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ℓ(𝜃)

𝜃∗

𝜃∗ =  
𝑎𝑟𝑔 𝑚𝑖𝑛

𝜃
 

𝔼
(𝑥, 𝑦) ∈ 𝐷

 ℓ(𝑓𝜃(𝑥), 𝑦) (1)

𝜃 𝐷 Χ 𝑥 Υ Χ Υ

ℓ(𝜃; 𝑖) 𝜃 𝑖

𝐷

𝜃𝑛 =  
𝑎𝑟𝑔 𝑚𝑖𝑛

𝜃

1

|𝑀|
 ∑ ℓ(𝑓𝜃(𝑥), 𝑦)

(𝑥,𝑦)∈𝑀

 (2)

𝜃𝑡+1 = 𝜃𝑡 − 𝜆𝛻𝜃ℓ(𝜃; 𝑖) (3)

𝑤 = ⋃ 𝑤𝑖𝑖∈𝒩



 

Input: Local minibatch size 𝐵, set of slaves 𝐾, number of slaves per iteration 

𝑘, #local epochs 𝐸, learning rate 𝜂, set of local datasets 𝐷 

 

1. Server: 

2.     Initialize 𝑤0 

3.     For each round 𝑡 = 0, 1, 2, … do 

4.         𝑆(𝑡) ← (random set of 𝑚 clients from 𝐾) 

5.         For each client 𝑘 ∈ 𝑆𝑖 in parallel do 

6.             𝑤𝑘(𝑡 + 1) ← 𝐶𝑙𝑖𝑒𝑛𝑡𝑈𝑝𝑑𝑎𝑡𝑒(𝑘, 𝑤(𝑡)) 

7.         End for 

8.         𝑤(𝑡 + 1) ←
1

∑ 𝐷𝑘𝑘∈𝑆(𝑡)
 ∑ |𝐷𝑘|𝑤𝑘(𝑡 + 1)𝑘∈𝑆(𝑡)  

9.     End for 

10.  

11. Client 𝒌: 

12.     ℬ𝑘 ←(split 𝐷𝑘 into batches of size 𝐵) 

13.     For each local epoch 𝑒 = 0, 1, . . . , 𝐸 do 

14.         For batch 𝑏 ∈ ℬ𝑘 do 

15.             𝑤 ← 𝑤 − 𝜂∇𝑙(𝑤; 𝑏) 

16.         End for 

17.     End for 

18.     Return 𝑤 to server 

 



Input: Minibatch size 𝐵, set of peers 𝑃, #local epochs 𝐸, learning rate 𝜂, local 

dataset 𝐷 

 

1. Node: 

2.     Initialize 𝑤0 

3.     𝐷′ ← (split 𝐷 into batches of size 𝐵) 

4.     For each epoch 𝑒 = 0, 1, … , 𝐸 do 

5.         For batch 𝑏 ∈ 𝐷′ do 

6.             𝑤(𝑡 + 1) ← 𝑤(𝑡) − 𝜂∇𝑙(𝑤; 𝑏) 

7.             𝑤(𝑡 + 1) ← (merge 𝑤(𝑡 + 1) with received models from peers) 

8.             For peer 𝑝 ∈ 𝑃 do 

9.                 Send 𝑤 to 𝑝 

10.             End for 

11.         End for 

12.     End for 

 

 



 

 

𝑓

𝑓



𝑚

𝑎𝑟𝑔𝑚𝑖𝑛

𝑣 ∈  ℝ𝑑
∑‖𝑣 − �̃�𝑖‖

𝑛

𝑖=1

(4)

