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Abstract

Federated learning (FL) has emerged as a dis-
tributed machine learning paradigm due to its
privacy-preserving advantages. Most FL studies
assume offline labeled datasets are available at
clients. In practice, however, client data often ar-
rive without labels in a streaming manner, mak-
ing label acquisition a crucial problem. Existing
solutions typically rely on human experts or artifi-
cial intelligence (AI) models for annotation. Nev-
ertheless, due to the subjectivity among human ex-
perts and the inherent limitations of Al models,
the labels they provide are often unreliable. In
this work, we propose CoFL, a novel consensus
driven human-AlI collaborative FLL method, which
utilizes the complementarity between humans and
Al models to produce more reliable labels. More-
over, CoFL leverages cross-client consensus among
human experts to further enhance the collabora-
tion process. Experiments on three datasets demon-
strate that CoFL consistently outperforms baseline
methods under various settings. The code is avail-
able at https://github.com/huaiguang233/CoFL.

1 Introduction

Federated Learning (FL) enables multiple clients to collabo-
ratively train a global model without sharing raw data [Wang
et al., 2025a; Wen et al., 2023]. Due to its privacy preserving
property, FL has attracted widespread attention across vari-
ous domains, including healthcare [Wu et al., 2022], finance
[Zhao et al., 2023], and recommender systems [Wang et al.,
2025b]. Despite the success of FL, most methods assume a
labeled dataset is available at each client [Tang and Yu, 2025;
Shao er al., 2024]. In practice, data often arrive at clients in
an unlabeled streaming fashion [Sun et al., 2025; Yu et al.,
2021]. For example, hospitals constantly accumulate raw di-
agnostic data that often lack labels. The absence of labels
prevents local training and hinders the deployment of FL.
Recent efforts that focus on this issue roughly fall into
Federated Semi-Supervised Learning (FSSL) and Federated
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Figure 1: Workflow of proposed CoFL.

Active Learning (FAL). Specifically, FSSL integrates semi-
supervised learning to generate pseudo-labels [Diao et al.,
2022; Lee et al., 2024], while FAL queries local human ex-
pert to annotate informative subsets of local unlabeled data at
each client [Chen et al., 2024; Sun et al., 2025].

Despite their promise, the practical adoption of the above
solutions remains challenging. FSSL often struggles with the
inaccurate pseudo-labels generated by global or local mod-
els [Zhao et al., 2025a]. Meanwhile, most FAL methods as-
sume human experts are oracle annotators and overlook an-
notation inconsistencies caused by the subjectivity of experts.
Such subjectivity leads to differences in experts’ capability,
i.e., their accuracy in annotating a specific class. This limita-
tion is particularly severe in FL. where experts are distributed
across different clients and may have different educational
backgrounds and preferences. Overall, labels from Al models
and human experts are often unreliable.

Recent studies on human-Al complementarity [Vaccaro et
al., 2024; Steyvers et al., 2022; Zoller et al., 2025] demon-
strate that human-Al hybrid systems can outperform either
humans or Al models alone. These findings motivate a po-
tential solution: leveraging human-Al collaboration to gen-
erate more reliable labels. Specifically, we consider a new
FL method where each client pairs a human expert with the
global or local model to collaboratively label incoming data,
as illustrated in Fig. 1.

Nevertheless, implementing the aforementioned potential
solution still presents several challenges. (1) How fo achieve
effective human-Al collaboration? Most existing human-
Al collaboration approaches assume that the AI model is
well trained [Kerrigan et al., 2021; Zhang et al., 2024]. In
contrast, in the early stages of FL, limited available data
leads to insufficiently trained models. (2) How to identify
samples for querying human experts? Constrained by lim-
ited time and budget, it is more practical to query only a
subset of unlabeled data for human annotations. Although
sample querying strategies have been widely studied in the
field of FAL, existing FAL methods [Kim er al., 2023;
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Sun et al., 2025] cannot be directly applied because they ig-
nore expert subjectivity. To address the above challenges, our
idea is to leverage consensus among human experts to guide
human-AlI collaboration and sample querying. Formally, we
define consensus as the majority-vote label among all human
experts for the same sample. Existing studies [Raykar et al.,
2010] have shown that consensus among experts is more ro-
bust and closer to the ground truth label, which can be used to
stabilize human-AlI collaboration and improve sample query-
ing by calibrating experts’ subjectivity. To observe consen-
sus across experts, existing methods assume that each sam-
ple is annotated by multiple experts [Showalter et al., 2024,
Kelly er al., 2025]. This assumption, however, does not hold
in privacy-preserving FL settings, where each client only has
access to annotations from its local expert. Consequently,
how to estimate cross-client human expert consensus under
privacy constraints remains a critical challenge.

