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F Background: Federated Learning ool

Algorithm 1 FederatedAveraging. The K clients are
indexed by k; B is the local minibatch size, £ is the number
of local epochs, and 7) is the learning rate.

Server executes:
initialize wy
foreachroundt =1,2,... do
m + max(C - K, 1)
S; + (random set of m clients)
for each client £ € S; in parallel do
wy, ; + ClientUpdate(k, w)

my ZkGSz Nk

% Aggregate

Download
peoidn

(" Local training \ (" Local training \ (" Local training \ Wit Zkest %”;wfﬂ /I Erratum®
?%g % ClientUpdate(k, w): // Run on client k
- B + (split P, into batches of size B)
for each local epoch ¢ from 1 to £ do
for batch b € B do
Clients w — w — Ve (w;b)

return w to server

Goal: enable collaborative modeling while
ensuring data privacy
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Goal: query less for more.
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1 Data heterogeneity:

a Oracle %
Query : * The active selection algorithm has to
trat o . . .

: S’erelgz B o ensure inter-class diversity from both
apeie

. local and global perspectives.

0 Two available query-selecting models:
* A global model, which is globally
optimized through the FL pipeline.
* Alocal-only model, which can be
separately trained only for each client.

Download
peojdn

- e e e e e e

Active querying Active querying Active querying a: local heterogenelty level
Clients p: global imbalance ratio




3 Searnicy| G
F Observation e 5Q

CIFAR-10 o« € {0.1,1.0,00} p € {1,5,10,20}  Entropy  Four seeds {1, 2, 3, 4}

\ J
|

aﬂr — {ar,l, cees (1,»,«,4}

Definition 1. [36] Let a'. and al. be the set of accuracies
for two different FAL strategies 1 and j. Then, t-score at AL
round r is formulated as:

A Aus I - Here, the strategy 7 is considered to beat the strategy j if
tz] — / 7 where 1) Z (az o a] ) o gy gy
T g B =g - rlo Tl t:7 > 2.776. Therefore, the winning rate for all AL rounds

(5) is formulated as follows:

i j ij il
— gt V—isd ). T 1
Z ((a"vl @nt) = ) win® = Z E]lt;'j >2.776" (6)

=1

Wl =

r=1

The value of winning rate becomes 1 if the strategy 7 beats
the strategy 7 over all AL rounds.
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1. The superiority of local-only and global query-selecting models varies according to
the degree of local heterogeneity and global imbalance ratio.

y [ I e ................................. (d) 2. AS |Oca| heterogenelty Increases (a \l/)’

O a local-only query selector is preferred
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Imbalance Ratio (p)




# of Instances Test Accuracy # of Instances Test Accuracy
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(a) Low global imbalance (p = 1) and high heterogeneity (o = 0.1). (b) Low global imbalance (p = 1) and low heterogeneity (o = o0).
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(c) High global imbalance (p = 20) and high heterogeneity (o« = 0.1). (d) High global imbalance (p = 20) and low heterogeneity (o = o0). ’
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0 Aslocal heterogeneity increases (a /), a local-only query selector is preferred due
to the increased significance of local inter-class diversity.

Obs. 2: Local EMD (/)
Case Model ;15 o O USRS ST S ——————————; S———
10% 20% 30%  40% T 0@
(a) G 0.632 0.638 0.641 0.643 E} 05_ .......... ............................... OA ..........
L |0632 0597 0592 0595 £ | ® 3 A "~ (©)
b | G |0049 0077 0070 0084 3 i . 0 T
L |0049 0042 0.054 0059 = g5l B i T e
© G |0.692 0680 0.676 0.674 m A a=10
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O As the degree of global class imbalance increases (p 1‘), it is more advantageous to
exploit a global model that alleviates the global class imbalance.

Obs. 3: Global EMD ()

Case Model
10% 20% 30% 40%
(a) G 0.019 0.064 0.086 0.095
L 0.019 0.050 0.050 0.046
®) G 0.014 0.070 0.066 0.063
L 0.014 0.025 0.044 0.053
© G 0.377 0.300 0.294 0.294
L 0377 0334 0326 0.321
) G 0.368 0.294 0.282 0.272
L 0.368 0.309 0.287 0.288
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Algorithm 1 FAL framework with LoGo algorithm

Input: initialized parameter ©; unlabeled data U ; sampling strategy .A; labeling budget B; clients number K ; AL round R;
Output: trained parameter O