𝑛 − 𝑞

𝑞

𝑛

#𝑛𝑜𝑑𝑒𝑠 ≥ 4 𝑥 #𝑛𝑜𝑑𝑒𝑠𝑏𝑦𝑧𝑎𝑛𝑡𝑖𝑛𝑒 + 3

ℓ𝑝



0.7

4 𝑥 #max _𝑏𝑦𝑧𝑎𝑛𝑡𝑖𝑛𝑒_𝑛𝑜𝑑𝑒𝑠 + 1 = 4 𝑥 2 + 1 = 9;     9 / 20 𝑛𝑜𝑑𝑒𝑠 = 0.45



𝑘





5

5 𝑥 2 + 1 = 11

✓ ✕ ✕

𝑀 ≥ 2𝑏 + 1 ✓ ✕ ✕ ✕

𝑀 ≥ 2𝑏 + 1 ✓ ✕ ✕ ✕

𝑀 ≥ 2𝑏 + 1 ✓ ✕ ✕ ✕

𝑀 ≥ 2𝑏 + 3 ✕ ✕ ✕ ✕

𝑀 ≥ 2𝑏 + 𝑚 + 2 ✕ ✕ ✕ ✕

𝑀 ≥ 4𝑏 + 3 ✕ ✕ ✕ ✕

𝑀 ≥ 2𝑏 + 1 ✓ ✓ ✕ ✕

𝑀 ≥ 2𝑏 + 1 ✓ ✕ ✕ ✕

𝑀 ≥ 2𝑏 + 1 ✕ ✕ ✕ ✓

𝑀 ≥ 2𝑏 + 1 ✕ ✕ ✕ ✓

𝑀 ≥ 𝑏 + 1 ✓ ✕ ✕ ✕

𝑀 ≥ 𝑏 + 1 ✓ ✕ ✕ ✕

𝑀 ≥ 𝑏 + 1 ✕ ✕ ✕ ✕

𝑀 ≥ 𝑏 + 1 ✕ ✕ ✓

𝑀 ≥ 𝑏 + 1 ✓ ✕ ✕ ✕

𝑀 ≥ 𝑏 + 1 ✓ ✕ ✕ ✓

✓ ✓ ✕ ✕

𝑀 ≥ 2𝑏 + 1 ✓ ✕ ✕ ✕



𝑀 ≥ 𝑏 + 1 ✓ ✓ ✓ ✓

 

𝐴 𝐴

𝐴

𝑛

 



 

 

𝑥
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▪ 

▪ 

 

 

 

 



 

 

 

𝛼

 



 

 



𝑡𝑤

𝑐𝑤

𝑡𝑤 𝑐𝑤

 



𝜔

𝜔

< 1.0, 0.7, 0.6 >

< 0.7, 1.0, 0.0 >

𝑝𝑒𝑛𝑎𝑡𝑡𝑎𝑐𝑘,𝑖

[0, 6]



𝐴

𝐵 𝐴 𝐵

𝐴 𝐵

𝐴 𝐵

▪ 

▪ 

▪ 

▪ 

𝜔 𝜔

𝐸𝑛𝑐𝐴(𝐸𝑛𝑐𝐵(𝑥)) = 𝐸𝑛𝑐𝐵(𝐸𝑛𝑐𝐴(𝑥))



 



 

 

𝑏 ∈ 𝒪((𝐻(Δ𝒲) + 𝜂) ∗ |𝒲| ∗ 𝑁𝑖𝑡𝑒𝑟 ∗ 𝑓)

𝐻(𝛥𝒲) 𝜂

|𝒲| 𝑁𝑖𝑡𝑒𝑟

𝑓

𝐻(𝛥𝒲)

 

▪ 



▪ 

▪ 

20 21 22

23 24

 



 

𝑡𝑤

𝑐𝑤

𝛼

𝑐𝑤

 



 

𝒙 𝛾

𝒩

 

Input: initial estimate 𝑥0, dataset 𝐷𝑡𝑟𝑎𝑖𝑛 containing an arbitrary non-validation subset of 

the node’s collected data, dataset 𝐷𝑡𝑒𝑠𝑡 containing a small, trusted set of samples for each 

class, history buffer size 𝛾, exploration ratio 
𝛽

𝛼
, transfer network Ψ, weight diff constant 

𝜂 

 

