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About Me
•

• 2021 3
• 2023 3
• 2023 4

•

• 2024 4 (DC2) 
•

1. FPGA AMR, SmartNIC
2. FPGA
3. FPGA
4. WIP …

• https://urashima0429.github.io/
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https://urashima0429.github.io/


Motivation
• TOPPERS
• NN

•

•

• NN
•

• Forward Forward (FF)
• NN Hinton NN
•  => /  => 

• FF
• …
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Neural Network (NN)

•

𝒙(𝑙+1) = 𝑓 𝑾 𝑙 𝒙(𝑙)

• 𝑾 𝑙 ∈ ℝ𝑁 𝑙+1 ×𝑁 𝑙
𝑓

• …  
•

•

•

•
•

•
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• Sigmoid 𝑥 =
1

1+𝑒−𝑥

• tanh 𝑥 =
𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥

• ReLU 𝑥 = max 𝑥, 0
•

• Softplus 𝑥 = log𝑒 1 + 𝑒𝑥

•

2024/8/31 SWEST26 5



NN (1): 
• NN
•

1. Sigmoid 1 tanh 2 Softplus

• Sigmoid 𝑥 =
1

1+𝑒−𝑥
=

1

2
⋅

2

1+𝑒−𝑥
=

1

2
⋅

2𝑒
𝑥
2

𝑒
𝑥
2+𝑒

−
𝑥
2

=
1

2

𝑒
𝑥
2−𝑒

−
𝑥
2

𝑒
𝑥
2+𝑒

−
𝑥
2

+
𝑒
𝑥
2+𝑒

−
𝑥
2

𝑒
𝑥
2+𝑒

−
𝑥
2

=
1

2
tanh

𝑥

2
+ 1

• Sigmoid 𝑥 =
1

1+𝑒−𝑥
=

1

2
loge

1+ex+1

1+ex−1
=

1

2
Softplus x + 1 − Softplus x − 1

2. Sigmoid
3. Sin, Cos
4. Sin, Cos Fourier( )
5.

•
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NN (2): 
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Montufar, Guido F., et al. "On the number of linear regions of deep neural networks." Advances in neural 
information processing systems 27 (2014).

•

• NN
• =

•

•

•

•



NN (3): 
• NN

1.
2.

•

3.
• NN

NN
•

• NN
• => NN
• => NN
• =>

•
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NN

• 𝑾 𝑙

• Note: Parametric ReLU
•

•

• 𝐸
𝜕𝐸

𝜕𝑾 𝑙

• => Backpropagation BP
• 𝑾 𝑙

• DNN
•
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• 𝑾(𝑙) 𝑙

• 𝑓(𝑙) 𝑙

• 𝒙(𝑙) 𝑙 𝑙 + 1

• 𝒚(𝑙) 𝑙

• 𝑙
𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 , 𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙

• 𝐸

𝐸 =
1

2
𝒙 𝐿 − 𝒕

2
=
1

2


𝑛

𝑥𝑛
𝐿
− 𝑡𝑛

2
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𝐿
𝐸 =

1

2
𝒙 𝐿 − 𝒕

2 𝜕𝐸

𝜕𝒙 𝐿
= 𝒙 𝐿 − 𝒕,

𝑙 ∈ [0,… , 𝐿] 𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙 𝜕𝐸

𝜕𝒚 𝑙
=

𝜕𝐸

𝜕𝒙 𝑙
⨀𝑓′ 𝑙 𝒚 𝑙

𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 𝜕𝐸

𝜕𝑾 𝑙
=

𝜕𝐸

𝜕𝒚 𝑙
𝒙 𝑙−1 𝑇

𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑾 𝑙 𝑇

𝜕𝐸

𝜕𝒚 𝑙

𝑾(𝑙) ← 𝑾(𝑙) − 𝜂
𝜕𝐸

𝜕𝑾 𝑙
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Backpropagation BP
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𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1

𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙

𝒚 𝑙

𝒙 𝑙−1

𝑾(𝑙) ← 𝑾(𝑙) − 𝜂
𝜕𝐸

𝜕𝑾 𝑙

𝒙 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑾 𝑙 𝑇

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒚 𝑙
=

𝜕𝐸

𝜕𝒙 𝑙
⨀𝑓′ 𝑙 𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙

𝜕𝐸

𝜕𝑾 𝑙
=

𝜕𝐸

𝜕𝒚 𝑙
𝒙 𝑙−1 𝑇

𝜕𝐸

𝜕𝑾 𝑙

𝒙 0

𝒙 𝐿 𝜕𝐸

𝜕𝒙 𝐿

𝜕𝐸

𝜕𝒙 𝐿
= 𝒙 𝐿 − 𝒕,

𝜕𝐸

𝜕𝒚 𝑙

𝑙

:

:



Backpropagation BP
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𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1

𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙

𝒚 𝑙

𝒙 𝑙−1

𝑾(𝑙) ← 𝑾(𝑙) − 𝜂
𝜕𝐸

𝜕𝑾 𝑙

𝒙 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑾 𝑙 𝑇

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒚 𝑙
=

𝜕𝐸

𝜕𝒙 𝑙
⨀𝑓′ 𝑙 𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙

𝜕𝐸

𝜕𝑾 𝑙
=

𝜕𝐸

𝜕𝒚 𝑙
𝒙 𝑙−1 𝑇

𝜕𝐸

𝜕𝑾 𝑙

𝒙 0

𝒙 𝐿 𝜕𝐸

𝜕𝒙 𝐿

𝜕𝐸

𝜕𝒙 𝐿
= 𝒙 𝐿 − 𝒕,

𝜕𝐸

𝜕𝒚 𝑙

𝑙

:

:



Backpropagation BP
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𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1

𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙

𝒚 𝑙

𝒙 𝑙−1

𝑾(𝑙) ← 𝑾(𝑙) − 𝜂
𝜕𝐸

𝜕𝑾 𝑙

𝒙 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑾 𝑙 𝑇

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒚 𝑙
=

𝜕𝐸

𝜕𝒙 𝑙
⨀𝑓′ 𝑙 𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙

𝜕𝐸

𝜕𝑾 𝑙
=

𝜕𝐸

𝜕𝒚 𝑙
𝒙 𝑙−1 𝑇

𝜕𝐸

𝜕𝑾 𝑙

𝒙 0

𝒙 𝐿 𝜕𝐸

𝜕𝒙 𝐿

𝜕𝐸

𝜕𝒙 𝐿
= 𝒙 𝐿 − 𝒕,

𝜕𝐸

𝜕𝒚 𝑙

𝑙

:

:



Backpropagation BP
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𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1

𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙

𝒚 𝑙

𝒙 𝑙−1

𝑾(𝑙) ← 𝑾(𝑙) − 𝜂
𝜕𝐸

𝜕𝑾 𝑙

𝒙 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑾 𝑙 𝑇

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒚 𝑙
=

𝜕𝐸

𝜕𝒙 𝑙
⨀𝑓′ 𝑙 𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙

𝜕𝐸

𝜕𝑾 𝑙
=

𝜕𝐸

𝜕𝒚 𝑙
𝒙 𝑙−1 𝑇

𝜕𝐸

𝜕𝑾 𝑙

𝒙 0

𝒙 𝐿 𝜕𝐸

𝜕𝒙 𝐿

𝜕𝐸

𝜕𝒙 𝐿
= 𝒙 𝐿 − 𝒕,

𝜕𝐸

𝜕𝒚 𝑙

𝑙

:

:



Backpropagation BP
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𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1

𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙

𝒚 𝑙

𝒙 𝑙−1

𝑾(𝑙) ← 𝑾(𝑙) − 𝜂
𝜕𝐸

𝜕𝑾 𝑙

𝒙 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑾 𝑙 𝑇

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙−1

𝜕𝐸

𝜕𝒚 𝑙

𝜕𝐸

𝜕𝒚 𝑙
=

𝜕𝐸

𝜕𝒙 𝑙
⨀𝑓′ 𝑙 𝒚 𝑙

𝜕𝐸

𝜕𝒙 𝑙

𝜕𝐸

𝜕𝑾 𝑙
=

𝜕𝐸

𝜕𝒚 𝑙
𝒙 𝑙−1 𝑇

𝜕𝐸

𝜕𝑾 𝑙

𝒙 0

𝒙 𝐿 𝜕𝐸

𝜕𝒙 𝐿

𝜕𝐸

𝜕𝒙 𝐿
= 𝒙 𝐿 − 𝒕,

𝜕𝐸

𝜕𝒚 𝑙

𝑙

:

:



Backpropagation BP

• 𝑾 𝑙

• => BP
• BP

• 𝒙 𝑙 , 𝒚 𝑙 ,𝑾 𝑙

•

•
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AI  AI 73, 2-1 , 

• BP
•

•

•

•

•

• Etc…
• ANN



Backpropagation and the brain (Nature, 2020)
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Lillicrap, Timothy P., et al. "Backpropagation and the brain." Nature Reviews Neuroscience 21.6 (2020): 335-346.

• BP
•  => 

• Hebbian learning: 
• Perturbation learning:
• (???) 
• Backpropagation: 

•

• Hinton



•
•

•

•

• NN Backpropagation BP
• 𝐸

𝜕𝐸

𝜕𝑾 𝑙

• 𝒙 𝑙 , 𝒚 𝑙 ,𝑾(𝑙)

•

•
•

• BP NN …
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the Forward-Forward Algorithm (FF)
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The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022

• DNN
• BP

• …
•

•

•

• …
•

•

• …  
• …  => Forward Forward



the Forward-Forward Algorithm (FF)
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The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022

• 2
•

• g 𝑥(𝑙) / /
• Positive path: 𝒙𝑝

𝑙
g 𝒙𝑝

𝑙

• Negative path: 𝒙𝑝
𝑙 g 𝒙𝑛

𝑙

• g 𝒙(𝑙) = 𝒙(𝑙)
2
= σ𝑖 𝑥𝑖

𝑙
2

• 𝑥(𝑙)



Forward Forward (FF)
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𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1

𝒙(𝑙) = 𝑓 𝑙 𝒚 𝑙

𝒙𝑝
𝑙−1

, 𝒙𝑛
𝑙−1

𝑾(𝑙) ← 𝑾(𝑙) − 𝜂
𝜕𝑔

𝜕𝑾 𝑙

𝜕𝑔

𝜕𝑾 𝑙
=

𝜕𝑔

𝜕𝒚 𝑙
𝒙 𝑙−1 𝑇

𝒙𝑝
0
, 𝒙𝑛

0

𝒙𝑝
𝐿
, 𝒙𝑛

𝐿

Positive pass/Negative pass

𝑙

:

:

𝜕𝑔

𝜕𝒚 𝑙
=

𝜕𝑔

𝜕𝒙 𝑙
⨀𝑓′ 𝑙 𝒚 𝑙

𝜕𝑔

𝜕𝒙 𝑙
= [𝑥𝑝

𝑙
, −𝑥𝑛

𝑙
]

𝒚𝑝
𝑙
, 𝒚𝑛

𝑙

𝒙 𝑙 ←
𝒙 𝑙

𝒙 𝑙



the Forward-Forward Algorithm (FF)
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The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022

1. BP 𝒙 𝑙 , 𝒚 𝑙 ,𝑾 𝑙

•

•

2.
•

3.
•

• /IoT



Forward-Forward (FF)
•

• /
•

•

•

Backpropagation (BP)
•

• /
•

•

•
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the Forward-Forward Algorithm (FF)



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

•
• 6 6 assert
• assert



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

• MNIST
• 2000ReLU x 4 60 test error 1.36%

• BP 20 test error
• FF 2 40 test error 1.46%
• Data augmentation

• 2 25 version
•

• 500 test error 0.64% CNN BP
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The Forward-Forward Algorithm: Some Preliminary, Geoffrey Hinton (Google Brain), Neural IPS 2022

