH
PMYERE, AT DL A PN RERR PR R e 4

® 0 FRMNENRE blob T EHHUHR IIYERE, RIASCEXRLMAERE. i, £2
Brh BCE S — AN dim: 0, JRJZ blob 7EH—AMERE B 2, W KT blob (K158 —
MNYEFEBIE 2

o 1 LM S EZAEEE . X MEES numpy Y —1 B MATLAB
1 reshap #EAERT(FIQARRL: X R 248 FE @I LRAIE blob WA I BB RIESE, B,
fE reshape AR BUE 4 —1

MAS =M FRILVEH, @i B 24 reshape_param { shape { dim: 0 dim: -1 } } A/
LA 2] Flatten JZAH R A #AESE

5.5.5 %5 Concatenation

® 2 Concat

® CPU SZHIARIY: ./src/caffe/layers/concat_layer.cpp

® CUDA GPU SZHUARAS: ./src/caffe/layers/concat_layer.cu
® 2% (ConcatParameter concat_param)

O wik
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axis [default 1]: 0 KRS EFEARNEILEE (num) B, 1 RBoRITERESERE

(channels) S EX .
® A
n_i* c_i * h*w X TE8 i M blob, i FEUE N{L,2,...,K}
o it
lifaxis=0:(n_1+n 2+..+n K *c 1*h*w, JFrA%iA blob fEiHIE b4
c_i AR AHIE:

2.ifaxis=1:n_1*(c_1+c 2+..+c K)*h*w, FrEHIA blob fEFEARNE L)
4ESE n_i FAHIA

o Rfl
layer {
name: "concat"

bottom: "inl"
bottom: "in2"
top: "out"

type: "Concat"
concat param {

axis: 1

Concat JZ k& Z /M blob %4 ili— blob % H

5.5.6 Y& Slicing

Slice BB 4EE (num B3 channel) 1Y) A1 B KR 5] % — i\ blob 43 %24

blob %t .

® Infil
layer {
name: "slicer label"
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type: "Slice"
bottom: "label"
## Example of label with a shape N x 3 x 1 x 1
top: "labell"
top: "label2"
top: "label3d"
slice param {
axis: 1
slice point: 1

slice point: 2

axis T E AT VI MHRAE M FTEIILERE s slice_point 48 & BT 4E R U1 7 BIR S (R5IN

MCHSETF T blob 19 /MR 1.

5.5.7 BN ITCEREEME Elementwise Operations

Eltwise

5.5.8 Argmax

ArgMax

5.5.9 Softmax

Softmax

5.5.10 Mean-Variance Normalization

MVN

41



CaffeCN YR EFIJ4EX |  http://caffecn.cn

RERE. K. HRAR:
BRI
(X0 PRI N S S
L X
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HFI/NE Interfaces

Caffe i 24T+ Python Fl MATLAB —Fiz 1, SRSEILH WG BF AR RIS T DL K
SEPUPEJE R . Caffe LA C++E A%y, HAETF R B O, A 2B i A
E X K% %. cmdcaffe, pycaffe 55 matcaffe $% &S m] 4t P {# H .

6.1 Command Line

WA ATHID - cmdcaffe - /& caffe HHSRIEALISR, HEA5 AR TEFIBH T R, %
B IMSEEN FIET caffe JERITBIRR. caffe 5HE THAAE caffe/build/tools

Hx T, OXE| 5 EZRARGETERL LeNet / MNIST 1415
6.1.2 Y%k

caffe train 7 & ] LLAEIT4R 2 IR, HA] LA CORAF ) snapshots 4K£E27% 2], 8ok
LN ZRIT PRI N HIAE BT i) Hcdls 54855 AT AR RN fine-tuning %721

® ITH I ZREL T R N -solver solver.prototxt 2452 B solver [RIBC & .

® Uk 4L Zk 75 B VS Il -snapshot  model_iter_1000.solverstate & % K il & solver
snapshot.

®  Fine-tuning 7 B 74 I-weights model.caffemodel 2%k 58 AR LRI 4R, .