# Alternating AL and FL Procedure
I: fork=1,..., K do
2:  Randomly sample L} = {z1,...,zp} from U}, and U? = U} \ L}
3:  Get the labeled set D; from the oracles
4: end for
5: O =Fedavg (O, D', K)

forr=2,...,Rdo
fork=1,..., Kdo
DL, Ul =xece(@ 1%, DL-1,UD)
9:  end for
10: O™ =FedAvg(©, D", K)
11: end for

o
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Function LoGo:

1: # Macro Step r __ 0 ¢ T gl

— :I:q . @ A =2 ]]. 1] — — .
2: Train a local-only model @f:*_l) from the scratch only using D;‘l Je oW, ce(@:; Ok ( [g=] Pe);
3: For each z € Uy, calculate the gradient embedding g;; by Eq. (7) Ao

= argmax,.
4: Cluster U}, into B clusters(Cy, ...,Cg) by Eq. (8) Y & c€[C] Pe
# Micro Step
k=0

forC; =Ci,y....Codo
+ = Ly U {A(G;, 8"V, 1)}
D =D U DE and UTY =UF \ L
10: end for
11: return Dy, U;*!

¥ 90 QY A

Function FedAvg:

1: for F'L round do

2:  Distribute © to the all client

3 for k=1;...,K'do
4 Train ©« on D} by minimizing Epr [{(z, y; Ok)]
5:  end for

6: 0O = (Zk Ok)/K
7: end for

8: return ©
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Figure 4. Winning percentage across six categories. We also added defeat percentage, the black hatched bar that represents the percentage
at which LoGo has been defeated by each baseline. Among total experiments, only statistically reliable values (t-score > 2.776) are
considered. Thus, the lower value of the colored bar and the higher value of the black bar indicate a more comparable baseline.

R
win'd = 37 Lt
e R 137 2.776
r=1
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Figure 5. Pairwise penalty matrix over 38 experimental settings.
The value P;; indicates the number of times that the i-th strategy
outperforms the j-th strategy (i.e., sum of win* in Eq.(6) over
38 settings). The last row is the average number of times the j-th
strategy is defeated by the rest strategies; the lower, the better.




, Experiments

HIRERAAS] @

CIFAR-10 SVHN PathMNIST DermaMNIST

Method Model
20% 40% 60% 80% | 20% 30% 40% 50% | 20% 30% 40% 50% | 20% 30% 40% 50%
Random - 64.19 69.07 71.63 72.81 | 8090 83.07 84.22 84.77 | 68.41 7270 73.76 75.49 | 71.70 72.57 72.66 72.86
Biiteoisy [41] G 64.02 69.12 71.87 73.33 | 82.08 84.61 85.88 86.31 | 71.54 7439 7591 76.65 | 7249 72.63 73.02 73.20
i 66.29 7145 73.51 74.02 | 82.09 84.58 85.69 86.18 | 76.52 78.29 78.71 79.10 | 71.38 72.04 72.22 72.65
Coreset [37] G 64.66 6943 71.75 73.1 | 8094 82.74 83.81 8446 | 74.84 7624 76.85 76.80 | 72.02 72.16 72.34 72.74
L 64.06 68.79 7149 73.28 | 8094 8292 83.78 84.48 | 72.53 76.06 76.28 76.86 | 71.13 7148 72.15 72.38
BADGE [¢] G 65.12 69.57 72.11 7353 | 82.81 84.82 85.890 86.2 | 72.21 7438 7553 76.97 | 72.59 73.09 73.23 7345
L 66.32 71.28 7341 74.28 | 82.69 84.67 8561 86.1 | 7648 7851 7842 78.68 | 71.35 72.13 72.25 72.99
GCNAL [£] G 6540 70.05 7241 7342 | 82.05 84.07 85.09 85.61 | 75.51 77.79 78.13 78.81 | 72.01 72.60 73.07 73.17
E 65.62 70.18 7236 7342 | 8192 83.58 84.55 85.10| 7485 7646 77.18 7745|7195 7291 7291 73.29
ALFA-Mix [34] G 6545 6987 7224 7329 | 83.02 8499 86.05 86.33 | 73.34 7483 7631 7743|7239 73.14 73.27 73.10
L 64.14 68.79 71.03 72.6 | 81.08 8255 83.62 84.33 | 71.10 75.01 75.81 76.70 | 71.51 72.18 7294 73.28
LoGo (ours) G,L | 6650 71.70 73.80 7449 | 83.46 8531 86.02 8638 | 76.32 78.72 79.51 79.58 | 72.61 73.18 73.33 73.77

Table 3. Comparison of test accuracy on four benchmarks with o = 0.1. We reported the results with four random seeds. The baselines,
except for Random sampling, are combined with two query selector models, G and L that stands for a global or local-only model,
respectively. Bold and underline mean Top-1 and Top-2, respectively.
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CIFAR-10 SVHN
Method Strategy

