Mind the Gap: Confidence Discrepancy Can Guide Federated Semi-Supervised
Learning Across Pseudo-Mismatch

Supplementary Material

A. Pseudo-Code of SAGE

The pseudo-code of SAGE is shown in Algorithm 1.

Algorithm 1: Semi-supervised Aggregation for
Globally-Enhanced Ensemble (SAGE)

Input: Set of clients C; number of online clients in
each round M; number of communication
rounds 7; number of local training epochs
E; weak augmentation «(-); strong augmen-
tation .A(-); confidence threshold 7; learning
rate ~y; unsupervised loss weight p,,; dynamic
correction coefficient A(-); sensitivity hyper-
parameter

1 ServerExecutes:
2 Randomly initialize global model parameters 64;
3fort=0to7 —1do

4 Randomly select online clients Cy; C C;

5 foreach client C,,, € Cy; in parallel do

6 | 61,m < ClientUpdate(0,)

7 end

8 IDl =3¢, ccn Pl + D31

9 | Oy 157 Lenecn ((IDil +1D5]) - O1m):
10 end

11 return 03

12 ClientUpdate(6,,):
13 0 < 0g4;
14 fore =0to £ — 1do

15 foreach (x,y) € D*,u € D" do

16 Ls < Leep(ylx,y)):

17 P file(u));

s || e o)

19 Calculate § by CPG in Eq. (1);

20 if max(p;) > 7 then

21 AC = |max(p;) — max(py)|;
2 A < exp(—k - AC);

23 d; + one-hot(arg max(p;));
24 dg4 < one-hot(arg max(py));
25 Calculate ¢y by CDSC in Eq. (6);
26 end

z Ly KL(pi(A(w)) || j(w));

28 01 — 0[ — ’}/VQ(LS + Uy - Lu),

29 end

30 end

31 return 0;, D°, D

In the local training process of SAGE, standard super-
vised training is initially performed on labeled data (line 16)
to compute L. Next, CPG assigns initial pseudo-labels 3 us-
ing Eq. (1) (lines 16 to 19), thereby enhancing the utilization
of unlabeled data. Subsequently, the confidence discrepancy
AC between the local and global models is calculated, and
the pseudo-labels are dynamically refined by computing the
correction coefficient A (lines 20 to 25) using CDSC. Finally,
the KL divergence between the corrected pseudo-labels and
the strongly augmented predictions of the local model is
calculated as the unsupervised loss L,,. Upon completing
local training, clients upload the updated local models and
dataset sizes to the server for standard federated aggregation
(lines 4 to 9).

B. Additional Analysis of Preliminary Study

In Section 4.1, we identified an intriguing phenomenon: as
data heterogeneity increases, the confidence discrepancy be-
tween local and global models progressively grows. The pre-
dictions of the local model become more aggressive, whereas
those of the global model grow increasingly conservative, as
described in Observation | and 2. In this section, we perform
a more comprehensive observation and analysis of this phe-
nomenon. First, we provide additional observations in Ap-
pendix B.1. Next, in Appendix B.2, we derive the underlying
causes of this phenomenon and present a analytical process
centered on Remark 1 and 2. Finally, in Appendix B.3, we
design experiments to validate our analytical conclusions.

B.1. Additional Exploratory Experiments

To more comprehensively illustrate Observation 1 and 2, we
follow the experimental setup of Fig. 2(a) and adjust the
threshold values for displaying confidence distributions. As
shown in Fig. 9, we observe similar patterns as in Fig. 2(a) of
the main text: as data heterogeneity increases, the confidence
of the local model tends to fall into high-confidence regions,
while the global model shows the opposite trend.
Additionally, to expand on the comparison of pseudo-
label counts between local and global models in Fig. 2(b),
we conducted further experiments across different hetero-
geneity settings. As shown in Fig. 11, at varying levels of
heterogeneity, the local model consistently maintains a high
utilization rate of unlabeled data in the early training stages.

B.2. Analysis of Local-Global Discrepancies

In Section 4.1, we observed that as heterogeneity intensi-
fies, the pseudo-labeling tendencies of the local and global
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Figure 9. Pseudo-label distribution of local and global models
at different confidence distribution thresholds. Each subfigure
represents a different threshold level, and the line chart shows the
overall confidence distribution.
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Figure 10. Ablation of A on CIFAR-100.

models change in markedly different ways. These specific
phenomena are detailed in Observations | and 2. In this
section, we analyze the underlying reasons.

Local model. For the local model, we define the entropy
of the local unsupervised data distribution as H(Q"(y)),

x
©u

x10

=)
=)

o
o

o

o

Mol

~
~

Pseudo-Labeling Number
IS

Pseudo-Labeling Number
)

~——— Local Pseudo-Labeling
Global Pseudo-Labeling

~——— Local Pseudo-Labeling
Global Pseudo-Labeling

o
(=}

100 200 300 400 500 0 100 200 300 400 500
Communication Rounds Communication Rounds

@a=1. (b) a = 10.