Blan, wrLbassTan ~ AR

# %k LeNet

caffe train -solver examples/mnist/lenet solver.prototxt

# £ 2 5 cpu RillZk

caffe train -solver examples/mnist/lenet solver.prototxt -gpu 2

# M A snapshot 4842914k

caffe train -solver examples/mnist/lenet solver.prototxt -snapshot

examples/mnist/lenet iter 5000.solverstate

Xt fine-tuning [ 5 #4511, 7] LLS2 examples/finetuning_on_flickr_style, {H7& L iJi A

W 2R
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# WO caffeNet HEMFIBUE LRI IHATES (style recognition)
caffe train -solver examples/finetuning on flickr style/solver.prototxt

-weights models/bvlc_reference caffenet/bvlc reference caffenet.caffemodel

6.1.2 JK

caffe test iy 2 JHILTE test phase F B THAIG R34, I HHIX /3 E3R 7~ 2% 4 1
RAER . LR A S M L, A2k accuracy B loss 1E MR . MR,
Uit B R EES batch HI457), BfEHth A H8 batch 157 HIFII1E
# XPTMRER UM 1lenet train test.prototxt i XHIMLL
# M validation set fE|CIIZM LeNet AT
caffe test -model examples/mnist/lenet train test.prototxt -weights

examples/mnist/lenet iter 10000.caffemodel -gpu 0 -iterations 100

6.1.3 Benchmarking

caffe time & ILZEZTH 5FZE, $ATHERAGN . 2 ARG R Stk ae 5 B
R PAT IS 8]
# (XL FERIREETEM LeNet / MNIST [IfF)
# £ CPU I, 10 iterations Yk LeNet [{IH[A]
caffe time -model examples/mnist/lenet train test.prototxt -iterations 10
# f£GPU k., ERIAHI 50 iterations Y%k LeNet KIS [A]
caffe time -model examples/mnist/lenet train test.prototxt -gpu 0
# fESE—HGPU I, 10 iterations VIIZkE 4 EAUE R4 G5 A4 T ) [R]
caffe time -model examples/mnist/lenet train test.prototxt -weights

examples/mnist/lenet iter 10000.caffemodel -gpu 0 -iterations 10

6.1.4 ¥

caffe device_query iy 2% T2 GPU HLes b, 7EFREM GPU E1T, Hith GPU 41755 5 H
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KZH 5B ST 5.

# I —H GpU

caffe device query -gpu O

6.1.5 FRATBER

caffe TH1) -gpu #nil, XF % GPU T, VHEHIES A GPU ) ID 5
solver 5 net TEEES GPU I #f<sLfifk, [KII batch size FHT B £~ GPU T A58 hn, 3
INE RSO AE ) GPU BB, an BB S I HAS GPU F I 2R, v DALE W25 52 O IE 24 /)N batch

size,

¥ fEFS N0 AL M gPU Bk ( XUEHI batch size )
caffe train -solver examples/mnist/lenet solver.prototxt -gpu 0,1
# 1EFT gpu Rillg: ( # batch size & L GPU #H&)

caffe train -solver examples/mnist/lenet solver.prototxt -gpu all

6.2 Python

Python #2111 — pycaffe — /& caffe H— /M, HALRIFETE caffe/python. i#id import
caffe iN#E Y, SCIN forward 5 backward 10+ P28 AT ARAL DL KSR AR S5 484 . BT 1)
BOREHE, SBESHH RS SN,

® caffe.Net 2 N#L. FEMIZATHRA MO H

® caffe.Classsifier 15 caffe.Detector — AT 45 LB 1 fH 131

® caffe.SGDSolver F7x R fifz [

® caffe.io il id FiAbHH 5 protocol buffers, AbFH% A /% H

®  caffe.draw SEILEE 4514 nT AL

® Caffe blobs iHid numpy ndarrays S8 5 FH 1k 545 20k

IPython notebooks #(FETE caffe/examples: FJi#IT ipython notebook caffe/examples K
S . X TIFRENSE RS F 7B,

make pycaffe 7] 4w pycaffe. i#id export PYTHONPATH= /path/to/caffe/python: SPYTHON

PATH ¥ #ib B s b0 2 & CUfF) SPYTHONPATH H 3%, BUE LIS 2k 523 import caffe.
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6.3 MATLAB

MATLAB #% [l (matcaffe) /& 7 caffe/matlab #8421 caffe /40 . 7F matcaffe H%EA L,
¥4 Caffe BEAHEIRIK Matlab ARG

£ MatCaffe H1, fRT]SEH:

® 7E Matlab 16 2 AW 2% 45 14 (nets)