1. 𝒩s ← getSimilarPeersWithClassOverlap() 

2. 𝑙 ← initialize loss function by deep transfer from Ψ 

3. For 𝑡 = 0, 1, 2, … do 

4.     Stochastically sample 𝜉𝑖(𝑡) from 𝐷𝑖
𝑡𝑟𝑎𝑖𝑛

 

5.     𝛻𝑙(𝒙𝑖(𝑡), 𝜉𝑖(𝑡)) ← Compute the local gradient of output layer 

6.     𝒩i
𝑛(𝑡) ← All models received from peers 𝑗 ∈ 𝒩s 

7.     𝒩𝑖
r(𝑡) ← The 𝛾 most recent models received in previous iterations 

8.     If |𝒩i
n(𝑡)| > 0 then 

9.         For 𝑗 𝑖𝑛 (𝒩i
𝑛(𝑡) ∪ 𝒩𝑖

r(𝑡)) do 

10.             𝑑𝑖,𝑗 ← ||𝒙𝑖(𝑡) − 𝒙𝑗(𝑡)|| 

11.         End for 

12.         𝒩𝑖
d(𝑡) ← (𝑎𝑟𝑔𝑚𝑖𝑛 𝒩∗ ⊆𝒩i

|𝒩∗|=𝛼
∑ 𝑑𝑖,𝑗𝑗∈𝒩∗ ) ∖ 𝒩𝑖

r(𝑡) 

13.         𝒩𝑖
e(𝑡) ←  𝒩∗ ⊆

𝒩∗ 𝑖𝑠 𝑎 𝑟𝑎𝑛𝑑𝑜𝑚 𝑠𝑢𝑏𝑠𝑒𝑡 𝑤ℎ𝑒𝑟𝑒 |𝒩∗| = 𝛽
(𝒩i

𝑛(𝑡) ∖ 𝒩𝑖
d(𝑡)) 

14.         𝒩𝑖
c(𝑡) ← 𝒩𝑖

d(𝑡)⋃𝒩𝑖
𝑒(𝑡) 

15.         For 𝑗 ∈ 𝑖 ⋃ 𝒩𝑖
c(𝑡) do 

16.             For 𝑐 𝑖𝑛 𝑐𝑙𝑎𝑠𝑠𝑒𝑠(𝐷𝑖) 

17.                 𝑟𝑒𝑐𝑎𝑙𝑙𝑗,𝑐(𝑡) ← 𝑟𝑒𝑐𝑎𝑙𝑙(𝑙, 𝒙𝑗(𝑡), 𝐷𝑖
𝑡𝑒𝑠𝑡) 

18.             End for 

19.             If 𝑗 ≠ 𝑖 then 

20.                 𝐶𝑗(𝑡) ← 𝑎𝑟𝑔𝑚𝑖𝑛 
𝑐 𝑖𝑛 𝑐𝑙𝑎𝑠𝑠𝑒𝑠(𝐷𝑖)

|C|=𝑐𝑎𝑟𝑑𝑖𝑛𝑎𝑙𝑖𝑡𝑦(𝒩𝑗
s(𝑡))

𝑟𝑒𝑐𝑎𝑙𝑙𝑗,𝑐(𝑡) 

21.                 𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑗(𝑡) ← max (0, 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑟𝑒𝑐𝑎𝑙𝑙𝑗,𝑐∈𝐶𝑗(𝑡)(𝑡)) − 2 ∗ 𝑠𝑡𝑑 (𝑟𝑒𝑐𝑎𝑙𝑙𝑗,𝑐∈𝐶𝑗(𝑡)(𝑡))) 