In this paper, we propose CoFL (Consensus-driven
Human-AI Collaborative Federated Learning), a novel FL
method that establishes a collaboration mechanism between
human experts and Al models for reliable label generation
under streaming unlabeled data. To tackle the aforemen-
tioned challenges, the key idea of CoFL is to learn knowl-
edge from the historical annotations of human experts and
aggregate such knowledge at the server to form cross-client
consensus, which guides both human-AlI collaboration and
sample querying. Specifically, CoFL employs an Evidential
Deep Learning (EDL) model [Sensoy et al., 2018] on each
client to learn the labeling behavior of experts influenced by
subjectivity and aggregates the EDL models at the server into
a consensus estimator. Moreover, CoFL calibrates the EDL
outputs with the Expectation-Maximization (EM) algorithm,
enabling the consensus to guide collaboration and sample
querying more effectively.

Our main contributions can be summarized as follows:

* We propose a novel human-AlI collaborative FL. method
CoFL, which utilizes the collaboration between human
experts and models to generate reliable labels.

We introduce a privacy-preserving consensus estimation
method that constructs cross-client human expert con-
sensus without sharing raw data or annotations. Mean-
while, we further introduce a calibration mechanism
based on the EM algorithm, which enables the estimated
consensus to better improve the effectiveness of human-
Al collaboration.

Experimental results demonstrate that, compared with
five baseline methods, CoFL generates more reliable
labels and significantly improves the performance of
global model on three datasets.

2 Related Work

2.1 Federated Learning with Unlabeled Data

Existing FL. methods with unlabeled data can be broadly cat-
egorized into two classes: FSSL and FAL. FSSL leverages
global or local models to generate pseudo-labels for self-
training [Jiang er al., 2024; Diao et al., 2022]. For exam-
ple, SAGE [Liu er al., 2025] leverages the confidence dis-

crepancy between the local model and the global model to
assess the reliability of pseudo-labels and accordingly cor-
rect them. In contrast, FAL incorporates active learning
into FL and queries human experts for the most informative
samples under a limited labeling budget [Cao ef al., 2023;
Chen et al., 2024]. For example, LoGo [Kim et al., 2023]
proposes a two-stage sampling strategy, in which local mod-
els are first used to cluster local samples, and then the global
model is employed to identify the samples with highest uncer-
tainty within each cluster. In this way, LoGo achieves robust
and efficient sample querying.

The work most relevant to ours is [Sun et al., 2025], which
formulates the sample querying problem as a partially observ-
able Markov decision process and solves it with multi-agent
reinforcement learning. Compared to [Sun et al., 2025], we
consider a more realistic scenario in which the human experts
are subjective and may provide inconsistent annotations.

2.2 Human-AlI Collaboration

Although AI has made great breakthroughs in recent years,
it is widely acknowledged that AI models still exhibit in-
herent weaknesses [Geirhos et al., 2020]. In contrast, hu-
mans retain unique advantages in perception and reason-
ing [Yax et al., 2024]. Thus, human-Al collaboration has
emerged as a promising paradigm for addressing complex
problems. Existing human-Al collaboration methods can be
broadly categorized into two paradigms [Zhang et al., 2024;
Zhao et al., 2025b]: Learning to Complement (L2C) and
Learning to Defer (L2D). L2C focuses on fusing human
and Al outputs to produce superior results. For example,
[Steyvers et al., 2022] proposed a Bayesian fusion frame-
work that integrates human and AI predictions. [Kerrigan
et al., 2021] incorporates confusion matrices and calibration
mechanisms for both humans and models, enabling effective
human-AI collaboration. L2D aims to improve human-Al
collaboration performance by assigning tasks to either the Al
model or human expert. For instance, [Madras et al., 2018]
models the Al and the human expert as a two-stage collabo-
rative decision framework, in which the Al not only needs to
learn how to predict the class of the sample, but also needs to
learn whether to defer the sample to the human expert. Fur-
thermore, [Zhang et al., 2024] extends the L2D framework
to multi-expert settings by jointly learning when to defer and
how many experts to involve.