® AT (IR 4L 4 (forward) 5 X [ 1% 5 (backward) 15

o FHMZKHIMER—F, BiEMEZETIERSH

o TEMZET, BHUBIREIRE, BHIEBORES MERZ MEEE (blob), 1A 2R
TEHIN blob it blob

o (RAFMIZSH A, MSCAF g

® % blob 5 network MR

o JRiEMZXSH, ML

® 7t Matlab "', GE#Z A solvers FEAT I %k

® A solver Pl (snapshots) ik 52 -4k &L Il 25

® 7f solver #1, VilAIZEM %% (train nets)-5 IR MY 2% (test nets)

® R HUE K A S5 A2 [E] Matlab F

® KRR IARN G HHT R Matlab A

caffe/matlab/demo/classification_demo.m 1 —/> ILSVRC EIF {1733 demo (FFEAE

Model Zoo F F#; BVLC CaffeNet %),

6.3.1 Zgi% MatCaffe

Fl make all matcaffe 74 %1% MatCaffe. Bf)5, 755 make mattest iy 2 HEATR
22 IE B ] L Q2R AE make mattest I FEHT, 15 B HTR(E S, 91 U1 libstdc++.s0.6:version
'GLIBCXX_3.4.15' not found, ifi% & /RIR Matlab [3E 4TI Z1ZE (runtime library) 547 () 2 PR
Z| [ (compile-time library) NULEC . 75 22 7EJH 3 Matlab 2 1, 58RI 4
export LD LIBRARY PATH=/opt/intel/mkl/lib/intel64:/usr/local/cuda/lib64

export LD PRELOAD=/usr/lib/x86 64-linux-gnu/libstdc++.s0.6
HH IR RGN E, FFIUGEIT make mattest A\ il & B AR DR 1R XA
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AR R 2%, BIA S Matlab 7] B84 78 75 /R I¥) LD_LIBRARY_PATH 148 &

Y]] LAYE Matlab f1i&171dd ./matlab/+caffe/private/caffe_.mexa64 (mex #1 f& 4 1] /£
MRS RN ERIBATI 21, SRFEE I H ISR ¥ LD_PRELOAD FR¥EAL &K il
NGRS 21

FERGERIINR R IE, B IX AN Matlab R #4%: 1E caffe 1R H 5% /5 3 matlab,

FE1E Matlab f7 2 & Hiz4T L R in 4

addpath ./matlab

YRE] LLE Matlab H1384T savepath SRARSE Matlab 48 R 4% . IXFEVREEA 75 BAERRGBAT
MatCaffe i f E g 7 —i _LiATE 4.

6.3.2 i MatcCaffe

MatCaffe 7E1# FH_I= 55 PyCaffe #H1LL.
N R T BRI, R UREAE Model Zoo F R #; T BVLC CaffeNet M\ caffe
WHZFES) T matlab.

model = './models/bvlc reference caffenet/deploy.prototxt';
weights

='./models/bvlc reference caffenet/bvlc reference caffenet.caffemodel';

6.3.2.1 EBTHEARN GPU &

TEBI % net 5Y solver 2 Hlf, MNiZJtik Bizfr#iA LN GPU %% .
ffiH cpU:

caffe.set mode cpul();

f#H GPU, #E%E GPU ] ID 5

caffe.set mode gpu();

caffe.set device(gpu_id);
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6.3.2.2 BIEEMLS, LRAFRIZEH: layers Fl blobs

B 2%
net = caffe.Net (model, weights, 'test'); % BIEMZIFMELUE
B
net = caffe.Net (model, 'test'); % BIEMZ, (HAMNMERE
net.copy from(weights); % H#AUE
GBI net XTGH

Net with properties:

layer vec: [1x23 caffe.Layer]
blob vec: [1x15 caffe.Blob]
inputs: {'data'}
outputs: {'prob'}
name2layer index: [23x1l containers.Map]
name2blob index: [15x1 containers.Map]
layer names: {23x1 cell}

blob names: {15x1 cell}

P containers.Map Xf % H T-#k 3 layer B blob HJ#5 5 (name).

