i;‘ﬁfﬁl wfi = a 3
& 4 » — H ’—‘;’ L v
23 £ .5 ~ L

3 1ose> §

& il \J:““P NANJING UNIVERSITY OF AHIINAI 1K 5 AN AGTHIUNALITE &

_ UNLOCKINGTHE POTENTIAL OF MODEL I
CALIBRATION IN FEDERATED LEARNING A

Yun-Wei Chu', Dong-Jun Han®, Seyyedali Hosseinalipour®, Christopher G. Brinton'
"Purdue University, >Yonsei University, *University at Buffalo-SUNY
chul98@purdue.edu, djh@yonsei.ac.kr,

alipour@buffalo.edu, cgb@purdue. edu

ICLR 2025



A, o
- 2 é b Y a 3 ‘ &,
° o 0§ %T' /S—ﬁi‘d,%’ i ﬁlﬁ
i Al ': f‘i )
] Vl otivation pared
,-'l;'b:” ‘A‘ (S NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

» Most of works 1n FL consider accuracy as the main performance metric.
* Beyond accuracy, in various decision-making scenarios where an incorrect prediction
may result in high risk (e.g., medical applications or autonomous driving), it 1s also crucial
for the users to determine whether to rely on the FL. model’s prediction or not for each
decision.
» the trained FL model should have a reliable confidence in each of its predictions, meaning
that the confidence of the neural network matches well with its actual accuracy.
* In centralized settings, neural networks are often miscalibrated, indicating that the
prediction confidence of the model does not accurately reflect the probability of
correctness.
- even more important in many FL use-cases
- an overconfident global model could lead to misinformed decisions with potentially
severe consequences for each client




> g, o
o %.‘ é)— > ,L 3 ﬁi
L) G A MAKE

%/ §
,-f,' 'f“};‘v_ NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

I Motivation

* In centralized training settings, research generally follows two paths to address this
miscalibration 1ssue.

- train-time calibration methods: incorporate explicit regularizers during the training
process to adjust neural networks, scaling back over/under confident predictions

- post-hoc calibration: transforms the network’s output vector to align the confidence
of the predicted label with the actual likelihood of that label for the sample(applied to the
already trained model to improve calibration using an additional holdout dataset)

- impractical for FL
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Observat1on How can we unlock the potential of model calibration in FL while not sacrificing accuracy?

(a) Centralized Training

(b} Centralized Training

(c) Non-11D FL

(d) Non-111D FL
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(&) Non-11D» FL
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Figure 1: Reliability diagrams and calibration errors for centralized training and non-1ID FL (using FedAvg)
trained with various calibration methods on CIFAR- 100 dataset. Our method ensures well-calibrated FL, evi-
denced by a notably smaller calibration error and a smaller gap (red region) between confidence and accuracy.

* FL experiences more significant model miscalibration than centralized learning.
- This disparity is likely due to data heterogeneity across distributed FL clients, causing each client’s

local data to have a different impact on calibration performance.
* When applying auxiliary-based calibration methods(DCA/MDCA), a better ECE is achieved compared to

FL without calibration.
- Fig. 1(d) 1s still not well-calibrated by neglecting global calibration needs in heterogeneous FL settings,

resulting in overconfident predictions.
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I Method

Algorithm 1 General FL Framework

1: Input: global model w, local model w, for client m, local epochs E, and rounds 7'.
2: foreachroundt = 1,2, ..., T do
3:  Server sends w'™") to all clients.

for each client m € M do

-

5: Initialize local model w'y® +— w(*=Y

6: for eachepoche = 1,2, ..., E do

7 Each client performs local updates via: w'e'®) < ClientoPT(wi ™", Lim)

8 end for

9: wt™) denotes the result after performing E epochs of local updates.

10: Client sends :55,?' = w1 — 7':,,, E) to the server after local training.

11:  end for

12:  Server computes aggregate update 8 = Z'm,Eﬂrf JlTé’l"LET{:L

13:  Server updates global model w'* ¢+ ServeropT(w!'~",§") wt) = -1 _ §®)

14: end for
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* BRIDGING FEDERATED LEARNING AND MODEL CALIBRATION
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* 1) integrate the calibration loss with the FL loss
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auxiliary calibration loss : DCA

| N N * enhance calibration without
£ ool ({r:i} 1<i<Ns {ﬁi}liiiﬁ) =i = N Z c; — significantly impacting the primary
N i=1 1—1 classification loss, .
a Multi-class DCA (MDCA) :
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I Method

» 2) remaining challenge : Choosing an appropriate Bm tailored to each client m
* Direct application of auxiliary loss calibration methods without adapting to FL characteristics would

result in uniform calibration weights, such that Bl =2 = ... = fm.
- leads to local models being calibrated solely to their respective datasets Dm
- uniformly large weights potentially neglecting accuracy improvements from classification
- uniformly small weights biasing calibration toward local heterogeneity

- risks neglecting the broader global calibration needs necessary for optimal performance across the
entire global distribution.