Figure 11. The number of pseudo labels for local and global models
under the additional heterogeneity setting.

Table 5. Ablation studies on soft label.

Method Label a=0.1 a=0.5 a =
FixMatch-LPL Hard 49.32 49.67 49.55
Soft 31.96 33.17 32.61
FixMatch -GPL Hard 48.96 51.80 52.19
Soft 48.68 50.77 48.64
SAGE Hard 54.18 55.82 56.06
Soft 53.05 54.53 55.90

aiming to explore the relationship between the entropy of the
local data distribution H(Q"(y)) and the entropy of model
predictions H (p(y|x, D")). For p(y|D™), during local train-
ing, since N* > N?, as the local training time ¢ increases,
the local model adjusts p(y|D") based on the pseudo-labels
9! of the unlabeled sample u:

v- (p(ﬁf = ylz, D*) — p*) (y\D“>)

+p0WID"). (10)
As time t progresses, the prior distribution p(y|D*) grad-
ually couples with the true local unsupervised distribution
Q"“(y), this indicates a correlation between H (p(y|D")) and

H(Q"(y)). For p(y|z, D*), we expand it using Bayes’ the-
orem as follows:

p (D) =

p(zly, D") - p(y|D*)
p(x|Dv) ’

p(ylz, D") = (11

here, p(y|D™) denotes the prior distribution of classes,
p(z|y, D™) is the feature distribution, and p(z|D") is the

marginal distribution. The entropy H (p(y|z, D*)), when ex-
panded according to Bayes’ theorem, can be expressed as:

H(p(ylz,D")) = — Zp ylz, D") log p(y|z, D*)

:_Z< p(zly, xDu)(le“)>

. p(zly, D) - p(y|D")
og (M) o
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Figure 12. Changes in the pseudo-label confidence entropy of the global and local model as heterogeneity increases. Experiments show that
as heterogeneity increases, global pseudo-label entropy will gradually increase, while local pseudo-label entropy will gradually decrease.
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Figure 13. Additional ablation of CPG on CIFAR-100.

a=0.5. pseudo-labels with o« = 0.5.
—e— w/DCSC * K° === w/oDCSC
56 —
z > ———e. «
g ——e.
=]
355 ™~
<
o0
£
354
R
53
0 2 4 6 8 10 12 14 16 18
K

Figure 14. Ablation study on k.

Consider the term associated with the prior distribution
p(ulD"):

H(p(y|z,D")) = — Z p(l’|y7§;|)pf)(y|pu)

_ \— plzly, DY) - p(y|D)
zy: p(z|D)

log p(y|D*)

log p(x|y, D*),
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Figure 15. Additional convergence curves under different hetero-

geneities.

the first term represents the entropy of the model’s prior

distribution:

H(p(y|D"))

> p(y|D*)log p(yD").

(14)



The second term encapsulates a component that quantifies
the feature distribution:

KL(p(ely: ") Il palP")) = 2 ploiP") log N

(15)
Finally, the entropy of the predictive distribution
H(p(y|z, D*)) can be written as follows:

H(p(y|z,D")) = H(p(y|D"))

+ KL (p (z|y, D*) Hp(mﬂ)“)), (16)

Contribution of features

This indicates that H (p(y|x, D*)) can be decomposed
into the entropy of the prior distribution H (p(y|D")) and a
KL-divergence term contributed by the feature distribution.
Under the heterogeneous setting, the local model struggles
to establish robust feature discrimination across clients in
the early stages of training, limiting the influence of the fea-
ture distribution on the predictive distribution. This implies
that H(p(y|z, D*)) is mainly influenced by H (p(y|D")),
ie., H(p(y|lx,D*)) ~ H(p(y|D*)). Therefore, we con-
clude that H (p(y|z, D*)) is influenced by H (p(y|D*)) and
correlates with H(Q"(y)). As the degree of heterogene-
ity increases, H (Q"(y)) decreases, consequently affecting
H(p(y|z, D*)) and causing it to decrease accordingly.