3 System Overview

3.1 System Setting

We consider an FL system consisting of a central server and
K clients that collaboratively train a global model ¢, € R?
for a C-class classification task. We model the entire FL
process as 1" discrete time steps. At each time step ¢ €
{1,2,...,T}, each client k € [K] receives a newly arrived
unlabeled dataset D,i, where each sample x € Di is drawn
from a distribution P,. We assume | J ke[K] Py, = Py1, while
Py, # Pyiop for all k € [K], reflecting the non-independent
and identically distributed (Non-IID) nature of data across
clients[Li et al., 2022]. After generating labels for the newly
arrived samples, clients participate in B FL communication
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rounds at the current time step to collaboratively train the
global model.

Human Experts and Sample Querying. We assume that
each client is associated with a human expert, denoted by hy.
At time step ¢, the client k selects a subset of samples ch C
D} to query its associated expert hy, for annotations and the
query strategy is denoted by . Due to constraints on time
and budget, the query budget is limited by |Q%| < nj. For
any sample x € Q! the expert hj provides an annotation
hi(x) € {1,...,C}. The human annotation set is denoted as
U = {(z, hi(x)) | z € QL}. ¢ will be detailed in Sec. 4.2.

Consensus. For a given sample =, we define the consen-
sus as the majority class determined by aggregating expert-
provided labels across all clients. Specifically, suppose that =
could be annotated by the expert associated with each client.
We treat each annotation as a vote and define the vote count
histogram as H(z) = Y1 | one-hot (hy(z)) € N, where
one-hot(-) denotes the one-hot encoding. The consensus is
then given by y*(z) := arg max.cc] He(z). To probabilisti-
cally characterize expert consensus, we model the latent con-
sensus distribution with a Dirichlet distribution and the ag-
gregated expert votes with a Multinomial distribution condi-
tioned on it. Formally, we state the following assumption:

Assumption 1. For any sample x, there exists a latent human
consensus distribution 7(x) € A~ such that

7(x) ~ Dirichlet(a*(z)),
H(x) ~ Multinomial(K, (x)),

where a*(x) € Rg denotes the unknown Dirichlet concen-
tration parameter.

Since each client’s local data cannot be exposed to experts
from other clients, directly observing the consensus is not fea-
sible. We introduce a consensus estimator g(x; w) that esti-
mates the consensus for arbitrary samples = under privacy
constraints and will be detailed in Sec. 4.1.

6]

Consensus-enhanced Human-AI Collaboration. At time
step ¢, each client performs label generation for its newly
arrived data D by leveraging three sources: (1) the global
model performs inference! on all samples # € D}, yielding a
set of model predictions denoted as 7, = {(z, f(z;05")) |
x € Dy}, where f(x;057') € Ac_l represents the class
probability vector over the C' classes for sample z, 9;_1 de-
notes the global model obtained after the previous time step;
(2) the consensus estimator produces a set of estimated con-
sensus, denoted as O}, ={(z, g(z;w)) | z € D} }; (3) human
expert annotations on the queried subset QF y1eld a labeled
setUf = {(x, hy(z)) | z € QL }.

The fusion of these three sources forms a consensus-
enhanced human-Al collaboration process, denoted by
(I}, OF,U}), which assigns each sample = € D}, a label
y' along with a confidence s. Samples whose confidence
exceeds a predefined threshold 7 are retained to form M?,
which is then added to the historical labeled set L, for subse-
quent local training, i.e., £} = £ ' UMS. (T, OF, u})
will be detailed in Sec. 4.3.

! Alternatively, the local model can also be used for inference.
Using the global model is a more common choice [Sun et al., 2025].
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Figure 2: Framework of CoFL. At each time step, after receiving
arrived unlabeled data, CoFL selects a subset for human annotation,
while the global model and consensus estimator produce predictions
and estimated consensus for all samples. These three sources are
fused to generate reliable labels for local training and aggregation.
Meanwhile, the newly collected human annotations are used to up-
date the consensus estimator for the next time step.

