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Abstract
Federated Learning (FL) is a rising distributed learning paradigm
that facilitates multiple devices to jointly train a shared model.
Given the presence of heterogeneous devices with distinct data
distributions, it is critical to select an optimal subset of devices for
engagement in the collaborative training process. However, the
dynamic nature of FL, encompassing aspects like dynamic device
availability and inherent training dynamics, significantly compli-
cates participant selection, and current systems routinely fall short
in adapting effectively to such dynamic environments.

This paper introduces FedDance, an efficient and intelligent
participant selection framework tailored to tackle the dynamic na-
ture in FL. FedDance employs a lightweight stochastic prediction
method to anticipate the dynamic availability of each device. To
address the diminishing marginal returns from frequently selected
devices due to training dynamics, especially in later training stages,
FedDance explicitly quantifies the marginal return of each local
training process over time. Additionally, FedDance incorporates a
lightweight model to characterize data heterogeneity, enhancing
the advantages of managing device and training dynamics. Exten-
sive experiments conducted on four A100 GPUs demonstrate that
FedDance can substantially outperform the state-of-the-art sys-
tems in final model accuracy and convergence speed, while also
providing a considerable advantage in computational overhead.
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1 Introduction
FL has emerged as a key machine learning (ML) paradigm that har-
nesses the hardware capabilities and data from distributed devices
to collaboratively train a shared model, offering significant scala-
bility and robust data privacy protection [11, 23, 26, 45]. Modern
FL systems often encounter two forms of heterogeneity. On the
one hand, data is typically generated and stored locally under vary-
ing conditions, leading to substantial differences in the quantity
and distribution of data across devices [66, 69]. On the other hand,
devices exhibit diverse computing capacities and communication
bandwidths [28, 40, 41]. Heterogeneity negatively impacts the final
accuracy and the time required to achieve the target accuracy of
the global model [7, 15]. Therefore, it is crucial to select an effective
subset of devices as participants for joint training to address the het-
erogeneity, ultimately enhancing model accuracy and optimizing
resource efficiency [10, 56].

Nevertheless, two significant challenges arise during the device
selection process in FL. First, our examination of real-world device
activity traces reveals that devices generally exhibit highly dynamic
availability during training due to fluctuations in battery levels and
network connectivity [48, 63]. The accumulative online time of
devices amounts to just 20.26% of the total time. This dynamic avail-
ability leads to a continually changing pool of online devices, each
with notably diverse local data distributions [53], directly influenc-
ing the overall data distribution in each training round through
global aggregation. Second, the local training process also exhibits
a high degree of dynamism, with local models on different devices
showing varying levels of incremental accuracy improvement over
time. Without capturing the fine-grained dynamics of local model
training during participant selection, the global model can easily
suffer from diminishing performance gains or even accuracy degra-
dation due to inappropriate aggregation. Our experimental findings
indicate that selection strategies that prioritize high-availability
devices alone perform even worse than a fully random scheme,
showing a 12.5% decrease in global model accuracy.
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Current participant selection methods for FL struggle to effec-
tively tackle these challenges and are inadequate in dynamic en-
vironments characterized by data heterogeneity [35, 43, 50]. One
such method, REFL [7], prioritizes devices with least availability to
ensure wide participant coverage in collaborative training. Never-
theless, due to the oversight of data heterogeneity, it risks introduc-
ing significant bias to the global model. Our research shows that
the final model accuracy of REFL lags behind that of a full random
selection strategy by 2.0%. Additionally, REFL necessitates a tailored
model trained on each local device to predict individual availability,
leading to extra computational overhead beyond the regular shared
model training. In contrast, Oort [32] meticulously selects partic-
ipants that significantly contribute to improving global accuracy
by favoring devices with highly diverse data distributions. How-
ever, a critical limitation of this approach is its inability to quantify
the dynamic accuracy fluctuations in local models to assess the
diminishing returns of participants. Participants with high utility,
originating from hard-to-train samples [22, 39], may be overempha-
sized, leading to minimal contributions to the global model in later
rounds. Consequently, Oort’s final model accuracy falls behind by
3.1% compared to a fully random selection strategy.

To address these challenges, we introduce FedDance in this pa-
per—a lightweight and effective participant selection framework
specifically designed to address the dynamic nature of FL. FedDance
incorporates three key components. First, it employs a statistical
modeling technique based on a Poisson distribution to precisely
estimate the dynamic availability of devices, without incurring addi-
tional consumption of the valuable computational resources of local
devices. This is achieved by relying solely on the central server’s
ability to monitor binary time-series availability data during the
check-in process. Second, FedDance characterizes data heterogene-
ity by analyzing the training loss produced during the training
process, a method far more computationally efficient than existing
approaches that rely on gradient estimation or evaluation on the
complete local dataset. Third, FedDance explicitly tracks the accu-
racy enhancements on local devices over time to gauge the need
for re-selecting a previous participant, with these improvements
indicating a device’s incremental value in collaborative training.
Moreover, FedDance seamlessly integrates these three components
into a unified metric to steer the participant selection process, while
carefully balancing the exploration and exploitation tradeoff.

We have implemented FedDance on top of PySyft [2] and con-
ducted comprehensive experiments to assess its performance on
four A100 GPUs across different training models and datasets. Our
experimental findings demonstrate that FedDance accurately pre-
dicts the dynamic availability of all devices with over 90% precision,
maintaining a computational overhead of each prediction below
10 microseconds. Furthermore, FedDance enhances model conver-
gence speed by up to 1.39× and boosts global model accuracy by
12.83% compared to current state-of-the-art methods, while re-
ducing device-side computation overhead by orders of magnitude,
demonstrating exceptional efficiency. In summary, we have made
the following contributions in this paper:
• We thoroughly examine the challenges posed by the inherent
dynamic nature of FL in participant selection and illustrate that
existing approaches fall short in effectively addressing these
challenges.
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Figure 1: Training process in practical application of FL.

• We design an intelligent participant selection scheme that system-
atically models a device’s dynamic availability, data heterogene-
ity, and quantifies its diminishing returns in training accuracy
throughout the dynamic training process, thereby sustaining the
overall vitality.
• We develop an analytical framework to demonstrate the fast
convergence of FedDance in the presence of dynamic device
availability and non-IID data distributions.

2 Background and Motivation
In this section, we provide an overview of the core principles and
current state of FL. We then explore the challenges of deploying
FL in dynamic real-world scenarios. Next, we examine the short-
comings of existing device selection strategies in addressing these
challenges, motivating us to design a new, efficient device selection
strategy for dynamic FL systems.

2.1 Basics of Federated Learning
FL is a distributed ML paradigm involving a powerful central server
and dozens to even millions distributed devices [34]. These devices
utilize their local data to cooperatively train a global model under
the coordination of central server.

2.1.1 Characteristic of FL. In the typical FL training process,
illustrated in Fig. 1, the workflow is divided into a series of
rounds [38, 45]. At the beginning of each round, available online
devices check-in with the central server to confirm their abilities
of participation. Then, the central server selects a subset of these
devices (① in Fig. 1) and broadcasts the global model to them (② in
Fig. 1). Each participant performs local training to update its own
model (③ in Fig. 1) and sends the model back to the central server
(④ in Fig. 1). Thereafter, the central server aggregates these local
updates to refine the global model (⑤ in Fig. 1).

Under FL, data on each candidate device is typically generated
and stored locally under unique conditions, leading to variations
in both quantity and distribution. For instance, in a healthcare
application involving multiple wearable devices that collect patient
data, the data from each device exhibits non-IID characteristics [8,
12, 52]. This disparity arises because health metrics like heart rate
and step count vary significantly among individuals based on their
lifestyles and fitness levels. Consequently, as each participant uses
its local data to train a tailored model, considerable heterogeneity
exists among the local models across participants.