Global model. The global model updates by aggregating
parameters from multiple local models, it aims to learn a
“compromise” global distribution that balances all client-side
local distributions. The global model’s confidence predic-
tions are not directly influenced by the local class distri-
bution of any specific client. However, As the degree of
non-IIDness increases, the differences between local class
distributions become more pronounced. The global model
cannot simultaneously satisfy the extreme requirements of
each local data distribution, so it makes high-confidence pre-
dictions only for samples with greater consistency across
clients:

POk, 09) % = D Pyl bim). (a7
| | m=1

As a result, the global model’s confidence predictions in-
creasingly focus on classes with higher consistency across
clients, demonstrating more conservative prediction behav-

ior.
B.3. Experimental Support for Analysis Results

To support the analytical conclusions in Appendix B.2 and
Remark 1 and 2 in Section 4.1, we conducted further ex-
ploratory experiments on CIFAR-100, analyzing how the
entropy of pseudo-label confidence for the local and global

models changes with heterogeneity. As shown in Fig. 12(a),
when data heterogeneity intensifies, the entropy of the global
model’s pseudo-label confidence tends to increase, indicat-
ing greater uncertainty. This causes the global model’s
pseudo-labeling strategy to become more conservative. Con-
versely, in Fig. 12(b), the entropy of the local model’s
pseudo-label confidence tends to decrease as data hetero-
geneity increases, especially in the early stages of training
when the local model has not yet developed robust feature dif-
ferentiation capabilities. This suggests that the local model’s
predictions become overly reliant on the local imbalanced
distribution, leading to overfitting and overly confident pre-
dictions.

C. Additional Ablation Study

In this section, we conduct further studies on the CPG and
CDSC modules of SAGE, building on the ablation experi-
ments in the main manuscript to demonstrate the effective-
ness of these components.

C.1. Corrected Soft Label or Direct Soft Label?

The corrected soft labels produced by SAGE can mitigate
the harmful effects of incorrect predictions. Additionally,
we investigate whether directly using the model’s predicted
soft labels could achieve a similar effect. As shown in Tab. 5,
directly using soft labels results in decreased performance,
even worse than directly using hard labels. This is because
directly using model predictions as soft labels suppresses all
classes except the predicted one, thereby failing to mitigate
the harm of incorrect pseudo-labels and potentially intro-
ducing extra noise. In contrast, the soft labels generated by
SAGE ensure that prediction signals from both models are
preserved, thereby enhancing their consensus.

C.2. Ablation Study on the correction coefficient A

We define the dynamic correction coefficient A to regulate
the contribution of local and global pseudo-labels. We con-
duct an in-depth study of A on CIFAR-100, as shown in
Fig. 10: (1) According to Fig. 10(a), X increases as hetero-
geneity intensifies, indicating that SAGE effectively detects
the increase in heterogeneity and subsequently relies more
on the global model. (2) According to Fig. 10(b), A for lo-
cal minority classes is smaller than that for local majority
classes, suggesting that local minority classes tend to rely
more on the predictions of the global model. (3) As training
progresses, A increases, and the gap between majority and
minority narrows, suggesting an increase in the consensus
between the models, consistent with the conclusion in Fig. 8.

C.3. Additional Ablation Study on CPG

In Fig. 7 of Section 5.5, we conducted the effectiveness anal-
ysis of CPG under the setting of & = 0.1, confirming that
CPG can significantly improve the quantity and quality of



Table 6. Comparison of convergence rates between SAGE and other baseline methods with o = 0.1.

Acc. 30% 40% 45% 50%

Method Round | Speedup! Round] Speedupt Round| Speedupt Round] Speedupt
FixMatch-LPL 119 x1.00 242 x1.00 360 x1.00 562 x1.00
FixMatch-GPL 114 x1.04 226 x1.07 322 x1.12 524 x1.07

FedLabel 94 x1.27 175 x1.38 259 x1.39 429 x1.31
FedDB 103 x1.16 206 x1.17 321 x1.12 None None
FedDure 114 x1.04 234 x1.03 341 x1.06 542 x1.04
SAGE 60 x1.98 124 x1.95 174 x2.07 267 x2.10

Table 7. Comparison of convergence rates between SAGE and other baseline methods with o = 0.5.

Acc. 30% 40% 45% 50%

Method Round | Speedupt Round] Speedupt Round] Speedupt Round| Speedupt
FixMatch-LPL 121 x1.00 221 % 1.00 334 x1.00 546 % 1.00
FixMatch-GPL 113 x1.07 210 x1.05 274 x1.22 419 x1.30

FedLabel 33 x1.46 160 x1.38 222 x1.50 366 x1.49
FedDB 94 x1.29 205 x1.08 282 x1.18 492 x1.11
FedDure 110 x1.10 222 % 1.00 315 x1.06 552 x0.99
SAGE 55 x2.20 105 x2.10 159 x2.10 241 x2.27

pseudo-labels. In this section, we conducted additional ex-
periments under different heterogeneity settings to verify the
robustness of CPG. As shown in Fig. 13, under the settings
of a = {0.5,1}, CPG is still able to generate high-accuracy
pseudo-labels in the early stages of training, supplementing
the local model’s pseudo-label predictions for local minority
classes and further enhancing the utilization of unlabeled
data.

