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e 1) Federated Learning (FL) Core Challenge
e Clients exhibit distinct distribution shifts
e Need: Models must adapt to each client’s unique data distribution for good performance

e 2) Limitations of Existing Methods

Personalized FL
e Relies on labeled data from test clients for personalization
e Infeasible for real-world scenarios

Test-Time Adaptation (TTA)
e Assumes training data from a single source domain
e Designed for specific distribution shifts
e Predefines adaptive modules — ineffective for mismatched shifts



e 3) Novel Setting: Test-Time Personalized FL (TTPFL)

e Training Phase: Server trains a global model using source clients.

e Test Phase: Target clients adapt the global model locally with unlabeled data.

e Goal: Address complex distribution shifts for cross-device FL with unlabeled target clients.
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Figure 1: Comparison between the testing phase of GFL, PFL, and TTPFL. TTPFL enables model
personalization without requiring labeled data.



"" \ LI SR S ‘,’74'-3’
ivati {2y &FhERAAS
I Motivation ) BRI X VLT

e Core Conflictin TTPFL
e EXisting methods fail to handle diverse distribution shifts in FL with unlabeled test clients.

e Gap 1: TTA Ignores FL’s Multi-Source Nature
e In FL, data comes from multiple source clients with inherent distribution shifts.
e Overlooking inter-source domain relationships degrades generalization to target clients.

e Gap 2: TTA Lacks Flexibility for Diverse Shifts
e TTA predefines adaptive modules
e Performance Trade-off: A module effective for one shift harms performance on another

e Motivation for ATP

e Adapts to multiple distribution shifts

Learns optimal adaptation rates from FL’s multi-source clients
Enables effective unlabeled personalization in TTPFL
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Figure 2: Performance trade-off of existing TTA  Figure 3: Performance trade-off of entropy min-
methods under two distribution shifts. imization when adapting different modules.
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ATP: adaptive test-time personalization ,, @3 HAERAKE

 Modules: Fine-grained model components — each has an adaptation rate a!'!
- BN layers split into running mean/variance/weight/bias

e Update Direction: Unsupervised shift-aware direction for adaptation

Update trainable parameters h,[’] — _Vw[,][{“ a(f( X we))
{]! =< | 5 Zb_ Zc ?}b.c 108 gb,(.‘)
Livds ) ; e h[l] - [I] (1]
pdate running statistics =W — Wwe

'w&] ¢ w[(] + n[l]hE]

e Module Update:  w!! « w!! + ol w) + we + (Aa) © hy,
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e Training Phase e Testing phase
Algorithm 1 ATP Training ATP-batch for test-time batch adaptation/
ServerTrain(wg, a% = 0) ATP-online for online test-time adaptation
1: Broadcast w¢ to all source clients
2: for communication round ¢{ = 1 to 7" do Algorithm 2 ATP Testing
3 S* + (random set of C source clients) ; ——
4:  for Source client S; € St in parallel do ClientTest(7;, wg, ) # Run on target client 7T;
5 o <— CllentTram(b, oy H 1: BT « (split X75 into K77 batches of size B)
6 aG = Zs-eSt a 22 hhlslor) +—0 # Cumulative moving average
o colomi @l 3: forbatch k = 1to K77 do g
4:  Estimate update direction h,”’ with unlabeled
ClientTrain(S;, ) # Run on source client S, XZ- accordino to Eq. @ and @

8: for localepoche =1to E do 5-  if TTBA then
9: BSi (split Di into K¢ batches of size B) 6: wZ-i —we + (Aa) G O h, 7;
i(l): for(g?f*h ’;’_ )1 S{‘I‘ tlh(:ob led batch in BS¢) 7: elseif OTTA then T

- Holth £ ; abeled batch 1n 5™ : : k—-1p . 1p’i
12: Estil;nate kupdate direction h®' with unla- 8: hh-l;:my § bt _t i

beled X f" according to Eq. (4) and 23 el A (AAa) = hhhmn T;

13 w’ — we + (Aa) © B 10:  Make prediction: Yk = F( X snps?)
14: o — o — 'I')Vaﬁ(_,vﬁ:(f(X‘js‘ ; wf’ 1 Yf‘)

I5: return o Communication Cost: 2TD — D + 2Td




I Experiments

RQ1: Can ATP handle different distribution shift?

Table 1: Accuracy (mean + s.d. %) on target clients
under various distribution shifts on CIFAR-10

Method Feature shift  Label shift ~ Hybrid shift  Avg. Rank
No adaptation 69.42 £+ 0.13 7298 4+ 0.24 63.68 £ 0.24 7.7
BN-Adapt 7352 £0.22 5454 £0.10 50.42 3 0.39 7.0
SHOT 71.76 £ 0.17 48.13 £ 0.18 44.68 4= 0.32 93
Tent 7176 £ 0.09 50.13 +0.21 46.05 4 0.26 8.3
T3A 69.53 £0.08 71.70 £ 0.32 62.17 £ 0.17 8.0
MEMO 7243 £0.22 77.30 £ 0.15 68.07 £+ 0.28 4.3
EM 65.18 £ 0.12 80.73 £ 0.18 69.85 4 0.43 5.0
BBSE 63.98 = 0.17 79.30 = 0.17 67.96 4 0.43 6.7
Surgical 69.85 £ 0.22 76.00 £ 0.17 66.94 4 0.43 6.3
ATP-batch 73.68 £ 0.10 79.90 £ 0.22 73.05 £ 0.35 23
ATP-online 74.06 + 0.18 81.96 £ 0.14 75.37 4 0.22 1.0

Table 2: Accuracy (mean + s.d. %) on target clients under hybrid shift on Digits-5 and PACS
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Method Digits-5 PACS
MNIST SVHN USPS SynthDigits MNIST-M An Cartoon Photo Sketch