2.1.2 Problem formulation. To provide a clear interpretation of
FedDance design, we first present the fundamental problem formu-
lation of FL. Devices collaborate through a central server to solve
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Figure 2: Illustration of devices’ dynamic availability.

the following distributed optimization problem:

min
w

{
𝐹 (w) =

𝑀∑︁
𝑚=1

𝑝𝑚𝐹𝑚 (w)
}
. (1)

Here,𝑀 represents the total number of local devices, each with a
local dataset B𝑚 containing 𝐷𝑚 samples. The proportion of data
on the 𝑚-th device is expressed by 𝑝𝑚 =

𝐷𝑚∑𝑀
𝑖=1 𝐷𝑖

. Additionally,

𝐹𝑚 (w) = 1
𝐷𝑚

∑
𝜉∈B𝑚 𝑓 (w, 𝜉) denotes the local objective function

of device𝑚, where 𝑓 (w, 𝜉) is the loss function involving sample 𝜉
and model parameter vector w.

Given the disparity in data distributions across heterogeneous
devices, it’s impractical to incorporate all these devices into joint
training. Because the impact of some local updates on the global
model performance is negligible or even detrimental. To conserve
computing and communication resources, the central server selec-
tively engages a subset of𝑁 devices from the pool of candidates dur-
ing each round. Each participant performs local stochastic gradient
descent (SGD) to update its tailored model. This paper designates
the local SGD iterations with the index 𝑡 ≥ 0. Consequently, the
participant set at iteration 𝑡 is represented asS (𝑡 ) . Since participant
selection occurs only at the beginning of each training round, the
set S (𝑡 ) remains unchanged for 𝜏 consecutive local update steps
within the round. In other words, S (𝑡+1) = S (𝑡+2) = · · · = S (𝑡+𝜏 )
when (𝑡 + 1) mod 𝜏 = 0.

2.2 Challenges in Participant Selection for FL
To motivate our system design, we first investigate the fundamental
challenges that current FL system faces in terms of participant
selection in dynamic environments.

𝑪1: Dynamic device availability. In FL, certain devices may be
unable to engage in the entire training process due to fluctuations
in battery status and communication network [47, 48]. To asses
device availability in practical settings, we conducted an analysis
using a public device activity trace [63], encompassing data from
136,000 mobile users over a week across various countries. This
trace comprises millions of records detailing battery charging and
WLAN connections. For analysis purposes, we segment each de-
vice’s online duration into multiple availability periods, as depicted
in Fig. 2. The results show that a device’s active duration can be
divided into dozens or even hundreds of these available periods, as
illustrated in Fig. 3(a). However, most devices are accessible for only
a few minutes within each available period, as exhibited in Fig. 3(b).
Additionally, over 65% of devices have time intervals exceeding one
hour between consecutive availability periods, as shown in Fig. 3(c).
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Figure 3: Availability characteristics of 136,000 users in a
realistic device activity trace [63].
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Figure 4: Impact of dynamic availability on test accuracy. (a)
Dynamic availability degrades the global model accuracy
compared to the scenario where all devices are available
in each round. (b) The participant selection strategy that
prioritizes high-availability devices leads to degradation in
model accuracy in later rounds.

The collective online duration of all devices constitutes only 20.26%
of their total time.

This fluctuating availability during training results in a con-
stantly changing pool of devices for selection, directly impacting
the overall data distribution in each round [53]. Consequently,
such dynamics can lead to the selection of inappropriate partici-
pants, negatively influencing both model accuracy and convergence
rates [58, 67]. To validate this point, we conducted an experiment
by randomly selecting 10 participants per round from a pool of
1,000 devices over 1,000 rounds in two conditions: 1) all devices are
available (AllAvail); 2) devices’ availability are determined by data
extracted from the mentioned trace (DynAvail). Each participant
trained a ResNet34 model [21] on the Google Speech dataset [60].
Fig. 4(a) shows that dynamic device availability negatively impacts
training efficiency, resulting in a 10.6% increase in the time required
to achieve 40% test accuracy. This is because devices with dynamic
availability may not be online for selection in every round, and
even those that have been selected may not have the opportunity
to participate in joint training again afterward. Consequently, their
diverse data can introduce bias into the global model.

𝑪2: Diminishing marginal returns in model accuracy im-
provement during dynamic training.While certain devices con-
sistently exhibit high availability, the performance enhancements
of their customized local models gradually diminish if these de-
vices are selected more frequently for participation. As a result, the
weighted aggregation method in FL involving diverse devices [35]
leads to diminishing marginal returns in accuracy improvement
for the global model. Conversely, devices with low availability may
hold significant improvement potential for their tailored models
in later training rounds. This situation results in varying levels
of contribution from these devices to the global model accuracy,
especially during later stages of training.
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To confirm this, we conducted an experiment under dynamic
device availability, using the same settings as described in 𝑪1. In
this study, devices with high availability were intentionally imbued
with a greater degree of data heterogeneity in contrast to those with
lower availability. As shown in Fig. 4(b), the strategy that exclusively
prioritizes high-availability devices yields a final model accuracy
even lower than randomly selecting devices during training, with
a decrease of 12.5%. Therefore, simply favoring devices with high
availability in participant selection proves inadequate. Notably, the
global model accuracy from the availability-first approach exhibits a
gradual decline after 800 rounds. Although high-availability devices
can provide local training data in a relatively continuous manner
over rounds, typically benefiting global model accuracy, as depicted
in Fig. 4(a), over-reliance on the highly diverse data from these
participants rapidly diminishes this advantage in the later stages
of training. Thus, given the varying availability of devices, this
finding underscores the necessity of dynamically adjusting partici-
pant selection based on fluctuations in local model accuracy during
the training process, a task that requires timely assessment. With-
out proper intervention, unnecessary local training and updates
from less effective devices are included in joint training, wasting
communication and computational resources [10].

2.3 Limitation of Existing Works
Substantial progress has been achieved in optimizing participant
selection for FL under heterogeneous environments. Two standout
works in this field include REFL [7], which can potentially address
dynamic device availability uniquely, and Oort [32], an innovative
study that assesses the impact of candidate devices on the global
model. Despite their extensive efforts, these landmark works still
face two fundamental limitations, as explained below.

Neglect of data heterogeneity evaluation in dynamic de-
vice availability scenarios. REFL utilizes a tailored prediction
model for each device to predict its availability in a future time-
frame, giving priority to the least available devices during partici-
pant selection in each round. However, REFL focuses exclusively on
availability, overlooking data heterogeneity [7]. As a result, REFL
may consistently select devices with not only limited and fluctuat-
ing availability, but also subpar data. These intermittently usable
devices may not engage in an sufficient number of training rounds,
and the highly diverse local training data from these low-availability
participants could easily introduce bias, potentially compromising
the accuracy of the global model.

To emphasize this limitation, we conducted an experiment us-
ing the same setup described in § 2.2. Random selection from Fe-
dAvg [45] and REFL were employed to select devices for participat-
ing in the training process. The level of data heterogeneity for each
device was set inversely proportional to its availability, highlighting
the impact of diverse local data distributions on the global model
performance. As shown in Fig. 5, the final accuracy of REFL notably
lags behind that of Random selection by 2.0%. While REFL initially
demonstrates advantages during the first 300 rounds by prioritizing
less available devices to enhance resource diversity, the continuous
integration of newly observed data from these low-availability par-
ticipants—data that cannot be fully utilized—injects biases into the
global model. Thus, as training advances, the global model accuracy
under REFL gradually falls behind that of Random selection.
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Figure 5: Test accuracy of various participant selection
schemes in a scenario where the level of data heterogeneity
for each device is inversely correlated with its availability.