PRA] AAFEEUN 2% FR AT ) blob. #5 7y B2 F 1 SR IE 78 data’iX ) blob:

net.blobs('data').set_data(ones(net.blobs('data').shape));

A B ‘data’iX A blob H A {H # T LA 10:

net.blobs('data').set_data(net.blobs('data').get_data() * 10);

A4 Matlab 455 M 1 JF4E, H L% (column) A3, N blob i@ K] 4 N4EELE Matlab
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H1H [width, height, channels, num]& 7R, width &% —4E. 54k, BIZIEEE AN BGR. Caffe
i FH SR FE float BUHE . AN RARINBURE AR R LN, set_data 2> H B HUR ey kG
J,

ORAT LAV BE— 2=, o AT T (surgery) o B4, Ff convl ()24 LA 10:

net.params('convl', 1).set data(net.params('convl', 1).get data() * 10); % W
HAUE

net.params('convl', 2).set data(net.params('convl', 2).get data() * 10); % W
B B

B, AR A DUEHI LT 4

net.layers('convl') .params(l).set data(net.layers('convl') .params(1l).get dat
a() * 10);

net.layers('convl') .params(2).set data(net.layers('convl') .params (2).get dat
a() * 10);

TRAF I NI SR A 2% «

net.save ('my net.caffemodel');

3% layer FIZRA CGR[EI— string):

layer_type = net.layers('convl').type;

6.3.2.3 4T H /%5 F(forward) 55 5 [A14%#% (backward)

Forward FJ{# ] net.forward B3 net.forward_prefilled p&%{. net.forward fEANELE T
B R N-D arrays FEaUAO B ICRES Ccell array), IR [BIE& % B BRI SR TR . R
net.forward_prefilled f§ T forward iXF2H7, input blobs(s) A AFAE R B . W R %
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NS AR . fE6)% T 2818 data = rand(net.blobs('data').shape); I N B 5, A8 4T

res = net.forward({data});

prob = res{l};
BEn
net.blobs ('data') .set data(data);

net.forward prefilled();

prob = net.blobs('prob').get data();

Backward FIVEAH{L, f#H net.backward E{# net.backward_prefilled, i get_diff
H set_diff ##: get_data Al set_data. fEAIE | Z51h prob_diff = rand(net.blobs('prob').shape);

[t blobs BEFEZZ )5, ARFT LLIEAT

res = net.backward({prob diff});

data diff = res{l};
%
net.blobs ('prob') .set diff (prob diff);

net.backward prefilled();

data diff = net.blobs('data').get diff();

BRI, IR backward THEANRES B IEREZE R, KN Caffe N N'E AT E backward it
BN T 132 IEHH R backward 45 5, /R 75 ELLE P 2% prototxt SC {4+ ¥ & 'force_backward: true' .
TEHAT5E forward B backward, AJZEP#E blobs 5 EkiR 2 . #ltn, 7 forward 2

JE$2HL pool5 HFAE:

pool5 feat = net.blobs('pool5').get data();

6.3.2.4 TAEMLIR

B8 — Uk R AE RPN — 3 (TR 230 I

net.blobs('data') .reshape ([227 227 3 11); % % blob 'data'
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net.reshape () ;

IXFE, BN TEAR 2% . TLAE net.blobs('prob').shape 1% 4[1000 1];

6.3.2.5 VIIZkM%%

R LA T ImageNET Tutorial FJYIZRFIEGIER Imdb £ . 45 EAIELE LSVRC
2012 7R HE4E 11 Solver FHEAT Il 25

solver = caffe.Solver('./models/bvlc reference caffenet/solver.prototxt');

BIEEF] solver XTHR N

Solver with properties:
net: [1x1l caffe.Net]

test nets: [1x1l caffe.Net]

YIRS, fEH LA 4
solver.solve();
2 Hill% 1000 iterations (LIEFEVIZREE 2 1 iterations Z B, HRAT LAXT R £ 4— Lo L

(AL

solver.step (1000) ;
13 BIEAIREL -

iter = solver.iter();

2GR/ AR PR 45 -

train net = solver.net;

test net = solver.test nets(1l);
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M “your_snapshot.solverstate” ] snapshot 2% 451l Z5%:

solver.restore ('your snapshot.solverstate');

6.3.2.6 Input and output

caffe.io ZE4RML T ERBEAH N K%L load_image Al read_mean. 1, 2HL ILSVRC 2012

HIIME S (R KR EZ 384T T ./data/ilsvrc12/get_ilsvrc_aux.sh | #5 imagenet B J< ) 34D

mean data = caffe.io.read mean('. /data/ilsvrch/imagenet_mean .binaryproto');

AT L Caffe BB, BB R ST N [width, height], R IXFATTAE2E width = 256;

height = 256;

im data = caffe.io.load image('./examples/images/cat.jpg');