* Non-uniform penalty desien(NUCFL) high
- a local model closely resembling the global model is likely |

low
similarity

to represent global characteristics well, suggesting that the . @ @ @ ’
penalty appropriately reflects the calibration needs of the bm 1 Pm. 4
global model arger  NUCFL . smaller

. calibration Lm=£+ Bt calibration
- a dissimilar/heterogeneous local model suggests a focus on penalty [ i m"eal ) " penalty

local objectives (e.g., to improve accuracy) at the expense of

global alignment Figure 2: Idea of proposed NUCFL.

Bm = Sim{(ﬁ‘“_l}j(j(i-fﬂ)? 55;}"ﬂ} = lt—1) — u_rE:i"ﬁ}

T



/_)_ 2 3 &,
&AL
NANJING UNIVERSITY OF AFHUNALITE S AN AL THONALITT S

I Experiments ECE = Y|_ %

I K Bi,
SCE = %2#12_;—1 ~ A —

Calibration FedAvg FedProx Scaffold FedDyn
Method Acct BCE]| SCE| | Acct ECE| SCE] [ Acct ECE|l SCE| | Acct ECE| SCEJ | At ECE| SCE]

6l 1052 a6l | 6188 937 358 | 6208 1142 382 | 6239 1253 384 | 6301 1145 338

60.59 12.88 374 62.07 11.45 379 61.39 1328 488 60.21 11.22 381 6l.15 13:21 4.71

5035 15861 628 | 6223 1437 614 | 6215 1169 405 | 6134 1519 658 | 6305 1603 659

6120 1132 380 | 6043 1015 361 | 6039 1092 3830 | 6217 13381 491 | 6044 1139 406

6000 1341 403 | 6011 1132 377 | 6103 1137 383 | 6135 1293 395 | 6128 1255 390

5871 1151 302 | 5028 1066 3Bl | 6049 134] 515 | 6094 1183 404 | 6049 1381 4288

5062 942 355 | 6039 1137 384 | 6138 1199 407 | 6230 1495 650 | 6293 1366 469

6124 T&9 324 [el93  B®74 340 | 6211 925 3535 | 6293 1007 375 | 6315  97Z] 35

6182 621 311 | 6238 815 335 | 6217 883 350 | 6281 929 354 | 6324 B85 sl

NUCFL {D£A+L.-f_ KA) 6205 614 307 | 6231 B 330 | 6225 841 345 | 6204 904 352 | 6327 852 3.43
NUCFL (DCA+RBF-CKA) 6159 619 311 | 6189 817 335 | 6194  BS52 345 | 6234 92 355 | 6317 801 3.30

MDCA g—léhbahguppe etal ?22‘5] 6103 771 329 | 6200 821 337 [ 233 9 351 | 6284 1024 372 [ 6339 1000 3T
6200 638 314 | 6193 794 329 | 6217 831 340 | 6291 933 356 | 6314 016 3.58
NUCFL (MDCA+L-CK A) 62,17 6235 EN Y 6203 788 325 (6222 BM 340 | 6288 919 353 | 6314 903 351
NUCFL (MDCA+RBF-CEA ) 6l.54 620 39 | 6179 802 329 | 6215 842 345 | 6265 924 355 | 6322 BS9 .47

Table 1: Accuracy (%), calibration measures ECE (%), and SCE (%) of various federated optimization meth-
ods with different calibration methods under non-IID scenario on the CIFAR-100 dataset. Values in boldface

