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Neural Network (NN)
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e Sigmoid(x) = =
ex_e—x

e tanh(x) = e

e ReLU(x) = max(x, 0)
s STEZNZRY

* Softplus(x) = log,(1 + e*)
e ReLUDEIEAL
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1. SigmoidPBE%LiZ 1o DtanhBIE % 721%, 2D DSoftplusf TR TZ %

) : 1 1 2 1 2e2 1[{e2—e 2 e2+e 2 1 b
* Sigmoid(x) = o= =2 o= = 2 sz(x T x)=5(tanh(5)+1)

e2+e 2 e2+e 2 e2+4e 2

* Sigmoid(x) = 1+i-x = %loge (1:2:) = %(Softplus(x + 1) — Softplus(x — 1))

2. SigmoidPIE TR Z WL 5TH X <IEBTE S

3. FEEBI AT ENE, Sin, Cos2WL 5 TH X EMTES (?)
4. Sin, Cosp3EITEUE, FourierGH)ZE#NTE S
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Figure 2: (a) Space folding of 2-D Euclidean space along the two axes. (b) An illustration of how the
top-level partitioning (on the right) is replicated to the original input space (left). (c) Identification
of regions across the layers of a deep model.

Montufar, Guido F., et al. "On the number of linear regions of deep neural networks." Advances in neural
information processing systems 27 (2014).
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PR R (Backpropagatmn BP)
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PR iETE (Backpropagation, BP)
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PR R (Backpropagatmn BP)
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PR (Backpropagatmn BP)
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PR R (Backpropagatmn BP)
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PR W RRE (Backpropagation, BP)
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Backpropagation and the brain (Nature, 2020)

o« ‘WP Z LM DB R D 5 OBPOREFEE FENER I N T WS
o« FEINRDARY b T L (55 => 58)
» Hebbian learning: K255 3 UK S Z 58 (L

» Perturbation learning: 7 > & LA BENIXN T 22tz B3, A7 —I)L Lz
o (?77)

» Backpropagation: IEfERERAEZnE I E 5, R UMTIEEL Z 5
c HEERIDH o 2 D FEL R BTNV X LDIEIET A AlBE % R
o 52 AIZHInton % & HEH

Lillicrap, Timothy P., et al. "Backpropagation and the brain." Nature Reviews Neuroscience 21.6 (2020): 335-346.
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the Forward-Forward Algorithm (FF)
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c BB AHA, AT —IL LRV, KBRS DRENZ WY

o R RERE SIS HANENICEEE T 512137
e RIBTHERRDTLE ZITVWVDOTIE...? => Forward Forward

The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022
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the Forward-Forward Algorithm (FF)
« ANBSIEQIR K 3 —pD2UEE AT B X A2
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The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022

2024/8/31

SWEST26

22



Forward Forward (FF)

Positive pass/Negative pass
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the Forward-Forward Algorithm (FF)

1. BP & #EWELEIER DD, yO wb o @ R 2 5453 2 D EA2 0
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The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022
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the Forward-Forward Algorithm (FF)

Forward-Forward (FF) i Backpropagation (BP)

« BIEHHIL L THEY, e « BIRTRIRZ 22, tm

o« TNVRAEITIFRETIRE 5 o T ALVEREFM NI TR % 5
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A7 U FF

o T AYVEHRZ H{GICH DIA T
« ET7—& I 6DHRICIF6FEHD Y 7L Fasserts 3
« XI—FT—X I HBLIZELIZFEHOVY I L Easserts 5

o 0

The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022
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ZUEf 7 V) FED JLER X DFS R

« MNIST, &fia/E (ZEELv A 7Y MBI 31FHRFT )

« 2000ReLU x 4)8, 607K v 7, testerror (%1.36%
« BPIZKY207R v 7 CRIBkDtest errorz £ 3 %

c FFOFERZ2ME12 L. 40Ky 7T, testerroridl.46%

- Data augmentation CEAIAANZ Z L ZE R 5
« BHFNTHRAR2Y 7 LT OEGRE T 53, FERISH L T25f5HDversion
s EHEETHOE I LDEMLA 77 MET 2HEEHDIAD B
« 500K v 7, test error 730.64%, CNNZBPTCEYE L-5E L FEE