Noadaptation 9547 4022 5228 + 145 89.62 £ 044 7975 £0.69 5562 4080 7157+ L.16 7471 £ 070 90.25 £ 0.75 74204+ 0.72
BN-Adapt 94.90 £ 029 5757 £ 053 8951 £039 7534 £ 048 5968 £ 044 7355 £ 051 7154 £ 055 9207 £ 026 7092 £ 0.53
SHOT 94.69 + 031 5791 +£0.23 8955 +0.69 7643 +034 60.19 +£0.69 6932+ 067 67.77 £ 040 8697 +0.60 5940 + 0.9]
Tent 95.48 + 029 60.67 + 049 9165 +0.61 7856 +£045 6249 4+073 T1.59+071 7103 +£097 B88.06 +£024 6315+ 1.10
T3A 94.63 £ 061 4990+ 1.10 8846 4+075 7547+ 1.14 5125+ 155 T2154+0.72 7502+ 078 9151 £062 70.14 £+ 1.21
MEMO 9592 4+ 0.19 52854109 8984 4044 B0O.I24+090 5548 £+ 1.13 7147 £ 1.29 7557 £ 098 90.65 + 090 76.30 + 0.65
EM 96.64 £+ 031 5721+ 165 92294032 B5.69+046 6208 £060 73964+ 185 78914092 92304092 R0.82 4+ 1.52
BBSE 9447 £ 058 57264+ 147 9134 4039 B554 4+ 046 6139 4+091 74334+ 178 78694 100 91824068 80154142
Surgical 9735 4+ 013 5093 +£201 9419 =040 86,06 044 6587 £ 078 T459+269 7748 £064 9234 £ 078 R0.90 £+ 3.42
ATP-batch 9781 +£027 62184+ 171 9541 4026 8791 +045 6998 + 196 82924096 79.64 +0.75 9540 4 041 8228 4 1.57
ATP-online 97.81 £+ 0.23 62.64 + 1.92 9556 4 0.23 88.33 4 0.47 70.78 £ 2.36 8351 +0.84 79.46 4+ 0.77 9552 £ 0.40 S2.80 + 1.69
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Table 5: ATP with different model architectures, accuracy (mean =+ s.d. %) on target clients

Shallow CNN on CIFAR-10

ResNet-50 on CIFAR-100

Method
Feature shift  Labelshift ~ Hybrid shift Avg. Rank Feature shift  Label shift ~ Hybrid shift Avg. Rank

No adaptation 64.39 £ 0.18 69.33 4 0.37 61.99 + 047 7.3 45.31 £ 0.30 51.63 £ 0.15 40.01 £ 0.17 7.3
BN-Adapt 66.46 + 0.22 5499 + 038 50.40 £ 043 7.0 47.75 £ 029 3485+ 0.26 3031+ 0.09 7.3
SHOT 65.60 £ 0.18 4998 4 029 4595 4+ 047 9.0 45.42 4+ 030 31.06 +£0.32 2744 +£0.14 9.3
Tent 65.61 & 0.24 50.12 £ 0.25 4591 £ 049 8.7 4591 £ 046 3134+ 0.11 27.93 £ 0.31 8.3
T3A 64.31 +£0.27 66.96 £+ 043 59.65 £ 0.58 8.3 45.31 4 030 5142+ 0.15 39.89 £ 0.20 1.7
MEMO 65.89 £ 0.31 7195 £0.25 64.17 £+ 047 33 48.42 4 0.14 55.194+0.28 4253 4+ 0.20 3.7
EM 61.74 £0.25 76.28 £ 0.29 67.54 £+ 041 50 43.00 £ 0.31 5934 £+ 0.15 44824 0.27 5.0
BBSE 56.92 £ 0.53 75.99 4 044 66.64 4 0.53 6.3 37.26 + 0.64 56.97 +0.20 40.09 + 0.51 7.0
Surgical 6445 £ 0.12 73.75 £ 042 65.67 £ 0.44 5.7 45.18 + 038 54.83 +£0.26 4250+ 0.33 6.7
ATP-batch 66.90 £+ 0.05 76.23 4+ 0.32 68.88 4 0.35 23 48.35 £+ 045 58.06 £ 0.53 46.82 £ 0.32 27
ATP-online 67.13 + 0.17 78.56 + 032 71.52 £ 0.51 1.0 49.08 4 0.26 61.86 + 0.25 49.51 -+ 0.23 1.0
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RQ2: Does ATP learn adaptation rates specific to distribution shift?
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Figure 4: Adaptation rates learned by ATP with different distribution shifts on CIFAR-10
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RQ2: Does ATP learn adaptation rates specific to distribution shift?
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Figure 5: Effect of cohort size and batch size

Table 7: Accuracy (%), ATP enhances different global models under hybrid shift on CIFAR-10

algorithm
-== No adaptation
mms ATP-batch

s ATP-online
— 3

160

Table 3: Train and test adaptation rates
with different distribution shifts, accu-
racy (mean =+ s.d. %)

Test
Train
Feature shift ~ Label shift Hybrid shift
No adaptation 6942 4 0.13 7298 +024 6368 +024
Feature shift  73.68 4 0.10 65.05 £ 182 60.64 4+ 143
Label shift 6799 + 028 7990 + 022 6950 + 052
Hybrid shifi =~ 72.69 + 0.14 7892 4034 73.05 + 035

Method FedAvg FedProx (= 0.01) ¢-FFL(¢g=1)
No adaptation  63.68 £ 0.24 63.77 025 63.87 +0.23
ATP-batch 73.05 = 0.35 72.95 + 0.33 73.15 = 0.21
ATP-online 1937 +022 1551 +0:19 75.79 = 0.15
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