3.2 Problem Formulation

We adopt FedAvg [McMahan er al., 2017] for local updates
and global aggregation. At the beginning, the server initial-
izes a global model 00 and distributes it to all clients, each of

which has a small labeled set £ for initialization. At time
step ¢, the previous global model 6*~1 initializes the current
training process, which optimizes the following objective:

mln F( Ht Z ||/3t Gt L), 2)

where L! = U w1 L4 denotes the union of labeled datasets
across all clients at time step ¢.
The local loss function of client k is defined as

1

PO £4) 2 77 > Uy,
k(@ yect

where L! = /3',;_1 UM,

My, = {(z,y) | (z,y',s) € ®(Ty, O, Uy), s> T},
T = {(z, f(x:05")) | = € D},

Oj, = {(z,9(z;w)) |z € D},

Up = { (2, hi(2)) | 2 € Qp, Q4 = (D}) }

3)
where £(-) is a task-specific loss function.
Accordingly, our goal is to design the fusion strategy &,
the consensus estimator g(-; w), and the query strategy ¢ such
that each client can construct a reliable labeled set L.

4 Methodology

In this section, we present CoFL in detail, which consists
of three main modules: consensus estimation, consensus en-
hanced human-Al collaboration, and a capability-aware sam-
ple querying strategy. The framework is shown in Fig. 2.
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4.1 Consensus Estimation

To estimate human expert consensus at each client, we pro-
pose a privacy-preserving consensus estimation method. The
key idea is to learn a global surrogate model of human la-
beling behavior through federated aggregation, such that the
aggregated surrogate captures an implicit consensus among
distributed experts [Luo ef al., 2023]. We first construct a
surrogate model for human experts that can generate anno-
tations without exposing raw data. Prior studies have shown
that human decision-making is inherently uncertain [Peter-
son et al., 2019], while conventional neural networks typi-
cally produce point estimates and do not explicitly charac-
terize prediction uncertainty [Gal and Ghahramani, 2016].
We model expert labeling behavior as a stochastic process
that samples from a Dirichlet distribution [Yang er al., 2025;
Muttenthaler ef al., 2025]. For a given sample z, the labeling
behavior of the A, satisfies:

hi(z) ~ Categorical(my(z)),

7 (x) ~ Dirichlet(8,(x)) . @
Note that 3, (x) and a*(z) in Assumption 1 have different
meanings: (3, (x) represents the subjectivity and uncertainty
of an individual expert hj, whereas a*(x) characterizes the
subjectivity and uncertainty of consensus among all experts.
To learn the Dirichlet parameters from experts, we further
introduce an EDL model at client as surrogate for hg. The
EDL model parameterizes a Dirichlet-Categorical distribu-
tion by predicting Dirichlet parameters [Sensoy er al., 2018].
For any sample x, the EDL outputs the Dirichlet parameters,

denoted as B, (z) = [Bra(2), ..., Brc(x)] € RS, where

Br.c(x) = ec(x) + 1. The e.(z) quantifies the amount of evi-
dence supporting class ¢, while the additive constant 1 repre-
sents a uniform Dirichlet prior, ensuring a valid distribution
even when no evidence is observed [Sensoy et al., 2018].

At time step ¢, for client k, the historical annotations pro-
vided by its human expert are denoted by L{Et = U,E:l Up.
Within the time step, the EDL model is trained in a federated
manner together with the task model for B communication
rounds. Specifically, at each communication round, client

k updates its local EDL model g(+; w}) using U ?t, where
wt denotes the parameters of the local EDL model. The
server then aggregates the local EDL models from participat-
ing clients to obtain a global EDL model g(-; w},), where w},
denotes the parameters of the global EDL. The detailed train-
ing procedure is provided in Appendix A. After B commu-
nication rounds, the global EDL model serves as consensus
estimator at next time step. For any sample «, each client can

locally infers the Dirichlet parameters of consensus, denoted

as 3 5 (T).
4.2 Capability-Aware Sample Query Strategy

In this section, we introduce a capability-aware sample query-
ing strategy. The key idea is to utilize the discrepancy be-
tween local and global EDL models to assess whether each
sample aligns with the capability of the current human ex-
pert. While the global EDL model from the last time step

g( wgfl) captures the consensus of human experts across

all clients, each local EDL model g(-;w. ') reflects the la-

beling behaviors of hy. The discrepancy between the local
and global EDL predictions therefore provides an effective
signal for assessing whether a sample is aligned with the ex-
pert’s capability, i.e., whether it belongs to a category with
high expert annotation accuracy.