Inability to capture fine-grained training dynamics during
participant selection. Oort employs a utility metric to select par-
ticipants, which reflects the aggregate impact of a device’s training
data on the global model. Nevertheless, this metric fails to capture
fine-grained variations in the accuracy of a device’s customized
model throughout dynamic training. As a result, Oort cannot effec-
tively assess the diminishing returns from participants by quantify-
ing the accuracy fluctuations of local models. Consequently, certain
participants with high utility may be overutilized, offering limited
contributions to the global model in later rounds.

To delve deeper into this limitation, we conducted an additional
experiment under the same settings as previously outlined. In Fig. 5,
it shows that Oort’s final model accuracy falls 3.1% below that of
Random selection. While Oort prioritizes devices that could poten-
tially enhance the global model to sustain training effectiveness,
its accuracy enhancement slows down quickly after 750 rounds.
This deceleration arises from Oort’s recurrent selection of certain
high-utility devices, where the high utility values may stem from
the persistent high loss of diverse data distributions within these
devices, as per the definition of its utility. And, their customized
models experience diminishing marginal returns after an ample
number of training rounds in the dynamic training process. From
this perspective, Oort’s inability to effectively link the local model
dynamics of a device with its contribution to joint training results
in devices with diminishing returns and excessive non-IID data
characteristics continuing to be selected, leading to low efficiency.

3 FedDance Overview
To effectively address the challenges outlined in § 2.2, we proposes
FedDance, a novel and lightweight participant selection scheme
for FL. FedDance aims to achieve the following primary objectives:
1) enhancing final model accuracy and round-to-accuracy perfor-
mance with devices that exhibit dynamic availability and high data
heterogeneity; and 2) evaluating the effectiveness of each device
during training without incurring unnecessary local computations.

3.1 Key Design Ideas
𝑰1: Accurate prediction of device availability. To prevent the
selection of devices with unstable availability that could impede
model convergence, FedDance designs amodel based on the Poisson
distribution [24] to track device availability dynamics and predict
future availability in a forward-looking manner using historical
device registration data stored on the server. This approach runs
entirely on the server side, enabling the central server to log the
check-in process for each round and leverage its robust computa-
tional capabilities, thus requiring no additional computation from
local devices and ensuring that no sensitive information is accessed.
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𝑰2: Lightweight evaluation of data heterogeneity. The adverse
impact of data heterogeneity on model performance in dynamic en-
vironments, as depicted in Fig. 5, is clear. Thus, evaluating the data
diversity of local devices in non-IID collaborative training is cru-
cial. However, directly accessing the data distribution is infeasible
due to privacy constraints [42]. To tackle this issue, FedDance em-
ploys the training loss produced during iterative local training for
a lightweight assessment, using it to estimate a device’s potential
in upcoming training rounds without requiring extra computa-
tions. FedDance efficiently transmits the training loss at a minimal
expense during the local model upload process.
𝑰3: Explicit quantification of participants’ marginal returns.
The rate of accuracy improvement for the global model gradually
diminishes over the training period, as depicted in Fig. 4(b). The
quantified findings outlined in § 2.3 suggest that accuracy fluctua-
tions serve as a more reliable metric for assessing each participant’s
influence on enhancing the global model accuracy. This is because
a device with low accuracy but significant accuracy improvements
may assume greater importance in the later stages of joint training.
Hence, FedDance explicitly quantities a participant’s training accu-
racy improvement across rounds to evaluate its marginal returns,
sustaining training effectiveness amidst dynamic device availabil-
ity and high data diversity. This approach capitalizes on training
accuracy of the locally updated model without overburdening local
computing resources.

3.2 System Architecture
Fig. 6 depicts the system architecture of FedDance system, com-
prising two essential components: Local Controller integrated
into each accessible device and Global Coordinator situated in
the central server. FedDance employs utility to signify the possible
impact of a candidate device on the global model performance.

Local Controller consists of two primarymodules.Device Status
Tracer (① in Fig. 6) sends device availability information to the
server during the check-in process, while Runtime Monitor (② in
Fig. 6) collects training accuracy for each round and training loss
for each local iteration. After completing a round of local training,
Local Controller transmits this data with the locally updated
model to the central server.

Global Coordinator, functioning as a central component for
handling feedback and conducting participant selection, consists of
two modules: Utility Optimizer (③ in Fig. 6) and Participant Selec-
tor (④ in Fig. 6). Utility Optimizer includes three key parts: Device
Availability Predictor, Device Importance Estimator, and Accuracy
Increment Calculator. Device Availability Predictor assesses the fu-
ture availability of each candidate device, on a scale from 0 to 1,
by utilizing its individual check-in history with a device-specific
Poisson distribution model. This availability value reflects the prob-
ability that a device will be active in at least one round within a
𝐾-round future window (as illustrated in Fig. 2). Device Importance
Estimator evaluates data heterogeneity by considering the cumu-
lative average training loss from a participant’s local iterations in
the preceding round. Meanwhile, Accuracy Increment Calculator
computes a participant’s accuracy improvement between its two
consecutive engagement rounds based on training accuracy. It then
averages these accuracy increments over a historical window to
capture the participant’s marginal return and assess the necessity

Global Coordinator
Utility Optimizer

Accuracy
Increment
Calculator

Device
Importance
Estimator

Device
Availability

Predictor

Participant
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Figure 6: The system overview of FedDance.

of reselecting it. Once these factors for a participant are obtained,
Utility Optimizer updates its utility accordingly. Subsequently, Par-
ticipant Selector selects a subset of checked-in devices based on the
utility metric provided by Utility Optimizer.

4 FedDance Design Details
In this section, we provide an in-depth explanation of the key
components of FedDance. Specifically, we elaborate on the design of
three utility factors and describe the process of integrating them for
online participant selection. Additionally, we present a convergence
analysis of FedDance in scenarios characterized by dynamic device
availability and heterogeneous data distributions across devices.

4.1 Device Availability Prediction
While REFL [7] also predicts devices’ availability for participant
selection, it requires each device to monitor a range of on-device
events, such as charging status and screen locks. This data is then
utilized to train a local Auto-Regressive Integrated Moving Average
model to forecast future availability. However, due to variations in
computing capabilities and storage capacities across devices, the
practicality of REFL diminishes in real-world applications. More-
over, this approach necessitates the central server to send dedicated
queries to retrieve prediction results from candidate devices, leading
to increased communication costs and a more complex process.

FedDance adopts a distinctive strategy that capitalizes on the
robust computational power and abundant storage of the central
server. Specifically, within the FedDance protocol, the server is
responsible for documenting the historical availability details of
each local device during the check-in process. This historical log
from the preceding round 𝑣 , denoted as 𝐷𝑚 (𝑣), consists of a single
attribute: a binary value (0 or 1) indicating availability of the device
during that specific round. Utilizing this information, Device Avail-
ability Predictor develops a customized statistical model for each
local device to proactively predict its future availability. Notably,
this method neither requires access to private data nor imposes any
additional burden on the devices.

Given the significant fluctuations in device availability, as de-
picted in Fig. 3, estimating long-term stability offers a more precise
approach than predicting immediate availability for the incom-
ing round. Consequently, Device Availability Predictor utilizes a
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Figure 7: Workflow of Device Availability Predictor.