Q

im data = imresize (im data, [width, height]); % resize using Matlab's imresize

104E width /228 —4ERE, WIEN BGR, X5 Matlab Il 7% 1977 XA F . anfAR
A caffe.io.load_image, TMAE{#EF] Matlab H 7742 U N# &, RAT LLUXEEAL

o)

im data = imread('./examples/images/cat.jpg'); % read image
im data = im data(:, :, [3, 2, 11); % M RGB ¥/ BGR
im data = permute (im data, [2, 1, 31); % B(¥ width 5 height i &

im data = single(im data); % o RS

Hhh, IRAJLLIE— T caffe/matlab/demo/classification_demo.m, HEffE & 4 il 8% (crop)
— kBB BRI N . 1E caffe/matlab/hdf5creation H /@7~ T 40{a] F Matlab #2805 5 N\ HDF5
B . KN Matlab B S 7E% 5 H I Shae o058k, B CAFRATA TR AL A4 M 1 pR B sn B 5o
AT
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6.3.2.7 J&F& Nets 1 Solvers

Call caffe.reset_all() iGFRIREIENIFITH solvers 5/BIHILH] nets.

ARERBE. K. HRAR:
()T e (o
B REE S XK
B Ak
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ELE B
7.1 HHE: WSk

Caffe P& LA Blobs HEAT MR 4. Hd 2155 N F40t 7y blob INEAHE, 5 blob iy
FoAthrg XORAE i o IIMETH 25 FROESE IS S AR B AL SR AR AE KR Z AT IO B o B e b
N T E SO IEARZ, WL IR/ Caffe T2 H SR IBREE M BE -

R 2 5E e
layer {

name: "mnist"

# BAREME, Leveldo B 1mdb [1HHE A7 b = CRHIEHRE &
type: "Data"

b AT (top) REEEAL: “data” MIdr& REI7(EHE
top: "data"

# AT (top) REURFRE: “label” [frds FU2 i {E ]
top: "label"

# AR R AR E

data param {
# K R A
source: "examples/mnist/mnist train lmdb"
# KRR LEVELDB BY LMDB (LMDB SZHFHATIH0
backend: LMDB
# EARTE, RESE
batch size: 64
}
# B e
transform param {
# FHEE— LR E, KIEE (0, 2551 MNIST HdEIA—f A [0, 1]

scale: 0.00390625
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Tz MNIST 7 s

THEBFNEHE (Top and Bottom): %4 /Z M top ¥ blobs [t R H 4i#e , {HIA bottom
1) blobs, PXINEE 2 A I -

¥ 5472 (Data and Label): #4822 /02— top Hith, #iikban4 4 data,
XF T ground truth, 55 — /> top it , KB 44 Dy label . IX P> top F2 i H1 4 A= i blobs,
AT IREATFIR S L. (data, label) Wi 56 2573 A AL J5 (.

¥ (Transformations): 7EHUIRZNE Xy, Hdf At #im i H e 8ok e Lo

layer {
name: "data"
type: "Data"
[...]
transform param {
scale: 0.1
mean file size: mean.binaryproto
# Xt images HHAT AT B AL BB HEHLHBT AL B
# R B M b g ik b 2
mirror: 1 # 1 = on, 0 = off
# BETHUK/NN “crop size® x “crop size':
# - IR BEYLALEE
# — DK A R 4G
crop size: 227

}

AKX (Prefetching): 4y J fgim M Es Rt &, Hiodhs 2= A2 26 55 24 BT Hs By [R] i 2
Ja BIRBOUFHER T — A HdE .
ZAEA (Multiple Inputs): 28 7T LUAEEE R AR FIH . AR 75 22 TR

HERAIEZ, RERIEENTHME—K name M top. ZHAX T-JFH WIE LK) ground truth
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AR Bl — AR RS EE, 5—NEE Z B ground truth. fEIX B
TN, data A1 label 7] LURAE R 4D $4. 2 50 N\ 1 SERE— 0 1 B T2 2 AR AN e B A
FEIXEIELL T, ST RERR Ee Il B OB M 2 R 7 B W — M IR R =

UG Z 150G TR FIRIETF B TR -

7.2 ¥
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7.3 EEWA

X “BhETHEESE” (on-the-fly computation deployment) IABEr, W28 78 fi A\ 35
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56


http://caffe.berkeleyvision.org/tutorial/layers.html#data-layers