For a sample = € D, the client first infers the out-

puts from both the local and global EDL models: 3, () =
g(z;wi ), ﬁg(x) = g(z;wi™').  We then compute
the expected class probability distributions induced by the
corresponding Dirichlet parameters, denoted as pg(xz) =
Bk (z) — 'B g (x)
5 @ P =5
bility mismatch between the local expert and the global con-
sensus using a distributional discrepancy measure d(z) =
KL(py(x),pr(z)), where K L(-, -)is Kullback-Leibler (KL)
divergence?, which quantifies the discrepancy between two
probability distributions. A larger discrepancy indicates that
the local expert’s belief on = deviates significantly from the
global consensus, suggesting a higher risk of unreliable an-
notation.

Based on the discrepancy dj(x), we select the nj samples
from D}, by ranking all candidates according to dj,(z) in as-
cending order and selecting the nj samples with the smallest
discrepancy values to form Qf .

We quantify the capa-

4.3 ‘Consensus Enhanced Human-AI
Collaboration

In this section, we detail how estimated consensus is lever-
aged at each client to enhance human-Al collaboration. Our
idea is to treat the estimated consensus as a prior and first
combine it with human annotations using a Bayesian frame-
work, then fused with model predictions. In particular, we
observe that when human experts have few historical anno-
tations, the EDL model tends to produce small Dirichlet pa-
rameters, making the prior evidence insufficient to reliably
reflect the consensus strength. To address this, we apply an
EM algorithm at each client to calibrate the EDL outputs.

For the unlabeled data Dtk arriving at client k, based on the
query strategy mentioned above, D}, can be partitioned into
two disjoint subsets: the queried set Q}, and its complement
D\ Of. In the following, we detail how these two types of
subsets are handled, respectively.

Fusion for Queried Samples. For samples z € Q!, both
the estimated consensus and human expert annotations are
available. Recalling Assumption 1 that human expert consen-
sus conforms to a latent Dirichlet distribution with parameter
o (x), we treat the Dirichlet parameters 3 , () estimated by

g(x; wz’l) as a prior over the latent consensus distribution,
and regard the expert annotation hy(x) as a categorical ob-
servation. Due to the conjugacy of the Dirichlet prior to the
categorical likelihood, incorporating a single expert annota-
tion admits a closed-form Bayesian update [Showalter et al.,
2024], in which the corresponding one-hot label is added di-
rectly to the Dirichlet parameters. In this way, we naturally

fuse the two within a Bayesian framework.

*https://en.wikipedia.org/wiki/Kullback- Leibler_divergence
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However, we observed that when the size of Z/{Et is lim-
ited, the EDL model tends to produce small Dirichlet param-
eters. Thus, we introduce an EM algorithm to calibrate the

output of global EDL model g(-;w’™"), and the calibrated

result at client & can be represented as g(+; wz_l, 21 ), Where
2k 1s the calibration parameter. The above calibration pro-
cedure will be described in the next paragraph. Thus, the
posterior Dirichlet parameters are finally updated as o’ () =
B’ ,(x) + one-hot (hy(x)), where 8’ (x)=g(z; w} !, 2.
Subsequently, we further fuse the @’ (x) with inference re-
sult of the task global model f(x;05"). Specifically, we
first compute the expected class probability p.(z) = == —~
J=1"3
induced by o'(x). Let fc(z;65 ") denote the c-th entry
of the global model predicted probability vector, and de-
fine the prediction confidence as A(x) = max, f.(z;05").
We then weight the model prediction by its confidence as
fia; 0571 = Ma) fe(x;05"), and combine it with pe(z)
to obtain the fused probability and label as follows:

Pe(®) = elo ") + el y' = argmax p.(z).
X (fa 0 + () ax pe )

The fusion results of queried samples are denoted by
O (Z), 0L Uf) = {(z,y) | € QL}. For ®;, we do not
apply confidence-threshold filtering because expert annota-
tions are more likely to be consistent with the consensus in
real-world and therefore should not be discarded.