𝐾-round future window (see Fig. 2), synchronized with the avail-
ability period’s timescale, to assess the likelihood of the device being
active in at least one round within that timeframe, as illustrated
in Fig. 7. At the core of this estimation method is the concept that
each 𝐾-round future window can serve as a good representation of
the device’s complete availability pattern, showcasing consistent
statistical characteristics. In accordance with this principle, Device
Availability Predictor employs a lightweight statistical modeling
method based on the Poisson distribution to forecast the device’s
availability by leveraging historical statistics. The Poisson distribu-
tion is particularly well-suited for modeling time-series events [18].
Additionally, Device Availability Predictor integrates a history win-
dow of 𝐾ℎ rounds, adjusted based on round duration, to accurately
depict the device’s entire availability trace in the historical context
while capturing its dynamic behavioral patterns.

Specifically, following the check-in process, the arrival rate of
device𝑚 at current round 𝑟 is updated as:

𝜆𝑚 (𝑟 ) =
∑𝑟−1
𝑣=𝑟−𝐾ℎ

𝐷𝑚 (𝑣)
𝐾ℎ

, (2)

where 𝐷𝑚 (𝑣) ∈
{
0, 1

}
represents the availability of device 𝑚 at

round 𝑣 , with its check-in count serving as a proxy. Furthermore,
the arrival rate can be readily updated as:

𝜆𝑚 (𝑟 ) =
𝐷𝑚 (𝑟 − 1) − 𝐷𝑚 (𝑟 − 1 − 𝐾ℎ)

𝐾ℎ
+ 𝜆𝑚 (𝑟 − 1) . (3)

Under Poisson distribution, the probability that there will be 𝑘
active rounds in total 𝐾 future rounds, starting from the current
round 𝑟 , is expressed as:

Pr
(
𝐿𝑚 (𝐾) = 𝑘

)
=

(
𝜆𝑚 (𝑟 ) · 𝐾

)𝑘 exp (
− 𝜆𝑚 (𝑟 ) · 𝐾

)
𝑘!

, (4)

where 𝑘 ∈ [𝐾], and 𝐿𝑚 (𝐾) is a random variable that denotes the
count of active rounds within the 𝐾-round window. FedDance uti-
lizes the dynamic availability factor to encapsulate the availability
of each device, which is defined as the probability of having at least
one active round, namely,

𝑉𝑚 (𝑟 ) = Pr
(
𝐿𝑚 (𝐾) > 0

)
= 1 − exp

(
− 𝜆𝑚 (𝑟 ) · 𝐾

)
. (5)

4.2 Device Importance Estimation
Explored in § 2.2 and § 2.3, it is crucial to assess the impact of a
participant’s data distribution in joint training [55]. Prior studies
have indicated that larger gradient norms across participants’ sam-
ples significantly influence the global model’s performance [33].
Nevertheless, computing the gradient norm for each sample across
all participants in every round is time-intensive, especially con-
sidering the diverse computing resources available on different
devices. Research by [25] suggests a positive correlation between

887886885...811810809...770769768...744743742...701700...0 Round

Training Accuracy ...

  
  

  

  

(  )(  -1)
...

Figure 8: Example of accuracy improvement quantification.

the loss value and the gradient norm to a certain extent. Oort [32]
capitalizes on this by approximating the gradient norm through
calculating the training loss for each sample in the local dataset.
However, since local training typically involves only 𝜏 mini-batches,
which are generally smaller than the complete local dataset, this
method still demands additional computing resources due to the
necessity of scanning the complete dataset.

For a mini-batch 𝜉𝑚 randomly sampled from the local train-
ing dataset B𝑚 , the resulting average loss is unbiased [15].
This means that E

[
g𝑚 (w𝑚, 𝜉𝑚)

]
= 1
| B𝑚 |

∑
𝜉∈B𝑚 𝑓 (w, 𝜉), where

g𝑚 (w𝑚, 𝜉𝑚) = 1
|𝜉𝑚 |

∑
𝜉∈𝜉𝑚 𝑓 (w(𝑡 )𝑚 , 𝜉), and w(𝑡 )𝑚 represents the lo-

cal model of device w(𝑡 )𝑚 at iteration 𝑡 . Leveraging this property, at
the current round 𝑟 , Device Importance Estimator incorporates the
training loss from mini-batches used during 𝜏 local iterations in the
preceding round into the importance factor for device𝑚, selected in
the previous round. This factor quantifies the cumulative average
training loss over local iterations as follows:

𝐼𝑚 (𝑟 ) =
1

𝜏 |𝜉 (𝑢 )𝑚 |

𝑟 ·𝜏−1∑︁
𝑢=(𝑟−1) ·𝜏

∑︁
𝜉∈𝜉 (𝑢)𝑚

𝑓 (w(𝑡 )𝑚 , 𝜉), (6)

where 𝜉 (𝑢 )𝑚 represents a mini-batch comprising samples selected
uniformly at random from participant’s local dataset.

An important advantage of this method is that Device Importance
Estimator can obtain the loss as a byproduct of training, eliminating
the need for a separate process to compute and record the gradient
norm or calculate the loss for each sample in the local dataset.

4.3 Accuracy Improvement Quantification
Effectively quantifying each participant’s marginal return is vital to
enhance the global model accuracy in subsequent rounds. However,
relying solely on loss may not provide an accurate measure of this
return, as a participant with a high accumulated average training
loss might contribute little to the global model if its data distribu-
tion is excessively skewed. In essence, loss alone fails to capture the
nuanced training dynamics in collaborative learning. Conversely,
changes in a participant’s training accuracy reflect evolving per-
formance more directly, providing insights into its contribution to
joint training that the loss metric alone cannot reveal.

Building on this, FedDance calculates the increment in training
accuracy between a participant’s two consecutive rounds of in-
volvement and averages these increments over a historical window
during which the participant was engaged, to effectively quantify
its past impact on joint training, as depicted in Fig. 8. This approach
prioritizes devices with consistently high accuracy improvements
rather than those with occasional accuracy peaks, ensuring a more
reliable selection of valuable devices for collaborative training. To
achieve this, at round 𝑟 , FedDance uses Accuracy Increment Calcula-
tor within Utility Optimizer to compute the accuracy improvement
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factor for device𝑚 selected in the previous round, as defined by:

𝐴𝑚 (𝑟 ) =
1

𝛽 − 1 (𝑎𝑚,𝛽 (𝑟 ) − 𝑎𝑚,1 (𝑟 )), (7)

where
{
𝑎𝑚,1 (𝑟 ), ..., 𝑎𝑚,𝛽−1 (𝑟 ), 𝑎𝑚,𝛽 (𝑟 )

}
represents the local train-

ing accuracy of device𝑚 across the most recent 𝛽 rounds in which it
was chosen prior to the current round 𝑟 . These metrics are recorded
after each local training round. The parameter 𝛽 is determined by
the timescale of the availability period and round duration, guaran-
teeing a seamless reflection of the evolving dynamics within the
training process.

4.4 Online Selection of High-utility Devices
FedDance selects participants based on their overall utility [32],
with each device’s utility dynamically reflecting its contribution
to the global model throughout the training process. This utility
is calculated through a comprehensive integration of all the afore-
mentioned factors, formulated as:

𝑈𝑚 (𝑟 ) = 𝑉𝑚 (𝑟 ) · 𝐼𝑚 (𝑟 ) · 𝐴𝑚 (𝑟 ). (8)

The detailed device selection procedure is described in Algo-
rithm 1, where Participant Selector chooses devices with the top-𝑁
utility scores obtained from Utility Optimizer to form a set of 𝑁
available devices within each round. In particular, for a local device
𝑚 that was available in the prior round but consistently left uns-
elected for joint training in all previous rounds, Utility Optimizer
computes the average importance factor and accuracy improvement
factor of participants chosen in the preceding round (Lines 11-15) to
substitute for 𝐼𝑚 and 𝐴𝑚 . This ensures that, in the ongoing round,
while leveraging high-utility devices, opportunities are also pro-
vided to potentially valuable devices that have yet to be explored.