Calibration FedAvg FedProx Scaffold FedDyn FedNova

Method Acct ECE] SCE) | Acct ECE] SCEL | Acct ECE| SCE| | Acct ECE| SCE| | Acct ECE| SCEJ

w9s 4107 166 | OI45  4al 195 [OI28 502 251 |27 3H 260 [ 9237 492 Z44

963 477 1.96 | 0000 539 277 | 9113 538 272 | 9115 584 201 | 9113 530 2.63

0107 375 1.62 | 9037 452 190 | 9133 518 264 | 0308 509 263 | 0204 495 2.46

91.48  5.19 265 | 9098 542 280 | 8872 419 1.81 91.39 537 262 | 9038 465 1.92

9022 485 230 | 9012 4.1 1.7% | 9144 5.07 255 | 9211 493 249 | 9135 508 2.49

9002 493 295 | 9039 499 204 | 9288 519 258 | M.17 56l 284 | 0122 523 2.63

962 427 1.99 | 9149 479 194 | 9287 539 260 | 9206 54 275 | %39 461 1.92

9184 361 157 [9203 435 161 | 9204 444 182 [ 9308 461 192 | 9237 431 i1

0 9177 352 149 | 9195 36l 135 | 9242 439 177 | 9322 420 LAS | 9225 413 168

NUCFL {Df_h+l_.=(_ KA) 9163 352 147 | 9210 360 130 | 9219 409 L60 | 9345 422 L65 | 9233 402 1.54
NLTLFL DCA-}-RBF-LK_A 9174 349 L40 | 9199 377 135 | 9174 415 162 | 9205 434 175 | 9241 411 1.68

MI'JE.'-{ [ OIed 30 [53 [ 9217 442 205 9295 461 190 | 9319 471 193 | 9205 462  L.ET

9129 3.6l 144 | 9195 395 177 | 93.07 4.14 1.62 | 92.88 441 180 | 9245 432 1.70

NUCFL {I\-‘I.DC&+L-CI¢A]I 9197 328 128 | 9220 388 151 | 9277 420 L80 | 9311 431 L75 | 9199 428 1.67
NUCFL (MDCA+RBF-CKA ) 9135 3356 140 | 9221 400 177 | 9304 419 179 | 9304 440 180 | 9239 417 1.67

Table 2: Average performance of each algorithm under non-IID scenario on the FEMNIST dataset. Complete
results with standard deviation are included in the Appendix.

utilize three similarity measurements—cosine similarity (COS), linear centered kernel alignment (L-CKA), and RBF-CKA
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I Experiments
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Figure 3: Reliability diagrams for non-1ID FedAvg with different calibration methods using the CIFAR-100
dataset. The lower ECE and smaller gap (red region) show the effectiveness of our method.
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Figure 4: Reliability diagrams for non-1ID FedAvg using the CIFAR-10 dataset.
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Calibration Method

Non-IID FedAvg
Acct ECE] SCEJ]

NUCFL (DCA+L-CKA)
NUCFL (MDCA+L-CKA)

62.05  6.14 3.07
62.17 6.25 3.11

Reversed NUCFL (DCA+L-CKA) 60.36 13.89 498
Reversed NUCFL (MDCA+L-CKA) || 61.77 16.11 6.87

Table 3: Destructive experiment for our method.

B, =sim(8",54)"

Calibration Method
Uneal.

FedCal QFﬂug etal 2024
NUCFL +L-CKA)

NUCFL (MDCA+RBF-CKA)

Non-IID FedAvg
Acct ECE| SCE|

|| 61.34 1052 361

6134  B.RO 349
6205 614 3.07
61.54 6.20 3.09

Table 4: Comparison with FedCal.
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» While using a scaler aggregated from local clients can reduce global ECE, it may neglects the interactions

between global and local calibration needs.
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I Experiments
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Figure 5: Comparison of confidence calibration across different FL settings using the CIFAR-100 dataset.
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: : FedSpeed (Sun et al.}[2023] || FedSAM (Qu et al. 2022 FedMR (Huet al.|2023] || FedCross (Hu et al.[{2022
Calibration Method |, + 1 ET || Acct ECET SCET || Acct ECET SCEJ || Acct E CET
UnCal. 65.10 15.33 7.11 6423 1395 6.92 64.95 13.18 6.70 65.30 15.81 7.19
FedCal 65.10 12.95 6.53 64.23 1208 648 | 6495 1285 649 | 6530 1439 698
NUCFL(DCA+L-CKA) || 65.17 11.15 5.92 64.52 1022 555 | 6495 1211 647 | 6533 1301 653

Table 25:

algorithm and improve calibration error.

Comparison using other FL optimization methods shows that our method can adapt to any FL

; y FedAvg CCVR FedLL.C
Calibration Method || , ..+ BCE| SCE| || Acct ECE] SCEJ || Acct ECE| SCE|
UnCal. 6134 1052 361 | 6301 1360 499 | 6273 1458 611
NUCFL(DCA+L-CKA) | 62.05 6.4 307 || 6305 928 353 || 6277 1098 3.79

Table 27: Calibration performance of FL algorithms incorporating “calibration.”
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