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.@ Background

» User Modeling

» An important basis to capture useful potential characteristics with the reliance on
personal data

» User modeling has been applied to multiple typical, such as modeling capabilities to
preferences from users

» User modeling processes usually centralized training with data aggregated, which causes
privacy leakage

»Federated Leaning/Personalized Federated Learning

» Federated Leaning (FL) refers to building and aggregating user models while leaving
private data isolated so that preserves the data privacy

» Due to limited local data samples, Personalized Federated Learning (pFL) can obtain
customize local models to fit the local dataset
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.@ Problems and Design Intuition

—— pFedMe

0.4 FedRep

» Existing pFL studies use averaged learning accuracy to
evaluate their proposed algorithms.

» Existing pFL studies cannot efficiently protect the clients 021
with poor performance.

» Existing pFL studies can be divided by two schemes: with or —
without global model. Wﬁ

I
0.0 L

62 64

0.3 1

0.1

These poor clients may be generated by the biased learned universal information.
Hence, we aim to design a strategy to moderate this biased phenomenon.

Contributions:

» Present the reason why we need to focus on the poor performance clients.

» Design a personalize locally generalize universally strategy to moderate the biased universal information.
» Propose three PLGU-based algorithms on two pFL schemes.




‘@ Personalize Locally Generalize Universally (PLGU)

Personalization score & f ; of the scaling matrix A; is

e _ 1185, —wi|

YU dim(wit)
Of,l and W' are the model parameters at the I-th layer of the personalized model

6f ; and the global model Wt
dim(e) denotes the number of parameters on layer I, which can normalize the

values as Y1 ffl !




‘@ Personalize Locally Generalize Universally (PLGU)

Layer-Wised Sharpness Aware Minimization (LWSAM):

Let A; denote a diagonal Lx L matrix, A; = diag(&;1,..., & 1), where &;
is the layer personalization score. We apply the adopted scaling method to the
inner maximization of SAM

Fo,(0:) = max Fp, (0;+ A€,

where 0; is personalized model, g is the radius, ’0}91- + €;. The approximate
inner solution of LWSAM is

Ve Fo (0O,
€ = psign(Vg Fp (0:)A;—2 (%)

Vo, Fo,(00]

It provides the layer-wise calculate of €; to scale up the batch size on client i.




.@ Personalize Locally Generalize Globally

Algorithm 1 PLGU(0"°, w!°, At, K, ).

1: Input: personalized model 9:’0, global model ’IIJ:’O,
scaling matrix A%, number of local epochs K, learning
rate n;

2. fork=0,..., K—1do

3:  Sample mlm-batch B; on cllent (N

4:  Calculate unbiased gradient gZ =V gt «F, (0 k)

5. Update personalized model 6, At — O,f & g’ 5

6:  Calculate perturbation € e by (5);

7. Calculate unbiased gradlent approximation for
LWSAM G- = =V guk g F, Cat ~““)

8:  Update global model wt k1 t k 77gz ;

9: end for
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‘@ PLGU-Layer Freezing (PLGU-LF)

Algorithm 2 Scheme I: PLGU-LF algorithm.

The objective of PLGU-LF is: 1: Input: communication upper bound 7', client set N,
number of local epochs K, learning rate 7;
2: Output: personalized model w! and global model
min ~ max z Fi(w;0,) wh;
W{oz}ll{A€<p}11 fort=0,...,7—1do
Sample a set of clients C* C N with the size of C;
for each client 7 € C* in parallel do
Calculate A’ by (6);
Select D layers with largest £} values to be the set

as L! . and other layers are set as L’

z,Per
nt,0 nt,0 t
0 LUnl - wﬁUm and 9 LPcr — 9

9: PLGUO°, w"°, AL, K, )

~
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WhereW=w+§,-, 0i=9i+€i
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The generalization bound of PLGU-LF is: i, LPer

BVLT], CMI (B+ p)dyLlogLT], CMI BVLIlicr M, ~tK ~t0
o) e € € . t
<B< yvm yvm V‘f_ 10: A~t 1 “'t 1wz 1’ t
, dDLA)VI0G D e rer BM, IOGE =D [l om (B + p)YM 1) ) 11: H=w"t+ & Dicct A
Blogl/y
yNvm 12:  end for
13: end for




.@ PLGU-Generalized Representation (PLGU-GRep)

The objective of PLGU-GRep is:

1 N
min max — ) maxF;(h;, )
GED (A;e;<p)N, N &5 hict 277

The generalization bound of PLGU-GRep is:

Algorithm 3 Scheme II: PLGU-GRep algorithm.

4 (B <ﬁ¢(B +p)d{(L=DIog(L = Dl;,cpe M, / BnBVLM,

yvm YyNVm
Be(B + p)d/(L—=T)1log(L — D l;c.6 M,
log1
+ rers ++ymlogl/y

1: Input: communication upper bound 7, client set N/,
number of header local epochs K, learning rate 7;

2: Output: personalized model 67;

3. fort=0,...,7—1do

4:  Sample a set of clients C t C N with the size of C;

5:  Download global representation @' to client i € Ct;
6:  for each client 7 € C* in parallel do
7: fork=0,..., K—1do
8: Sample mini-batch B; C D;;
9: Update the header hﬁ’k by (9);
10: end for
11: Sample mini-batch B; C D;; 3
12: Update the generalized representation ¢! by (10)-
(13);
13:  end for 3
14:  Server updates the new representation ¢@'*!
G Dicct s
15: end for




.@ PLGU-Generalized Hypernetwork (PLGU-GHN)

Algorithm 4 Scheme II: PLGU-GHN algorithm.