Furthermore, this process integrates a mechanism to strike a
balance between exploitation and exploration, which is crucial for
improving the performance of the global model. Drawing inspi-
ration from confidence bound in solving the multi-armed bandit
problem [51], Participant Selector amplifies a device’s utility if it
has been neglected for a long time (Lines 21). This strategy gives a
chance for devices that have been bypassed for some rounds since
their last involvement, to be chosen anew, thereby maximizing the
utilization of their training data.

Moreover, FedDance addresses a common issue encountered by
existing device selection strategies that rely on utility-based metrics.
These methods typically require an separate communication mech-
anism to collect data from local devices for utility estimation [7, 15].
For instance, REFL mandates a specific communication protocol
to query each online device and retrieve device state statistics for
participant selection before the common step of disseminating the
global model in each round, thereby increasing communication
costs. In contrast, FedDance calculates device utilities directly by
leveraging the pertinent information embedded in local model up-
dates from participants.

4.5 Convergence Analysis
Here, we theoretically demonstrate that FedDance converges to the
global optimum at a linear rate.

4.5.1 Assumptions and definitions. First, we introduce the basic as-
sumptions and definitions that underpin the convergence analysis.

Algorithm 1 Participant Selection under FedDance
Input: P-checked-in device set, P𝑝𝑟𝑒𝑣-checked-in device set of

last round, S𝑝𝑟𝑒𝑣-participant set of last round, 𝜏-steps of local
update, 𝑁 -participant set size

Output: The set of participants S
/* Initialize global variables and variables of device𝑚. */

1: 𝐽𝑚 ← 0;𝑈𝑚 ← 0 ⊲ Last involved round and utility
2: 𝑎𝑚 ← 0; 𝑅 ← 0 ⊲ Training accuracy and round counter
3: L𝑚 ← 0 ⊲ Accumulated average training loss

/* Participant selection for each training round. */
4: Function ParticipantSelector(P, P𝑝𝑟𝑒𝑣 , S𝑝𝑟𝑒𝑣 , 𝜏 , 𝑁 )
5: 𝑅 ← 𝑅 + 1
6: 𝐽𝑚 , L𝑚 , 𝑎𝑚 ← UpdateWithFeedback(P𝑝𝑟𝑒𝑣 , S𝑝𝑟𝑒𝑣 )
7: for device𝑚 ∈ S𝑝𝑟𝑒𝑣 do
8: 𝐼𝑚 ← UpdateImp(𝑚, L𝑚)
9: 𝐴𝑚 ← UpdateAcc(𝑚, 𝑎𝑚)
10: end for
11: 𝐼 ← 1

𝑁

∑
𝑚∈S𝑝𝑟𝑒𝑣 𝐼𝑚

12: 𝐴← 1
𝑁

∑
𝑚∈S𝑝𝑟𝑒𝑣 𝐴𝑚

13: for device𝑚 ∈ P𝑝𝑟𝑒𝑣\S𝑝𝑟𝑒𝑣 do
14: if 𝑚 was never selected in all previous rounds then
15: 𝐼𝑚 ← 𝐼 , 𝐴𝑚 ← 𝐴

16: end if
17: end for
18: for device𝑚 ∈ P do
19: 𝑉𝑚 ← UpdateAvi(𝑚, 𝑅)
20: 𝑈𝑚 ← UpdateUtility(𝐼𝑚 , 𝐴𝑚 , 𝑉𝑚)
21: 𝑈𝑚 ← 𝑈𝑚

(
1 + log10 (𝑅+1)

10(1+𝐽𝑚 )

)
22: end for
23: Select deviceswith top-𝑁 utility fromP to get the participant

set S
24: return S

Assumption 1. (Unbiased gradient) For each uniformly sam-
pled mini-batch 𝜉𝑚 from B𝑚 , its stochastic gradient is unbiased,
i.e., E[g𝑚 (w𝑚, 𝜉𝑚)] = ∇𝐹𝑚 (w𝑚). Additionally, the variance of
the stochastic gradient is bounded, meaning that E[∥(∇𝐹𝑚 (w𝑚) −
g𝑚 (w𝑚, 𝜉𝑚))∥2] ≤ 𝜎2 for𝑚 = 1, 2, · · · , 𝑀 .

Assumption 2. (Bounded gradient) The expected squared
norm of the stochastic gradient is uniformly bounded, i.e.,
E[∥g𝑚 (w𝑚, 𝜉𝑚)∥2] ≤ 𝐺2 for𝑚 = 1, 2, · · · , 𝑀 .

Definition 1. (Degree of non-IID (data heterogeneity)) For
the global optimum w∗ = argminw 𝐹 (w) and local optimum w∗𝑚 =

argminw 𝐹𝑚 (w), the degree of non-IID (heterogeneity) is defined as:

Γ = 𝐹 ∗ −
𝑀∑︁
𝑚=1

𝑝𝑚𝐹
∗
𝑚 =

𝑀∑︁
𝑚=1

𝑝𝑚 (𝐹𝑚 (w∗) − 𝐹𝑚 (w∗𝑚)) ≥ 0, (9)

where 𝐹 ∗ and 𝐹 ∗𝑚 denote the minimum values of 𝐹 (w) and 𝐹𝑚 (w),
respectively. Γ is an intrinsic attribute of the distributed optimiza-
tion problem in Eq. (1) and it is independent of the device selection
strategy. A larger Γ indicates a higher degree of data heterogeneity.
Conversely, if Γ = 0, it suggests that the global optimum aligns
with the local optimum, indicating no bias in solutions due to the
device selection strategy, as each device’s data is IID distributed.
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Definition 2. (Selection skew [15]) For any𝑚 ∈ S(𝜋,w), the
selection skew is defined as:

𝜌 (S(𝜋,w),w′) =
∑
𝑚∈S(𝜋,w) 𝑞𝑚 (𝐹𝑚 (w′) − 𝐹 ∗𝑚)
𝐹 (w′) −∑𝑀𝑚=1 𝑝𝑚𝐹

∗
𝑚

≥ 0, (10)

where the term 𝜌 (S(𝜋,w),w′) reflects the skew between the se-
lection strategy 𝜋 and the scheme that selects all devices. S(𝜋,w)
represents the set of participants selected based on the global model
w and the selection strategy 𝜋 of FedDance. 𝑞𝑚 is the weight of
aggregation scheme q that satisfies

∑
𝑚∈S(𝜋,w) 𝑞𝑚 = 1. Due to the

dependence of 𝜌 (S(𝜋,w),w′) on the evolving global model param-
eters w and w′, we introduce two associated metrics to establish a
conservative error bound in the convergence analysis.

𝜌 = min
w,w′

𝜌 (S(𝜋,w),w′), 𝜌 = max
w

𝜌 (S(𝜋,w),w∗) . (11)

4.5.2 Convergence result. The key theoretical outcome is presented
in the subsequent theorem, showcasing that FedDance achieves
convergence to the global optimum at a linear rate, even amidst
dynamic device availability and significant data heterogeneity—an
aspect that has not been thoroughly examined in prior literature.