The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022
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mask hybrid 1-mask

#iifi > FF 1 IR © Rl 6

Figure 1: A hybrid image used as negative data
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The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022
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ZEfiF S FED TLam X DFS R

« MNIST, &fia/E (ZEELv A 7Y MBI 31FHRFT )
« 2000ReLU x 48, 100-Kv 7, Ttest error¥(31.37%
XV DRNBOH 2 HH T 5 & 7 X MEREDHE(L (AT ?)

- Local receptive fields (without weight-sharing) T4 gg[A_L
+ BHIAABOBNETRLRD 7 4 NVREMEHT 5

Y

The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022
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ZLFM & D FFDEEE

e FRIIARYBIZHEEHTEL2D0?
e LossEHELD EFRDME]
e Al v allNFEETxE 7

« BERNIHNCHFETEB?
c A D TE B ?
c JBRELLTAY Y bD3H B 7
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Original iti Negative

#HMd D FEDRGEE, SEERAE

* NVIDIA GeForce RTX 4070 Laptop GPU

« NfRT — &K
* MNIST (0~9F% CTOFEZXT, 28x28x1)
 Fashion-MNIST (10O IKARDE{G, 28x28x1)
« CIFAR-10 (10FDE DY) & A4 YD, 32x32x3)

« TRIIVOMDHIAAITE EX, &5 EDA, EHELEIEIZReLU

 Hiim L FREORXDEZHRDBELS T BTNV AT]
° 7/\]1/;, Z@\-T&nﬁﬂﬁ3%g (107 72 iﬁfcﬁ 510 T&nlﬂlj—%)

« 2— F (Github)
« Z97Docker23 @ FIE0OK, GPUDH B iaB XL
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https://github.com/urashima0429/ForwardForwardTests/

class FFBase(nn.Module):

def __init_ (self):
super(FFBase, self). init ()
[self.initial_‘thr‘eshold = torch.tensor([5.0])

2L 2 D FF DMREE
) self.threshold = nn.Parameter(self.initial_threshold)
° %Eﬁ 7 X (zlgg) def forward(self, x):

o0 — raise NotImplementedError("Each subclass must implement the forward method.")
ED 8T X —&
def goodness(self, activations):
fn L
1 %’f}ﬁj%%ﬁ? cill\iﬁEGOOd raise NotImplementedError("Each subclass must implement the goodness method.")
® Eﬁfﬁ]ivc\\ cixﬁﬂ ﬁef loss(self, g_pos, g_neg): \

inputs = torch.cat(]

[ gﬁ%@;ﬁ% (;ﬁ]:ﬁ) # (g_pos - self.threshold), -(g_neg - self.threshold) # min-ssq
N

-(g_pos - self.threshold), (g_neg - self.threshold) # max-ssqg

— > AY 7 ])
)% O) )( ‘\/}\ E[aé& Z l./ T # Losses = F.relu(inputs) # relu
orch.log( 1 + torch.exp (inputs)) # softplus

=0 — losses = t
° ﬁl/:{‘%éﬁo)’/:\gﬁ Mn() )
::‘.n N — ST
¢ n[/:{‘%%@ﬁ,fKTé ﬁef train(self, pos_x, neg_x): \
o }Q _3 )( - 52 O)E%ﬁ a_pos, a_neg = self.forward(pos_x), self.forward(neg_x)

g _pos, g_neg = self.goodness(a_pos), self.goodness(a_neg)

d h self.opt.zero_grad()
etaC () loss = self.loss(g_pos, g_neg)

= > — loss.backward()
° E%j]?ﬂ éj\@ﬁ‘l_‘j%r‘ﬁ 7 7@]%’? k self.opt.ste )
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def loss(self, g pos, g_neg):