Calibration of EDL Model. To calibrate the outputs of
global model 3,() at client k, we introduce a calibration

parameter z;, € RT and define new Dirichlet parameters
as B’ (x) = [B1(z;2k), -, Be (x5 21)], where B(x; 24,) =
zrec(z) + 1. We employ an EM algorithm to estimate the pa-
rameter z;. The EM algorithm? is an iterative method that al-
ternates between estimating latent variables (E-step) and opti-
mizing parameters (M-step) to maximize the likelihood with
hidden variables. Specifically, for sample z € O, we intro-
duce a latent variable ¢ representing its fused label. The goal
of the EM algorithm is to estimate the calibration parameter
2k, by maximizing the following log-likelihood:

C
dp =argmax > log }_ p(y = c, hi(), () | 21) - (6)

z€Q c=1

where e(z) = [e1(x), ..., ec(x)] denotes the evidence vec-
tor produced by the global EDL model for sample z.

Let o(z) = one-hot(h(z)), o.(x) denotes the c-th com-
ponent of the one-hot encoded vector. We directly present
the formulas for the E-step and the M-step here, the detailed
proof and implementation can be found in Appendix B.

* E-step: for sample z € Q, we estimate the posterior
distribution of the ¢ under the current z;, during E-step,
which can be expressed as:

Ge(z) = 0c(7) + (2kec(z)) +1
(& - C .
>i=1(0(x) + (zej(x)) +1)
3https://en.wikipedia.org/wiki/Expectation-maximization_
algorithm

* M-step: Given the distribution ¢.(x) of the latent vari-
able g, in M-step we update the calibration parameter
2k, We use z}c to represent the updated zj, then we have:

C
o
= orgmay Y ae)

zeQj c=1 (8)

-log Zkee(®) + 1 .

S (zej(x) + 1)

Fusion for Unqueried Samples. For samples = € D\ Qf,
human annotations are unavailable. Therefore, their fusion
relies solely on the model predictions f(x; 92’1) and the cal-
ibrated estimated consensus 3’/ (x) = g(z; wy, 2¢). Specifi-
cally, we first compute the expected class probability p.(x) =

5;,6(%%)

1 B (o)
pute the fused label y’. The confidence score s is obtained
as s = max. p.(z). Finally, we apply a confidence thresh-
old 7 to filter unreliable labels. The fusion results for un-
queried samples are denoted by ®2(Z}, OL) = {(z,y,s) |
r €D\ QL, s>T1h

In the end, we merge @, (Z}, OL,U}) and ®2(Z}, O}) to
construct the fusion set M.

induced by 3, («). Then use Eq.5 to com-

S Experiments

51 Setup

FL System Setup. We simulate an FL system that learns
a_classification task from unlabeled streaming using a
ResNet18 model[He er al., 2016]. During each time step,
each client performs B = 10 communication rounds and re-
ceives |DL| = 50 newly arrived samples. To model the Non-
IID nature of client data, we use a Dirichlet distribution with
parameter a = 0.5 to assign different class proportions to
different clients, which is a common setting in FL [Sun er al.,
2025].

Datasets. We evaluate CoFL on three datasets: CIFAR-
10 [Krizhevsky er al., 2009], CINIC-10 [Darlow et al.,
2018], and CIFAR-10H [Peterson et al., 2019]. CIFAR-10
and CINIC-10 are widely used image classification bench-
marks. To simulate the difference of human experts on these
two datasets, we assign each expert hy a unique confusion
matrix A¥, where Afj denotes the conditional probability
P(hg(z) = i | y = j), with y being the ground-truth
label of sample z. This process allows us to control and
model diverse labeling behaviors across experts. The method
of constructing a confusion matrix will be described in the
next paragraph. CIFAR-10H is a real multi-expert anno-
tated dataset that naturally captures differences among hu-
man annotators. For each sample, we compute the empir-
ical label proportions to obtain a label probability distribu-
tion p(z) = [p1(x),...,pc(x)]. The human expert on each
client then samples its label from p(z). To further empha-
size subjective differences across experts, we introduce a tem-
perature parameter 73, = 4.0 to smooth the distribution via

5 (T ) = —pe@ T
pC(xy Th) T Y pi @
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Figure 3: The accuracy of the global model at different time steps

Construction of Confusion Matrix. For each simulated
expert h,,, we first sample a global ability level A,, ~
N (ua,0?%) to characterize the overall capability level of all
experts in the FL system, and then sample a class specific bias
vector 8, ~ N(0,02.I) to model variations in performance
across different classes. The probability of correctly label-

ing class j is defined as pig;)’j = 0(Am + 6m,j), where o ()
is the sigmoid function. The confusion matrix is constructed
column by column. For each true class, the diagonal entry is
set as the probability of correct labeling, while the remaining
probability mass is randomly distributed among the incorrect
classes using a Dirichlet distribution, and each column is fi-
nally normalized to form a valid conditional probability dis-

tribution. We set uqg = 1.0, 04 = 1.0, 0¢1s = 2.0.