Theorem 1. Under Assumptions 1 and 2, with a 𝜇-convex and
𝐿-smooth function 𝐹𝑚 (w), a non-increasing learning rate 𝜂𝑡 over 𝑡
such that

𝜂𝑡0
2 ≤ 𝜂𝑡 ≤

1
4𝐿 for 0 ≤ 𝑡 − 𝑡0 < 𝜏 , and 𝛾 > 0, 𝛽 = 1

𝜇 , the
error after 𝑇 iterations satisfies:

E
[
𝐹
( ∑︁
𝑚∈S (𝑇 )

𝑞𝑚w(𝑇 )𝑚

) ]
− 𝐹 ∗ ≤ 8Γ(𝜌 − 𝜌)

3𝜌︸       ︷︷       ︸
Non-vanishing bias

+ 𝐿

𝑇 + 𝛾

(
𝛾 ∥w(0) −w∗∥2 + 4(32𝜏2𝑁 (𝑁 − 1)𝐺2 + 𝜎2)

3𝐿𝜇𝜌
+ 8Γ
𝜇

)
︸                                                                         ︷︷                                                                         ︸

Vanishing error

. (12)

Our theoretical analysis leverages online convex optimization
techniques with constrained gradient descent. Taking into account
the stochastic nature of device availability, we examine the ex-
pected outcomes over the dynamic candidate pool in each training
round, aiming to robustly quantify the convergence of FedDance.
Additionally, we evaluate the impact of data distribution diversity
among local devices on overall model convergence using general
averaging schemes, rather than simple uniform-weight averaging.
For a detailed proof, please refer to the technical report [9].

We further explore the roles of the two terms in Eq. (12) to
provide a comprehensive interpretation of Theorem 1.
Non-vanishing Bias. The first term, Ψ(𝜌, 𝜌) = 8Γ (𝜌−𝜌 )

3𝜌 , repre-
sents the bias introduced by the selection strategy. Given the def-
initions of 𝜌 and 𝜌 , we have 𝜌 ≥ 𝜌 , which implies Ψ(𝜌, 𝜌) ≥ 0.
This result also indicates that prioritizing devices whose data has
not been sufficiently trained—leading to a smaller 𝜌 and larger
𝜌—reduces the value of Ψ(𝜌, 𝜌), thereby decreasing the deviation
between the global model parameters and the optimal parameters.
Vanishing Error. As training progresses, the vanishing error (the
second term in Eq. (12)) approaches zero at a linear rate with respect
to the number of completed training rounds. Given the substantial
diversity in data distributions across local devices, it is evident that
𝜌 > 0. Thus, the selection of devices with underutilized training

Table 1: Datasets and models used in the evaluation

Dataset Model NS #Labels LS BS LR

EMNIST [16] ResNet18 [21] 131,600 47 1 32 0.1
Tiny-ImageNet [17] ShuffleNet [68] 110,000 200 4 20 0.2
Google Speech [60] ReseNet34 [21] 104,667 35 1 32 0.075

CIFAR-10 [30] ReseNet18 60,000 10 1 24 0.1

NS: Number of Samples. #Labels: Number of Labels. LS: Local Steps. BS:
Batch Size. LR: Learning Rate.

data, which increases 𝜌 , further accelerates the rate at which the
vanishing error diminishes.

5 System Implementation
Wehave implemented FedDance on top of PySyft [2]. Functioning as
a distributed service, FedDance employs a standard communication
library ( such as XML-RPC [4]) to set up the communication link
between the server and clients.

Global Coordinator. Leveraging the PySyft framework, we
implement two policies: Utility Optimizer and Participant Selec-
tor as core modules [1]. Global Coordinator listens for FL job
submissions on the server-side. Utility Optimizer employs three
long-running processes: Device Availability Predictor, Device Im-
portance Estimator, and Accuracy Increment Calculator. These pro-
cesses gather device status and local training feedback from partic-
ipants via the PySyft API model.get(participant_id). A queue
is maintained to store the estimated utility for each device, which
is then passed to Participant Selector. Subsequently, Participant
Selector can invoke the clients with the top-𝑁 utility by using
model.send(participant_id).

Local Controller. We utilize the torch.multiprocessing li-
brary [6] to implement Local Controller on each client, which
ensures that all clients remain isolated while sharing the same fun-
damental properties. Additionally, by employing the sys.monitoring
library [3], each client’s Device Status Tracer process collects device
status information over time. Meanwhile, Runtime Monitor tracks
each participant’s training accuracy at the end of every round and
monitors the training loss after each local iteration.

6 Evaluation
In this section, we provide a comprehensive evaluation of Fed-
Dance’s participant selection strategy on global model performance
and computing costs, highlighting its notable advantages over base-
line methods, in scenarios with highly dynamic device availability
and significant data heterogeneity.

6.1 Experimental Setup
Infrastructure. To evaluate the effectiveness of FedDance in real-
world scenarios, our experiments were conducted on a cluster
equipped with four NVIDIA A100 GPUs, each featuring 80GB of
memory, and two Intel Xeon Gold 6342 CPUs, each equipped with
52 cores. The CUDA version is 12.4, and the NVIDIA driver version
is 550.90.07. The training tasks are developed with PyTorch v1.13.1.
Training workloads. We selected four representative training
workloads from the image and audio classification domains, with
their models, datasets, and parameters outlined in Table 1.
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Baselines. We compared FedDance with four participant selection
baselines:
• FedAvg [45]: In FedAvg, the central server randomly selects a
subset of available devices to participate in joint training each
round, without considering other factors.
• SAFA [61]: SAFA employs a compensatory selection strategy that
prioritizes devices with less frequent participation to improve
convergence rates under extreme conditions.
• REFL [7]: REFL focuses on the least available devices, where each
device trains a local prediction model to estimate its probability
of availability.
• Oort [32]: Oort selects devices based on the utility metric that
accounts for both the importance of training samples and local
training time of each device, while completely ignoring dynamic
device availability.

Parameters.The configuration parameters for FL platformwere set
to their default values as specified in the FedScale framework [31].
The detailed hyper-parameters of all experiments are reported in
the technical report [9]. For FedDance, the future window𝐾 was set
to 5, with the history window 𝐾ℎ and the accuracy improvement
parameter 𝛽 configured to 50 and 5, respectively. The experimental
results included an analysis of the relevant parameters.
Performance metrics. Two key metrics are round-to-accuracy
performance [13, 37, 54] and final model accuracy on the test
set [32, 34]. Round-to-accuracy performance reflects data efficiency,
measured by the number of rounds required to reach a target accu-
racy. Final model accuracy indicates the generalization ability of
the trained model.
Data partitioning. To emulate heterogeneous data distributions
in real-world scenarios, we sampled label ratios from a Dirichlet
distribution, a prevalent data partitioning approach in FL [54, 62].
For each device 𝑚, using a symmetric parameter 𝛼 , we sampled
𝑝𝑙𝑎𝑏𝑒𝑙 (𝑚) ∼ Dir𝑀 (𝛼) and distributed data to devices according
to the corresponding label proportions. Notably, smaller 𝛼 values
indicate greater inter-device data heterogeneity [19]. Referring
to these related works, 𝛼 was set to be 0.1. This setup generated
complex data distributions across devices, allowing us to effectively
assess the robustness of our approach. Moreover, for the Tiny-
ImageNet dataset, which has a large number of labels, each device
was assigned data containing 50 randomly selected labels from the
total of 200, enhancing training efficiency.
Dynamic availability of devices. To emulate the dynamic avail-
ability of devices in real-world scenarios, we utilized a device activ-
ity trace that encompasses data from mobile users over the course
of one week across multiple countries [63]. This trace consists of
millions of records, including information on battery charging and
WLAN connections. In particular, a device is available when it has
power and is connected to the network [36, 47].
Hardware performance of devices. Similar to the setup in REFL,
clients’ hardware performance was randomly assigned based on
real device profiles from a popular AI Benchmark [5], which cata-
log training times for prevailing neural network models across a
variety of Android devices (e.g., Samsung S23 Ultra and Xiaomi 14).
These profiles include devices with at least 2GB of RAM and WiFi
connectivity, reflecting typical configurations in FL scenarios.
Experimental scenarios. Unless stated otherwise, in each round,
10 participants were selected from a pool of 1,000 intermittently