A\ = inputs = torch.cat([
%&Eﬂi @ D FFO)*EA{ ﬁiE # (g_pos - self.threshold), -(g_neg - self.threshold) # min-ssz]

-(g_pos - self.threshold), (g_neg - self.threshold) # max-ssg
1)

° gﬁ%@iﬁ% [# Losses = F.relu(inputs) # relu ]

losses = torch.log( 1 + torch.exp (inputs)) # softplus
return losses.mean()

o IEFNCHT T AIEHEALDBERZEBZ A2 L5123 30 FHB X512T %0
c FEY > H5THOK, MREEIZE ST
o IELWHNIZ T =856, lossid o, . N

|
— Softplus

s ko MC T onTima, lossidZED o et
» DX DRelLU -
CRETHEET B L7 ]

s EICRBZ D o TEETLHEIICTEDIERZT -
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ZLFM & D FFDEEE

« WETE(LREZEReLU

. ﬁ?ﬁﬁ}ii@b
BHRIIEmD

: Eaﬁ‘ﬂﬁi“@ 1 ZBP D2

- 5 [E1EBP: 0.01, FF:0.1

e Forward
e AJIRZ bLZ 1

ke

o ZTHLIANTEE
c HXDIEFE
o FESIZHES T, 2

2024/8/31
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class FFLinear(nn.Linear, FFBase):

def __init__ (self, in_features, out_features, bias=True, device=None, dtype=None):

super().__init__ (in_features, out_features, bias, device, dtype)

self.act_fun = torch.nn.ReLU()
self.opt = Adam(self.parameters(), lr=0.1)

# [batch_size][in_features] => [batch_size][out_features]

def £,
X_direction = x / (x.norm(2, 1, keepdim=True) + le-4)
Feturn selt.acc_Tun(

torch.mm(x_direction, self.weight.T) +
self.bias.unsqueeze(9))

# [batch_size][out_features] => [batch_size]
def goodness(self, activations):
return activations.pow(2).mean(1)

SWEST26
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ZLFM & D FFDEEE

- FF (/) , FF with ‘FiElt ()
CIEAL U T20E S DMERED B

dataset=MNIST, learning_rate=0.1, batch_size=64, epochs=3, update_count=2811

||

dataset=MNIST, learning_rate=0.1, batch_size=64, epochs=3, update_count=2811

SupervisedFF(
(layers): ModulelList(
(8): ForwardForward(
in_features=784, out_features=512, bias=True
(relu): ReLU()
)
(1): ForwardForward(
in_features=512, out_features=256, bias=True
(relu): ReLU()
)
(2): ForwardForward(
in_features=256, out_features=16, bias=True
(relu): ReLU()
)
)
)

FF Sequential training starts ...
Epochs for Layer 1: 1c0%|| NN 3/3 [°9:25<00:00,

8.54s/it]

Epochs for Layer 2: 1ee% || NEEEEEN 3/3 [¢9:32<@0:00, 18.77s/it]
Epochs for Layer 3: 100%|| NN 3/3 [e9:37<e9:ee, 12.65s/it]

FF Sequential training completed in 95.88 seconds.
threshold: 5.8 => ©.88575159311294556

threshold: 5.8 => ©.015413613989949226
threshold: 5.8 => ©.88627050644159317

SupervisedFF(
(layers): Modulelist(
(@): ForwardForward(
in_features=784, out_features=512, bias=True
(relu): ReLU()
)
(1): ForwardForward(
in_features=512, out_features=256, bias=True
(relu): ReLU()
)
(2): ForwardForward(
in_features=256, out_features=16, bias=True
(relu): ReLU()
)
)
)

FF Sequential training starts ...