• FF Encoder BP Decoder
•

• [1/4,1/2,1/4]
0.5

Enbedding

Decoding

FF BP

: 6

FF



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

• MNIST
• 2000ReLU x 4 100 test error 1.37%
•

• Local receptive fields (without weight-sharing)
•



FF

•

•

•

•

•

•
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FF

•

•
•

•

•

•

•
•

•
•
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https://github.com/urashima0429/ForwardForwardTests/


FF

•

•
•

•

•

•
•

•

•

•
•
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FF

•

•
•

•

•

•

•
•
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FF

•
•

•
•

•

•
•

•

•
•
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FF

•
•
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FF
•

•

•
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FF

•
•

•
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FF

•
•

•
•
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• BP
•

•

•

• FF
•

•

•

•

•
•
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•
•

•
•

•

•
• synthetic gradient

•

•
•

•
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Feedback Alignment (FA)
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Lillicrap, Timothy P., et al. "Random synaptic feedback weights support error backpropagation for deep learning." Nature communications 7.1 (2016): 13276.
Nøkland, Arild. "Direct feedback alignment provides learning in deep neural networks." Advances in neural information processing systems 29 (2016).

• Feedback Alignment (FA)
• 𝑊 𝑙 ,T 𝐵FA

𝑙 ,𝑇

• 𝐵 𝑙 𝜹 𝑙 𝑊 𝑙 𝑇𝜹 𝑙 90 i.e., 𝜹 𝑙 𝑇𝑊 𝑙 𝐵 𝑙 𝜹 𝑙 > 0

• 𝑊 𝑙 𝐵 𝑙 align 𝜹 𝑙 𝑇𝑊 𝑙 𝐵 𝑙 𝜹 𝑙

𝑊 𝑙 𝑇𝜹 𝑙 𝐵 𝑙 𝜹 𝑙 1

• Direct Feedback Alignmen (DFA)
• 𝐵DFA

(𝑙)

• Indirect Feedback Alignment (IFA)
• BIFA
•
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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.

• BP

• 𝑾 𝑙 𝑇

• 15 ReLU
1.

2.

3.

4. BP normalizations/stabilizations 
• Batch Normalization and/or Batch Manhattan

• 𝑾 𝑙 ,T sign 𝑾 𝑙 ,T

• Uniform Sign-concordant Feedbacks (uSF)



•
• https://github.com/jsalbert/biotorch/blob/main/Benchmarks.md
• FA, DFA
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BP 𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑾 𝑙 𝑇

𝜕𝐸

𝜕𝒚 𝑙

FA 𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑩FA

𝑙 ,𝑇 𝜕𝐸

𝜕𝒚 𝑙

DFA 𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 𝜕𝐸

𝜕𝒙 𝑙−1
= 𝑩DFA

𝑙 ,𝑇 𝜕𝐸

𝜕𝒚 𝐿

IFA 𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 𝜕𝐸

𝜕𝒙 𝑙−1
=? ? ?

uSF 𝒚(𝑙) = 𝑾(𝑙)𝒙 𝑙−1 𝜕𝐸

𝜕𝒙 𝑙−1
= sign 𝑾 𝑙 ,T

𝜕𝐸

𝜕𝒚 𝑙 …

https://github.com/jsalbert/biotorch/blob/main/Benchmarks.md


Key Takeaways
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NN (1): Data Parallel

•
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𝑿2,∗

NN (2): Tensor Parallel
•

• 𝒀 = 𝑾𝑿 = 𝑿 𝑾∗,1,𝑾∗,2, … ,𝑾∗,𝑘

𝑿1,∗
𝑿2,∗

…
𝑿𝒌,∗

= σ𝑘𝑾∗,𝑘𝑿𝑘,∗
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NN (2): Tensor Parallel
•
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NN (3): 

•
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NN (3): 
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https://arxiv.org/abs/2401.10241

•
• F:
• B:
• W:

•



• Tensor Parallel >> Data Parallel >> Pipeline Parallel
• Tensor Parallel (2~8)

•

• Data Parallel
•

• Pipeline Parallel
•

• 2 Necessary Evil
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