Table 2: The required number of training rounds (speedup
compared to FedAvg) to achieve the same target accuracy

Dataset
& Model

EMNIST
—ResNet18

Tiny-ImageNet
—ShuffleNet

Google Speech
—ReseNet34

CIFAR-10
—ReseNet18

TA 79% 19% 31% 45%

NR Sp NR Sp NR Sp NR Sp

FedAvg 421 - 670 - 522 - 510 -
SAFA 552 0.76× 989 0.68× 821 0.64× 711 0.72×
Oort 530 0.79× 978 0.69× 483 1.08× 532 0.96×
REFL 542 0.78× 890 0.75× 630 0.83× 989 0.52×

FedDance 303 1.39× 559 1.20× 420 1.24× 440 1.16×

NR: Number of Rounds. Sp: Speedup. TA: Target Accuracy.
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Figure 9: Training loss analysis in the ablation study. (left)
EMNIST. (right) Google Speech.

available devices, with a round duration of 100 seconds, as refer-
enced in REFL [7], one of the most representative works in related
studies. Each experiment was repeated three times with different
sampling seeds, and the average of the three runs was reported.

6.2 End-to-end Performance
We demonstrate the superior performance of FedDance through
comparisons with baseline methods on various datasets and neural
network models in scenarios characterized by high heterogeneity
and dynamic device availability.
FedDance improves round-to-accuracy performance.We set
the target accuracy for each task referring to related works [20, 32,
33] to investigate the convergence speed of all approaches. It is evi-
dent that FedDance achieves significant speedups in reaching the
target accuracy, as illustrated in Fig. 9 and Table 2. Using FedAvg as
a benchmark, FedDance demonstrates faster convergence: 1.39× on
the Emnist dataset, 1.20 × on the Tiny-ImageNet dataset, 1.24× on
the Google Speech dataset, and 1.16× on the CIFAR-10 dataset. Fig. 9
highlights that FedDance maintains its advantages throughout the
entire training process. The improvements in round-to-accuracy
performance are attributed to the meticulously designed utility
function. Specifically, the consideration of importance factor and
accuracy improvement factor, with the latter seamlessly incorpo-
rating the dynamic characteristics of the local model during joint
training, ensures that FedDance effectively selects devices that ac-
celerate the convergence of the global model. Additionally, other
experimental results are provided in the technical report [9], due
to space limitations.
FedDance promotes final model accuracy. Upon convergence,
as depicted in Table 3, FedDance achieves a 1.69%-3.81% higher final
model accuracy on the Emnist dataset, a 3.57%-6.10% improvement
on the Tiny-ImageNet dataset, a 1.98%-12.83% enhancement on the
Google Speech dataset, and a 1.58%-8.39% increase on the CIFAR-10
dataset. These substantial improvements can be mainly credited
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Table 3: The test accuracy (%) after 1000 training rounds

Dataset
& Model

EMNIST
—ResNet18

Tiny-ImageNet
—ShuffleNet

Google Speech
—ReseNet34

CIFAR-10
—ReseNet18

FedAvg 84.30 ± 1.03 22.01 ± 0.60 44.99 ± 0.89 51.09 ± 0.91
SAFA 83.49 ± 1.29 19.48 ± 0.71 34.14 ± 1.34 45.71 ± 1.42
Oort 82.18 ± 1.21 19.82 ± 0.63 42.35 ± 1.22 49.07 ± 1.16
REFL 83.26 ± 1.12 20.80 ± 0.69 43.33 ± 1.14 44.28 ± 1.38

FedDance 85.99 ± 0.71 25.58 ± 0.30 46.97 ± 0.61 52.67 ± 0.64

to the thorough modeling of the impact of dynamic device avail-
ability. This prevents short-sighted selections that could introduce
biases, lowering final model accuracy due to the inclusion of data
from low-availability devices that cannot participate in enough
training rounds. Furthermore, importance factor within the util-
ity function encourages FedDance to select valuable devices that
efficiently enhance model accuracy. In contrast, a careless and inat-
tentive participant selection strategy may involve devices with low
availability and subpar data, thereby undermining the performance
of the global model.

6.3 Microscopic Evaluation
Here, we first test Device Availability Predictor, followed by an abla-
tion study. Additionally, we analyze the sensitivity of the accuracy
improvement parameter (𝛽) and evaluate the model performance
under different numbers of participants. The key points include:
• FedDance can predict device availability with consistently over
90% accuracy, while maintaining a computational overhead of
less than 0.01 ms per prediction instance.
• FedDance demonstrates similar performance across a range of
𝛽 values, consistently surpassing baseline methods in terms of
final model accuracy.
• FedDance improves global model performance across different
numbers of participants and invariably outperforms the baselines.

6.3.1 Performance of device availability predictor. To evaluate the
effectiveness of Device Availability Predictor in FedDance under
complex scenarios involving dynamic availability, we tested it us-
ing trace data from 500 devices. Each device’s activity trace was
leveraged to forecast its availability over a 1000-minute timeframe.
Based on Eq. (5), we treated this as a binary classification problem,
classifying a device as available if its predicted availability proba-
bility exceeded 0.5, and then compared this classification with the
ground truth from its trace.

The 5-round future window, with each round lasting 100 seconds,
aligns with the observation that most active periods of devices are
under 10 minutes, as depicted in Fig. 3. Additionally, Fig. 10(a)
indicates that a 50-round history window pairs best with Device
Availability Predictor in FedDance when using this 5-round future
window. Furthermore, Fig. 10(b) confirms the optimal pairing of
the 5-round future window with the 50-round history window.
Consequently, using these windows, Device Availability Predictor
in FedDance achieve the highest average prediction accuracy over
the 1000-minute test. Specifically, Fig. 11(a) demonstrates that its
classification accuracy of availability for 500 devices consistently
exceeds 90%, outperforming the predictor in REFL, despite the
dramatic fluctuations in the number of online devices over time.

Table 4: Metrics of Device Availability Predictor in FedDance
(equiped with a 5-round future window and a 50-round his-
tory window) and REFL

Metric Avg. Accuracy Avg. Precision Avg. Recall Avg. F1 Score

REFL 92.71% 87.31% 94.27% 89.89%
FedDance 85.64% 87.19% 81.82% 83.58%
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Figure 10: Sensitivity of Device Availability Predictor.
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Figure 11: Performance comparison of Device Availability
Predictor in FedDance (equipped with a 5-round future win-
dow and a 50-round history window) and REFL.

Furthermore, Table 4 demonstrates that the performance met-
rics of Device Availability Predictor in FedDance are excellent and
outperform those of the predictor in REFL. This reflects that only a
few future-available devices are misclassified as future-unavailable,
and vice versa. Fig. 11(b) highlights that the computational over-
head for a single instance of device availability prediction is less
than 0.01 ms, offering an order-of-magnitude advantage over REFL.
Therefore, given the high prediction accuracy and negligible com-
putational overhead, the results of the device availability prediction
are reliable for subsequent utility calculations and online device
selection in FedDance.