Baselines. To evaluate CoFL, we compare it against five
baselines, including four FAL methods and a FSSL method.
These baselines include: (1) Coreset [Sener and Savarese,
2017]: A representative diversity-based active learning
method that selects a subset of samples that best represent
the feature space. In our FL setting, this procedure is per-
formed independently on each client’s local data. (2) Conf: A
representative uncertainty-based active learning method that
selects samples with the lowest prediction confidence. Simi-
larly, each client applies this strategy locally in the FL setting.
(3) LoGo [Kim et al., 2023]: An FAL approach that jointly
considers local and global uncertainty to maintain both client-
level and class-level diversity. (4) LeaDQ [Sun et al., 2025]:
An FAL framework that formulates the query strategy as a
partially observable Markov decision process and solves it
with multi-agent reinforcement learning. (5) SAGE [Liu et
al., 2025]: An FSSL method that leverages the discrepancy
between local and global confidence to collaboratively gener-
ate and correct pseudo-labels.

Implementation Details. For the CIFAR-10, CINIC-10,
and CIFAR-10H datasets, we set the query set size at each
time step to ng 10, 20, and 30, respectively, and per-
formed for 50, 40, and 30 time steps, respectively, to evaluate
our method under different settings. We use CLIP ViT-B/32
[Radford et al., 2021] to generate embeddings for the samples
and employ a two-layer fully connected neural network as the
EDL model, confidence threshold 7 = 0.55 and each client
initializes with [£?| = 100 samples. More implementation
details are provided in Appendix D.
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Figure 4: Average label accuracy of different methods across differ-
ent datasets.

5.2 Main Results

Global Model Performance. Fig. 3 illustrates the perfor-
mance of the global model over time steps for all meth-
ods across different datasets. We can observe that our pro-
posed CoFL method consistently achieves the best perfor-
mance across all three datasets at the final time step. On
CIFAR-10H and CINIC-10 datasets, CoFL achieves around a
3% improvement over FAL methods, highlighting the advan-
tage of considering the subjectivity of human experts. SAGE
exhibits unstable performance across all datasets, which is
likely because it heavily relies on the model performance.
When the global model is limited in performance, SAGE can-
not generate sufficiently reliable pseudo-labels and therefore
fails to further improve performance.

Accuracy of Labels. Fig. 4 presents the average accuracy
of labels for training samples during the local update at the
final time step. We observe that the proposed CoFL method
achieves the highest label accuracy across all three datasets.
Specifically, on the CIFAR-10 dataset, CoFL reaches an accu-
racy of 80.77%, outperforming the suboptimal method LoGo,
by a margin of 5.15%. This result further highlights the ad-
vantages of human-Al collaboration in generating more reli-
able labels. Note that since SAGE generates a large number
of augmented samples that do not correspond with the origi-
nal data, its label accuracy is not directly comparable to other
methods. In addition, we visualize the label accuracy of the
training samples at each client at the final time step. Detailed
experimental results are provided in Appendix C.
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5.3 Ablation Study

To evaluate the effectiveness of each module in CoFL, we
conduct a comprehensive ablation study. Since the consen-
sus estimation module serves as the foundation of human-Al
collaboration and the query strategy, it cannot be removed in
isolation. Therefore, we focus on the ablations of human-
Al collaboration and the capability-aware sample querying
strategy. For the ablation of the human-Al collaboration,
we consider two settings: (1) directly training with anno-
tations provided by human experts without any collabora-
tion (denoted as w/o collaboration), and (2) without the EM-
based calibration process for EDL (denoted as w/o EM). For
the capability-aware sample querying strategy, we replace it
with the Coreset method and evaluate the resulting perfor-
mance gap to demonstrate its effectiveness (denoted as w/o
capability-aware).