The objective of PLGU-GHN is: 1: Input: communication upper bound 7', client set N,
number of local epochs K, learning rate 7;
2: Output: personalized model w ;
. 3: fort=0,...,7—1do
min maX Z F; (h(Ul, ‘b + €)) 4:  Sample a set of clients C* C N;
Pe, {Vz}, 1 {€<P}l 1 5.  for each client i € C' in parallel do
6: set w! = h(v}; ¢t) and Wt = wi;
7: fork=0,..., K —1do
8
9

sample mini-batch B; C D;;
t,k+1 _ _ tk tky.,
w; =w,;, - va:kaBi (wz )’

(3

f . ) 10: end for
The generalization bound of PLGU-GRep is: i endfor
122 Aw!= 'wt i o f’o;
Z BBV e M, BhR\/_Hlecth (R + p)dy/In10g Ln Tce, M 13:  Calculate g%, ¢, and v! by (24) and (25);
B< o= SN VN ) 14: end for
log1/y
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‘@ Experiments

Table 1. Testing accuracy by the global model (averaged, top 5%, and lowest 5% accuracy) under three datasets.

Datasets C FedAvg FedSAM Ditto pFedMe PLGU-LF
10 64.79 67.57 64.15 64.36 69.36

CIFAR10 60.69 68.45 | 64.76 69.93 | 62.08 6945 | 61.13 70.46 | 67.34 71.69
100 67.15 69.49 68.24 68.31 71.48

6599 71.80 | 67.04 71.12 | 61.64 71.08 | 65.25 71.64 | 68.92 73.57
10 55.86 57.19 56.35 55.17 59.74

CIFAR100 51.21 60.75 | 54.82 59.55 | 52.73 59.28 | 50.41 58.35 | 56.85 61.49
100 58.00 59.39 58.93 57.24 61.07

55.16 60.67 | 56.73 61.20 | 56.64 60.79 | 52.96 60.53 | 58.25 62.25
TmgNet 20 37.78 38.42 38.09 36.43 40.61

3226 43.73 | 34.61 42.02 | 3475 42.84 | 31.79 4290 | 3541 43.56

Table 2. Testing accuracy by the personalized model (averaged, top 5%, and lowest 5% accuracy) under three datasets.

Datasets C Ditto pFedMe FedRep pFedHN PLGU-LF PLGU-GRep PLGU-GHN
10 69.21 66.43 71.32 71.66 71.18 72.87 72.64

CIFAR10 65.33 72.86 | 62.97 71.10 | 68.15 74.04 | 68.06 73.95 | 6822 73.27 | 6998 7491 | 69.70 74.63
100 71.23 69.19 75.30 74.95 74.23 76.94 76.17

69.93 7446 | 66.84 71.58 | 73.11 77.74 | 73.23 77.58 | 72.66 75.87 | 74.23 77.61 | 73.79 77.82
10 59.17 56.58 62.92 63.25 62.33 64.61 65.37

CIFAR100 57.81 63.06 | 52.92 60.14 | 59.70 65.95 | 59.86 65.79 | 60.08 65.24 | 62.58 66.62 | 63.02 66.94
100 62.52 58.57 65.08 65.54 64.67 66.79 66.30

5948 64.81 | 55.79 61.73 | 62.60 67.96 | 63.30 68.09 | 63.72 67.75 | 64.81 68.59 | 64.27 68.02
TmgNet 20 39.41 37.22 41.68 41.96 41.39 42.84 42.45

35.88° 4349 | 3276 4291 | 37.53 45.07 | 3794 45.19 | 37.46 44.57 | 40.29 45.18 | 39.92 44.89




.@ Experiments
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‘@ Experiments
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Table 3. Impact of number of local epochs K with C' = 10.

—$— PLGU-LF Global
~$- PLGU-LF Personalized

0 5 10 15
Number of Personalized Layers

20

Accuracy (%)

B PLGU-LF
9 PLGU-GRep
9 PLGU-GHN

17 1 5 10

PLGULF O) |ro” 50 [ 6724 7013 | 6623 7139
PLGULF (®) | g5 Jo07 [ 820 7317 | 6576 7358
PLGU-GReP |76 7355 | 5998 7491 | 6804 711
PLGU-GHN 66.839.933.15 69.72)2.6‘714.63 72.9’;2.9;5.48

Table 4. Impact of perturbation p with C' = 10.

P 0.05 0.1 0.5

PLGU-LF (G) 67.229-331.13 65.7?8-631.88 63.926'728.31
PLGU-LF (F) 68.2;1-133.17 69.120.934.68 66.839.015/3.50
PLGUGReD | g5 7507 (7149 7593 | 6673 7365
PLGUGHN |00 r a8 7473 | 6454 7469




‘@ Experiments

Thank you!