Epochs for Layer 1: 1¢0%| | NNEEEE 3/3 [¢0:23<00:¢0,

9.355/it]

Epochs for Layer 2: 100% || NNEEEE| 3/3 [90:32<00:00, 10.83s/it]
Epochs for Layer 3: 1leo%|| NI /3 [¢e:38<ee0:e0, 12.79s/it]

FF Sequential training completed in 98.90@ seconds.
threshold: 5.8 => 10.811964988708496
threshold: 5.6 => 11.334756851196289
threshold: 5.6 => 12.138172149658203

Train accuracy: ©.94, Test accuracy: ©.94 Train accuracy: 0.97, Test accuracy: ©.96

35
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M b FEDAREE
-%E%wﬂk B2 MW TELN?

X TiEZicEE LTS (1EEYE ﬁﬁ=> 2 H)
- EZYFF (F) , BEWAFF () , 1 c;ﬂ% S, ThoEETES

datasetSNIST, learning rate=o.1, batch sizessd, epochs=3, update count=28ii dataset=MNIST, learning_rate=0.1, batch_size=64, epochs=3, update_count=2811
SupervisedFF( i sad
(layers): Modulelist( SupervisedFF( ‘
(layers): ModulelList(

(@): ForwardForward(
in_features=784, out_features=512, bias=True
(relu): RelLU()

(©): ForwardForward(
in_features=784, out_features=512, bias=True

) (relu): RelU()

(1): ForwardForward( )
in_features=512, out_features=256, bias=True (1): ForwardForward(
(relu): RelU() in_features=512, out_features=256, bias=True
) (relu): RelU()
(2): ForwardForward( )
in_features=256, out_features=1@, bias=True (2): ForwardForward(
(relu): RelU() in_features=256, out_features=1@, bias=True
) (relu): ReLU()
’ )
) )
FF Sequential training starts ... )
Epochs for Layer 1: 100%|[NNNEEEEEN 3/3 [€9:27<00:00, 9.16s/it] FF Parallel training starts ...
Epochs for Layer 2: 100%|[NNEEEEEN| 3/3 [ee:33<00:00, 11.22s/it] .
Epochs for all Layer: 100%|[ NI 3/3 [01:19<e0:00, 26.48s/it]

Epochs for Layer 3: 100%|[NNEEEEN| 3/3 [€e:39<00:00, 13.17s/it]

FF Sequential training completed in 1€0.69 seconds.
threshold: 5.8 => 10.8119649887€8496 threshold: 5.8 => 10.418304443359375

threshold: 5.8 => 11.334756851196289 threshold: 5.8 => 10.8551290512084%6
threshold: 5.6 => 12.138172149658263 threshold: 5.8 => 6.534235000610352

2024);3735{:"” accuracy: 0.97, Test accuracy: 0.96 SWESTZGTPain accuraci,f: 8.94, Test accur*aci,r: .94 36

FF Parallel training completed in 79.44 seconds.



fifid» h FEFO iz
« EADKIHED FTH90% Z A D UTHER L TH 2

« [ Z 2 FF(1r=0.1) (X&) , JEAAHFFIr=0.1) (4) , BP(1r=0.01) (TF)
« FFDOFIXIT L A CREEDLE D 120

dataset=MNIST, learning_rate=8.1, batch_size=64, epochs=3, update_count=2811

dataset=MNIST, learning rate=0.1, batch_size=64, epochs=3, update_count=2811

SupervisedFF(
(layers): Modulelist(
(8): ForwardForward(
in_features=784, out_features=512, bias=True