22.                 For 𝑐 𝑖𝑛 𝐶𝑗(𝑡) 

23.                     𝑤𝑒𝑖𝑔ℎ𝑡𝑑𝑖𝑓𝑓𝑗,𝑐(𝑡) ← |𝑟𝑒𝑐𝑎𝑙𝑙𝑗,𝑐(𝑡) − 𝑟𝑒𝑐𝑎𝑙𝑙𝑖,𝑐(𝑡)| 𝑥 𝜂 

24.                     𝑠𝑒𝑞𝐴𝑡𝑡𝑎𝑐𝑘𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑗,𝑐(𝑡) ← 𝑔𝑒𝑡𝑆𝑒𝑞𝐴𝑡𝑡𝑎𝑐𝑘𝑃𝑒𝑛𝑎𝑙𝑡𝑦(𝐶𝑗(𝑡), 𝑐, 𝑟𝑒𝑐𝑎𝑙𝑙) 

25.                     If 𝑟𝑒𝑐𝑎𝑙𝑙𝑗,𝑐(𝑡) > 𝑟𝑒𝑐𝑎𝑙𝑙𝑖,𝑐(𝑡) 

26.                         𝑠𝑐𝑜𝑟𝑒𝑗,𝑐(𝑡) ← 𝑤𝑒𝑖𝑔ℎ𝑡𝑑𝑖𝑓𝑓𝑗,𝑐(𝑡)3+𝑟𝑒𝑐𝑎𝑙𝑙𝑖,𝑐 

27.                     Else 

28.                         𝑠𝑐𝑜𝑟𝑒𝑗,𝑐(𝑡) ← − 𝑤𝑒𝑖𝑔ℎ𝑡𝑑𝑖𝑓𝑓𝑗,𝑐(𝑡)4+𝑟𝑒𝑐𝑎𝑙𝑙𝑖,𝑐 ∗ (1 + 𝑠𝑒𝑞𝐴𝑡𝑡𝑎𝑐𝑘𝑃𝑒𝑛𝑎𝑙𝑡𝑦𝑗,𝑐(𝑡)) 

29.                     End if 

30.                     𝑤𝑒𝑖𝑔ℎ𝑡𝑠𝑗,𝑐(𝑡) ← max (0,
10

1+𝑒
−

𝑠𝑐𝑜𝑟𝑒𝑗,𝑐(𝑡)

100

− 4) ∗ 𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑗(𝑡) 

31.                 End for 

32.                 𝑝𝑒𝑒𝑟𝑊𝑒𝑖𝑔ℎ𝑡𝑗(𝑡) ← max (0,
10

1+𝑒
−

∑ 𝑠𝑐𝑜𝑟𝑒𝑗,𝑐(𝑡)𝑐∈𝐶𝑗(𝑡)

100

− 4) ∗ 𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦𝑗(𝑡) 

33.             End if 

34.         End for 

35.         𝒙𝑖(𝑡) ← 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝐴𝑣𝑔(𝒙(𝑡), 𝑤𝑒𝑖𝑔ℎ𝑡s(𝑡), 𝐶) 

36.         𝒙𝑖(𝑡) ← 𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝐴𝑣𝑔(𝒙(𝑡), 𝑤𝑒𝑖𝑔ℎ𝑡s(𝑡), 𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑒𝑠 \ 𝑐𝑙𝑎𝑠𝑠𝑒𝑠(𝐷𝑖)) 

37.     End if 

38.     𝒙𝑖(𝑡 + 1) ← 𝒙𝑖(𝑡) − 𝜆𝛻𝑙(𝒙𝑖(𝑡), 𝜉𝑖(𝑡)) 

39. End for
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𝑥

𝑥

𝑥

𝑥

𝑥 𝑥



[−0.2, 0]

[0, 0.2]

𝑏

𝑏  



 

𝐿𝑜𝑐𝑎𝑙 𝑚𝑖𝑛 𝐿𝑜𝑐𝑎𝑙 𝑚𝑎𝑥
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https://ai.googleblog.com/2017/04/federated-learning-collaborative.html












‐ ‐ ‐

https://www.cis.fordham.edu/wisdm/dataset.php