20% 40% 60% 80% | 20% 30%  40%
o ewe | +ENUOPY | 6453 7036 73.02 7428 | 8181 84.64 8587
e +BADGE | 6555 7031 72.83 73.97 | 82.77 8476 85.90
k| FENUOPY [ 6590 7092 7334 7420 | 8215 8438 85.64
‘ +BADGE | 6621 7098 73.15 74.01 | 83.02 85.05 85.86
| | +Entropy | 65.10 70.75 7321 7423 | 82.53 85.05 86.01
Fine-tuning il
+BADGE | 6582 7095 7294 74.12 | 82.59 84.89 85.82
LoGo (ours) i 6650 71.70 73.80 74.49 | 83.46 8531 86.02

Table 4. Comparison of test accuracy on two benchmarks (a=0.1)
with baselines using both global and local information.
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- (d) Here, the strategy i is considered to beat the strategy j if
5 O t% > 2.776. Therefore, the winning rate for all AL rounds
E} 0 S_O ............................. OA ......... IS formulated as fOllOWS:
= : :
= (b) : A - (c) R
- 0 © A = . ij 1
E,;: I:I L W = Z Entjﬂ>2.776' (6)
= A - : r=I1
2 05 s T ——
(A) g _ 10 The value of winning rate becomes 1 if the strategy 7 beats
IR s e Da-01|| the strategy j overall AL rounds.
1 5 10 20

Seed1 (80%)

BT e Global:
-' { , 3: 1402, 4: 1004, 5: 816, 6: 549,

. 7: 325, 8:300,9: 178} 7326 3771 803

g Local:

5 { ,3:1329, 4: 1009, 5: 694, 6: 498,
7:381,8:292,9: 195} 7502 3530 868

B 3 H ‘ ) o B YR Seed1 (50%): 3870 2386 544 vs 4178 1989 633

Round / Epoch
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T S S ST o= X P e’ cdoreed e
. (d) k1 {48 & 7 4 B 2 ERSASI0 106 155 26 03 12
O k2 147 0 5 65 5 5 314131 27 74 33 06 1
° 0 — R O ......... & }E @ B s S o s B s 53 08 6
= : O ka {47 14 4 4 6 4 249288230350 01 06 29 98
= (b) A A - (c) !
; 0 T : = — k5 9l 3 5 2 o 9454 60 12281 22 85 74
;)C I:I k61 8 7 4 0 O 25 1 51 48 0 0O
§ A : 5 k7 12 8 3 4 3 262438 42 214 04 0 94 07
Ny o O ................................. ................ 20:200 il o i lal s o i
. (a) : a= 1 k9 9 7 2 3 3 5814335 112 37 00 08 29
A O =snaw [:1 ................................. ................ 0 a=.0-1 » k10 0 8 4 8 & 388100 25 128 09 36
i 5 10 20 G @ u 2z 7.
Imbalance Ratio (p) (d) High global imbalance (p = 20) and low heterogeneity (o = 00)
Seed1 (80%) Seed1 (50%)
Global: Global:
{0: 3180, 1: 1942, 2: 1941, 3: 1516, 4: 1090, 5: 798, 6: 552, {0: 1464, 1: 889, 2: 1163, 3: 980, 4: 740, 5: 555, 6: 357, 7: 263,
Local: Local:
{0: 2880, 1: 2018, 2: 2076, 3: 1531, 4: 1147, 5: 805, 6: 567, {0: 1479, 1: 1024, 2: 1180, 3: 959, 4: 745, 5: 452, 6: 403, 7: 327,

7:422, 8: 266, 9: 188}
Seedl

Global:

Local:

8:113,9: 118}
(25%)
{0: 498, 1: 310, 2: 441, 3: 405, 4: 319, 5: 202, 6: 140, 7: 93, 8: 79, 9: 63
{0: 480, 1: 437, 2: 399, 3: 354, 4: 272, 5: 157, 6: 185, 7: 166, 8: 49, 9: 51

—_—
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Local
Global LoGo
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global mean probs = global mean_probs.numpy()
local mean probs = local mean_probs.numpy()

idx = np.fromiter(count_label.keys(), dtype=int)
global_mean_probs = global_mean_probs[idx]
local mean probs = local mean_ probs[idx]

1123.74
1120.86
1118.44
1124.82

1197.12
1196.92
1198.26
1199.98

distance = (np.abs{global mean probs - local mean_probs)/np.maximum(global mean_ probs, local mean probs)).mean()

global ratio = global mean_probs.min() / global mean_probs.max()

900.33
896.55
907.04
910.67

954.07
962.88
970.88
978.81

S
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