SupervisedFF(
(layers): ModulelList(
(@): ForwardForward(

(relu): RelU() in_features=784, out_features=512, bias=True
) (relu): RelU()
(1): ForwardForward( ) . .
in_features=512, out_features=256, bias=True (1): ForwardForward( dataset=MNIST, learning_rate=0.01, batch_size=64, epochs=3, update_count=2811
(relu): RelU() in_features=512, out_features=256, bias=True
22) orwardroruaré( : (relu): RelU() SupervisedBP(
H orwardrorwar .
in_features=256, out_features=1@, bias=True (2): ForwardForward( (layers): Modulelist(
(relu): RelU() in_features=256, out_features=10, bias=True (@): Linear(in_features=784, out_features=512, bias=True)
)) (relu): ReLU() (1): Linear(in_features=512, out_features=256, bias=True)
) ) (2): Linear(in_features=256, out_features=1@, bias=True)
FF Sequential training starts ... ) ) )
Epochs for Layer 1: lee| MMM 3/3 [e0:30<e0:00, 10.20s/it] FF Parallel training starts ... (activation): RelU()
Epochs for Layer 2: 100% || NNEEIE 3/3 [ee:36<00:00, 12.255/it] . X . .
Epochs for Layer 3: 1c0%| NENINEEN 3/3 [e0:41cee:00, 13.995/it] Epochs for all Layer: 1ae%|—| 3/3 [@1:31<00:00, 30.39s/it] ;P i ot
FF Sequential training completed in 169.33 seconds. ‘:I: Pa;aii‘elSt;alnlnglgc’ZE;:;zL;;s;;:? seconds. raining starts ...
. _ reshold: 5.8 => . .
threshold: 5.8 => 10.811964988708496 h hold. - 199%|_| 3/3 [eg:l4<ee:ee, 4.875/11:]
threshold: 5.8 => 11.334756851196289 threshold: 5.8 => 16.655129851208496 — .
threshold: 5.8 => 12.138172149658203 threshold: 5.8 => 6.534235800618352 BP training completed in 19.06 seconds.
Using first 1 layers: Train accuracy: ©.95, Test accuracy: 0.94 Using first 1 layers: Train accuracy: 8.94, Test accuracy: ©.94 BP Model: Train accuracy: ©.9566, Test accuracy: ©.952
Using first 2 layers: Train accuracy: ©.97, Test accuracy: 9.96 Using first 2 layers: Train accuracy: ©.95, Test accuracy: ©.95 prune weight 9.9
Using -Fit-st 3 layers: Train accuracy: ©.97, Test accuracy: ©.96 Using 'Fil:'St 3 layers: Train accuracy: ©.94, Test accuracy: ©.94 BP MoEel: Train accuracv: ©.6596166666666666. Test accuracy: 9.6629
prune_weight 8.9 prune_weight ©.9
Using first 1 layers: Train accuracy: ©.91, Test accuracy: @.91 Using first 1 layers: Train accuracy: ©.89, Test accuracy: ©.89
Using first 2 layers: Train accuracy: 9.92, Test accuracy: @.92 Using first 2 layers: Train accuracy: 8.86, Test accuracy: ©.86
Using first 3 layers: Train accuracy: ©.91, Test accuracy: ©.92 Using first 3 layers: Train accuracy: ©.77, Test accuracy: 0.78

2024/8/31 SWEST26 37



ZLFM & D FFDEEE

c FEFTCEZIHEALTAY Y bR3DHEDH?
c FEDED TRX | OA%ZHWTHmE
« ) — NEHR
c HRAZETHERACKHEENL LoTWVWEHDD: -+ 7?

2024/8/31 SWEST26 38



FF7% 3 U 7= Fr X

e BP BP
. 1 R DK% BSEAL > :

. W B T T | -
° f‘i %Tj%ﬁ@*HE{Kﬁ (2N) (2N-1) (N+1) :
. “piT [€Tea €555 -1

- FEZroueRHEY 0 ——————————————e————————— @ _____
* t‘tﬂv S DIPRAT g, \: — x: i \‘:
o BN ENT S FF § | L ; | L ; | L{T/F)

e (& FEENRFRIA <«-' < - - <- -

NN
NN
NN
A
1
1

 filidf, O ~A HE— P E DS 1) f
MR ’ (pos_feature, label) | : l l :

« BHIABIE >y ——

(neg_feature. label)
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» Forward-Forward =
- Block/Layer-wise Local Learnin g () - ” e
« IRAETITEANT 7D DMBNNZ AT — ex S w: s 2
- -_I | CBRD [%] CBRD | CBRD *i* FBRD ««—4 FBRD

-Bb&ﬂﬁﬁ%%&lb,%mmmiﬁ

» Synthesis Gradient
o WRIEI NS EDOREARLOND D IZEKRAEL (synthetic gradient)
« Target Propagation

« BPRSEA L CRELINICHBITE 0 A ?