C.4. Ablation Study on the Sensitivity Coefficient «

In the implementation of CDSC, « in Eq. (3) adjusts the sen-
sitivity of the correction coefficient A(u) to the confidence
discrepancy AC(u). On CIFAR-100, we divided clients
with = 1 and varied « in increments of 2 to study the
robustness of SAGE with respect to . The results shown in
Fig. 14 indicate that CDSC remains effective regardless of
the value of k. As k increases, SAGE performance stabilizes,
indicating low sensitivity to the hyperparameter «.

In our experimental setup, we chose the value of « heuris-
tically: we referenced the confidence interval of pseudo-
labels in FixMatch, I, = [0.95, 1], aiming for A(-) to allo-
cate equal weight to the local and global models when the
confidence discrepancy reaches the interval length |I| =
0.05. Thus,

exp(—k* - |I;]) = 0.5. (18)

Solving this equation, we find k* ~ 13.86. In our experi-
mental setups, «* yielded the best results.

D. Additional Comparison with Baselines

To demonstrate the effectiveness of SAGE, we present a com-
parison between SAGE and baseline methods with a 10%
labeling ratio in Section 4 of the main manuscript. In this
supplementary material, we further illustrate the robustness
of SAGE with less or more labeled data by comparing SAGE
with baseline methods at 20% labeling ratio. Additionally,
to verify that SAGE consistently improves convergence rate,
we compare the convergence of SAGE and baseline methods
under varying degrees of heterogeneity.

D.1. Convergence Rate

In Section 5.3 of the main manuscript, we conducted exper-
iments under the o = 1 setting, where the SAGE method
significantly improved model convergence speed and test
accuracy on the CIFAR-100 dataset. Here, we provide a
detailed comparison of SAGE and baseline performance un-
der different heterogeneity settings. As shown in Fig. 15,
Tab. 6 and Tab. 7, SAGE still achieves substantial accel-
eration in early convergence speed under the settings of
a={0.1,0.5}.

D.2. Labeling Ratio

Tab. 8 present SAGE performance compared to baseline
methods at 20% labeling ratios, respectively. SAGE consis-
tently achieves the best performance across different labeling
ratios.



Table 8. Experimental results on CIFAR-10, CIFAR-100, SVHN and CINIC-10 under 20% label. Bold text indicates the best result, while
underlined text indicates the second-best result. The last row presents the improvement of SAGE over existing methods.

Methods CIFAR-10 CIFAR-100 SVHN CINIC-10
a=01 «a=05 al a=01 a=0.5 al a=01 a=0.5 al a=01 a=0.>5 al
SL methods
FedAvg 8637  87.06 8797 4572 4657 4755 8837  89.05 89.97 6624 6829 6921
FedProx 8678  88.11 8844 4596 4733 4789 8799 8856 91.10 6553 6957 6991
FedAvg-SL 9046 9124 9132 6798  68.83 69.10 9411 9441 9440 77.82 8042  81.29
SSL methods
FixMatch-LPL 8722 89.61 8923 56.80  57.35 5759 93.66 9411 9421 7251  75.14  76.03
FixMatch-GPL 8855  89.69  89.83  57.02  57.85 5785 93.89 9412 9417 7614 77135 71.82
FedProx+FixMatch ~ 87.47  89.46  89.56 57.44 5791 5787 9360 9393 9405 7236 7515 76.06
FedAvg+FlexMatch 7636 78.66 7876 5824 5844 5879 5694 5858 6219 7332 7575 7595
FSSL methods
FedMatch 8244  84.13 8521 4507 4729 4840 9301 9358 9376 6694  68.60 72.34
FedLabel 8737  88.86 8893  58.63 5898 59.23 9344 9438 9459  60.13 6730 7222
FedLoke 8457 8526 8698 5387  53.67 5456 9326 9345 9357 7063 7161 7178
FedDure 88.56  89.63  89.95 56.14 5723 57.89 9381 9442 9437 7621 7113 7175
FedDB 8519 8636  86.65 5281  54.62 5548 9322 9350 9427 7418 7500  75.65
SAGE (ours) 3987 9053 90.54  60.86 6149 6201 9431 9456 9468 7751 7823 7877
1131 1084 1059 1223 1251 1278 1042 1014 1009 1130 1088 1095
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Figure 16. Distribution of labeled and unlabeled data across clients under different heterogeneity levels, using CIFAR-10 with 10% labeling
as an example. The size of each bubble represents the count of data points of class y on client k.

E. Class Distribution Mismatch

In this work, our experiments follow the Class Distribution
Mismatch setting, where both labeled and unlabeled data
within each client adhere to different heterogeneous distri-
butions. Using CIFAR-10 as an example, Fig. 16 shows the
visualized data distribution across 20 clients.
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