We report the ablation results in Table 1. On CIFAR-10, re-
moving any module degrades performance, especially when
using only human annotations, which reduces the accuracy
from 53.5% to 43.8%, highlighting the importance of human-
Al collaboration. For the EM-based calibration process, re-
moving it leads to performance degradation on all datasets,
indicating the importance of calibrating EDL. The capability-
aware querying strategy is crucial on CIFAR-10 but less ef-
fective on CINIC-10 and CIFAR-10H. One possible explana-
tion is that CINIC-10 has more diversity than CIFAR-10, the
Coreset method may provide better coverage of the feature
space. In contrast, the labels in CIFAR-10H are sampled from
the same distributions of multiple human annotators, which
makes the capabilities of different human experts more ho-
mogeneous. As a result, the capability-aware strategy cannot
fully utilize its advantage.

Method CIFAR-10 CINIC-10 CIFAR-10H
w/o collaboration 43.8 35.5 53.9
w/o EM 50.2 39.9 58.2
w/o capability-aware 50.1 44.5 61.9
CoFL 53.5 42.6 59.5

Table 1: Model accuracy (%) on different datasets in ablation study.

5.4 Experiments on Diverse Scenarios

To further investigate the adaptability of CoFL under differ-
ent FL scenarios, we evaluate its performance with varying
numbers of clients equipped with human experts and under
different overall levels of human expert capability, i.e., the
overall annotation accuracy when providing labels.

Varying Numbers of Human Expert Clients. Since
SAGE is not influenced by human experts, we exclude it from
this set of experiments. Given that there is no significant dif-
ference among all FAL methods in the main results, we select
Coreset and LeaDQ for comparison with CoFL. We consider
three settings with 4, 7, and 10 clients equipped with human
experts, where 10 is the same as the setting used in the main
results. For clients without experts, CoFL fuses estimated
consensus with global model inference, while other methods
train only on their initial labeled data.

We report the experimental results in Table 2. We ob-
serve that across all datasets and under all settings with dif-
ferent numbers of clients equipped with human experts, CoFL
consistently achieves the best performance, demonstrating its
strong adaptability.

Dataset CIFAR-10 CINIC-10 CIFAR-10H
Number 4 7 10 4 7 10 4 7 10
Coreset 42.5 43.1 45.6 345 35.6 39.2 49.4 554 56.7

LeaDQ 45.3 44.1 46.7 37.0 34.0 37.8 48.7 53.7 55.7
CoFL  50.6 50.4 53.5 39.7 39.4 42.6 52.3 57.2 59.5

Table 2: Model accuracy (%) comparison across different numbers
of experts on three datasets.

Varying Human Expert Capability Levels. We evalu-
ate different methods under varying expert capability lev-
els, where higher levels represent more accurate annotations
provided by all experts. For the CIFAR-10 and CINIC-10
datasets, we simulated.the overall expert ability by adjust-
ing the parameter 4 when constructing the confusion ma-
trix, where 4 = 1.0 for the medium level, uq4 = 0.2 for
the low level, and pa = 2.0 for the high level. For the
CIFAR-10H dataset, since expert annotations come from the
same distribution, we simulate different levels of ability by
smoothing the distribution with a temperature parameter 7},.
We set 1}, = 2.0, T}, = 4.0, and T}, = 6.0 to represent high,
medium, and low ability, respectively.

We present the results in Table 3, where CoFL achieved
the best performance in almost all cases, except for the high
capability case on CIFAR-10H dataset. In addition, we ob-
served that as the overall ability level of experts decreases,
CoFL becomes more advantageous. For example, on CIFAR-
10, the accuracy of Coreset and LeaDQ methods decreased
by 14.4% and 16.6% respectively from high to low ability
level, while CoFL only decreased by 7.9%. This indicates
that the CoFL method can alleviate the negative impact of de-
creased capability, mainly because its consensus estimation
can extract reliable signals from inconsistent annotations.

Dataset CIFAR-10 CINIC-10 CIFAR-10H
Level Low Med High Low Med High Low Med High

Coreset 37.1 45.6 51.5 31.6 39.2 424 524 56.7 62.7
LeaDQ 38.5 46.7 55.1 304 37.8 43.6 50.8 55.7 60.5
CoFL 49.5 53.5 57.4 362 42.6 454 58.3 59.5 61.2

Table 3: Model accuracy (%) across different capability levels on
different datasets.

6 Conclusions

In this paper, we propose CoFL, a human-AlI collaborative FL
method for addressing label scarcity in unlabeled streaming
data. By leveraging human-Al complementarity and cross-
client expert consensus, CoFL offers a new direction for
learning from unlabeled data in FL. Future work can integrate
CoFL with advanced FSSL and FAL methods for further im-
provement.
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