« Feedback Alignment
 Uniform Sign-concordant Feedbacks
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Feedback Alignment (FA) conf o T |
» Feedback Alignment (FA) e

(©20) “E'oool
« WOTRAZEDREE S > X 2fTHIBETIC L THHETE 2
e« BOsOrwOTsW2390F LT (ie., 6(”TW(”B(D6(D >0) 2o ED

. - Dasn())=al: sOTy O gD gD
Rz icwWpp®zalignx h, WSO pmsm] 2 ST <

 Direct Feedback Alignmen (DFA)
 FEREE S VX L ATHIBY, TEBER L THHETES
* Indirect Feedback Alignment (IFA)

c BREREIE T VX LITHIBra TATIBIZIR L, iREb HEHRIE5
e 727U, EifElI L, ZFEE TELR L

Lillicrap, Timothy P., et al. "Random synaptic feedback weights support error backpropagation for deep learning." Nature communications 7.1 (2016): 13276.

Ngkland, Arild. "Direct feedback alignment provides learning in deep neural networks." Advances in neural information processing systems 29 (2016).
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How Important Is Weight Symmetry in Backpropagation?

o HARHENE, BPOAEYIZERZ L EICZDOWT g@
o WLEIFEDOWWOT DIEREMED Y DREEHREICHZE Y 5 2 2 D) w3
2 TSN s, . Q00O
» ISFRHD T — X+ v b, ReLUTHEBINIILI T Z2/RL 7 W P
1. WEEE O EAD KX X IR BIA L

2. FFEIFEET, BTN TRIEEREL W,
3. BANT VX LT, FEIEUESICIFESZOMENSE NS

4, Z D XD BIENTFRYZRBPAIZIE, normalizations/stabilizations 23ANA] /K

e Batch Normalization and/or Batch Manhattan

« 0% D, WOTEsign(WOT)IZ L THEFOMRENRSNS
 Uniform Sign-concordant Feedbacks (uSF)

Liao, Qianli, Joel Leibo, and Tomaso Poggio. "How important is weight symmetry in backpropagation?." Proceedings
of the AAAI Conference on Artificial Intelligence. Vol. 30. No. 1. 2016.
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- https://github.com/jsalbert/biotorch/blob/main/Benchmarks.md
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https://github.com/jsalbert/biotorch/blob/main/Benchmarks.md

Key Takeaways
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« MAEDNNDMANTEIZLL T D3I KRANTZ= %
— « Data Parallel GlIffT — & % 55E])

—« Tensor Parallel (<& 7 V2R AN 57E])

— « Pipeline Parallel (7L ZEHEZ TN E])

» BPIZRE DEIRDIEX
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2024/8/31 SWEST26 46



NN DA% (1): Data Parallel
tvv By —X%Z208 L CHAILHE/ @ Wi 283 2 {53 X b

GPU[O0]

GPU[1]

SJUSTPR.IS U0NINPY

GPU[2]

L Layerl Layer2 Layer3 Layer3 Layer2 Layerl

20941831 Forward Forward Forward =~ Backward Backward Backward .




NN D414 (2): Tensor Parallel
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NN D7 7£(3): Pipeline Parallel

« By A4 S5 4 VB, T — 2 BENH,
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NN D% 14:(3): Pipeline Parallel |
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Figure 3: Handcrafted pipeline schedules, top: ZB-H1; bottom: ZB-H2
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« Jl{E 2 A M iXTensor Parallel >> Data Parallel >> Pipeline Parallel

» Tensor Parallel (2~8)
» =) — FAT
- Data Parallel
« AJEEZRIR D {5
» Pipeline Parallel
e THIRAUIHIF T E 22 <1373, EHARMNZIZ—HFIERIERN
e F20o% Y5 LTHMHARWEEIZ (Necessary Evil)
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