6.3.2 Ablation studies. We also quantified the impacts of different
modules in Utility Optimizer and the confidence bound term in
the utility function by comparing FedDance with several model
variants: (1) FedDance−𝑉 : Device Availability Predictor in Utility
Optimizer is disabled, resulting in that certain devices with sharply
varying availability enrolls in joint training; (2) FedDance−𝐴: Ac-
curacy Increment Calculator is ablated, potentially leading to the
selection of devices that offer negligible accuracy improvements,
which do not benefit the convergence of the global model; (3)
FedDance−𝐼 : Device Importance Estimator is removed, increasing
the likelihood of selecting devices with low-value data for training;
(4) FedDance−𝑉𝐴: Both Device Availability Predictor and Accuracy
Increment Calculator are excluded; (5) FedDance−𝑈 : The confidence
bound term in the utility metric is removed, eliminating the extra
privilege granted to devices that have been idle for a long time
since their last participation.
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Figure 12: Breakdown of round-to-accuracy performance.
(left) Tiny-ImageNet. (right) Google Speech.
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Figure 13: Number of rounds to reach the target accuracy.
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Figure 14: Training loss analysis in the ablation study. (left)
Tiny-ImageNet. (right) Google Speech.

Ablation study of round-to-accuracy performance. Fig. 12
presents the breakdown of round-to-accuracy performance, il-
lustrating that FedDance benefits significantly from the care-
fully crafted modules in Utility Optimizer. The performance of
FedDance−𝑉𝐴 is underwhelming. FedDance−𝑉 improves model
performance to some extent by integrating Accuracy Increment Cal-
culator, which encourages the selection strategy to skip devices
that contribute little to the joint training due to their minimal
accuracy improvements. Meanwhile, FedDance−𝐴 significantly im-
proves training efficiency by fully accounting for device dynamics,
preventing the introduction of negative bias from underutilized
data contributed by devices with fluctuating availability. In contrast,
the performance of FedDance−𝐼 is inadequate, as it selects some de-
vices with subpar data. Comparatively, FedDance−𝑈 demonstrates
superior performance, as it includes all the aforementioned modules
but omits the confidence bound term in the utility function, which
specifically prioritizes devices that have been idle after their last
involvement. Overall, FedDance outperforms all these model vari-
ants by comprehensively considering all relevant elements, leading
to a more well-reasoned participant selection.

Considering the accuracy achievable by various methods, we
then set the target accuracy to 14% for Tiny-ImageNet and 31%
for Google Speech to evaluate the convergence speed of differ-
ent approaches. As shown in Fig. 13, FedDance exhibits a clear
advantage over the model variants by incorporating all modules
and the confidence bound term, achieving speedups of 1.31-1.44×
over FedDance−𝑉𝐴 , 1.33-1.66× over FedDance−𝐼 , 1.22-1.31× over
FedDance−𝑉 , 1.04-1.07× over FedDance−𝐴 , and 1.02-1.09× over
FedDance−𝑈 . Furthermore, Fig. 14 reveals that FedDance converges
to the minimum global training loss at a considerable rate. Thus,
FedDance notably accelerates the training as analyzed in § 4.5.2.

Ablation study of final model accuracy. Fig. 15 presents
the breakdown of the final model accuracy. FedDance−𝐼 exhibits
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Figure 15: Breakdown of final model accuracy.
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Figure 16: The sensitivity of accuracy improvement factor.
(left) EMNIST. (right) Google Speech.

subpar performance because it lacks evaluation of data value on
local devices during joint training. In contrast to FedDance−𝐼 ,
FedDance−𝑉𝐴 shows a modest improvement in accuracy, ranging
from 0.16% to 3.25%, despite neglecting both the dynamic avail-
ability of devices and their past contributions in the absence of
precise analysis. FedDance−𝑉 achieves a more substantial accu-
racy gain of 2.24% to 4.52%, as it incorporates an accuracy im-
provement factor into the utility function, prioritizing devices that
maintain training vitality, especially in the later stages of training.
FedDance−𝐴 demonstrates a stronger advantage, with accuracy
improvements of 4.32% to 13.26%, as it models dynamic device
availability to avoid short-sighted selections. Meanwhile, the per-
formance of FedDance−𝑈 is more prominent, delivering accuracy
increases of 7.38% to 16.53%, since it just lacks the confidence bound
term to preserve a balance between exploitation and exploration.
Ultimately, FedDance outperforms all model variants, with an ac-
curacy increase of 9.06% to 17.50%.

Impact of accuracy improvement parameter 𝛽 . This param-
eter is to control the length of the history window used for quan-
tifying accuracy improvements. As shown in Fig. 16, increasing 𝛽
initially improves the final model accuracy, but beyond a certain
threshold, it causes a decline. This is because, on the one hand,
when 𝛽 is small, the accuracy improvement factor only reflects the
training accuracy increments from the most recent few rounds of
participation, making it more susceptible to occasional accuracy
peaks or short-term fluctuations between consecutive rounds. On
the other hand, when 𝛽 is large, the accuracy improvement factor
incorporates increments from involved rounds that occurred much
earlier, which may not accurately represent the current training
dynamics of the local model. Nevertheless, a comparison of the final
model accuracy in Table 3 and Fig. 16 reveals that FedDance, with
𝛽 values varying within a certain range, consistently outperforms
the baseline methods.

Performance for different number of participants 𝑁 .We
evaluated FedDance with different numbers of participants in
each round. Fig. 17 shows that FedDance improves both round-
to-accuracy performance and final accuracy across varying partici-
pant numbers. Furthermore, increasing the number of participants
can enhance the global model performance to some extent. This
is because a larger number of participants enhances the model’s
generalization ability by increasing data diversity and enabling
more effective optimization across different data distributions.
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Figure 17: FedDance scales to a large number of participants.
(left) Tiny-ImageNet. (right) Google Speech.

6.4 System Overhead
As shown in Fig. 18, FedDance markedly reduces the computational
overhead on the local device during participant selection, achieving
a nearly order-of-magnitude decrease compared to REFL and Oort.
A closer examination reveals that the 90th percentile of computa-
tional overhead for all participants is 4 seconds for REFL, 0.5 ms
for Oort, and 0.1 ms for FedDance. Similarly, the average computa-
tional overheads are 3 seconds, 0.47 ms, and 0.17 ms, respectively.
Consequently, FedDance reduces the computational overhead by a
factor of up to 3000 compared to REFL and by a factor of 3 compared
to Oort, highlighting its remarkable efficiency.

FedDance requires only a binary value to record each device’s
availability in each round for availability prediction, with all par-
ticipant selection computations performed on the server. On the
device-side, FedDance merely necessitates Runtime Monitor to col-
lect training metrics data during each round. Especially, FedDance
acquires the loss of trained samples as a byproduct of local training,
which can be easily obtained during training. Consequently, these
measures keep the device’s computational overhead negligible.

Conversely, REFL requires each candidate device to train a local
prediction model before joint training, relying on on-device events
such as charging status. Moreover, REFL obliges the device to adjust
the parameters of its local prediction model as the time window
shifts each round, a time-consuming process involving recorded
data handling and parameter optimization. Oort demands the train-
ing loss of all samples in the dataset, whereas local training typically
involves only 𝜏 mini-batches, generally smaller than the complete
local dataset. This process increases the device-side overhead.

7 Related Work
Participant selection is a critical problem in FL [14, 44, 49, 64, 65].
We review three key aspects of participant selection, detailed below.
Prediction of dynamic device availability. A few studies have
investigated the issue of dynamic device availability, which can
adversely affect the performance of the global model. Power-of-
choice [15] selects participants from available devices in each round
based on a specific criterion, but it has only been tested in simple
scenarios where each device comes online every other round. More-
over, it requires a separate process to gather state information from
local devices before calculating the metric for participant selection.
Similarly, REFL [7] predicts device availability by local prediction
models. However, it introduces additional computational overhead
for training these local models, and demands dedicated communi-
cation to retrieve these predictions.
Evaluation of data heterogeneity. Various research efforts have
focused on addressing data heterogeneity [19, 32, 43, 46, 57]. Fa-
vor [59] estimates the data distribution of the differences in up-
loaded model weights and incorporates this information into the
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Figure 18: CDF of computational overheads across all local
devices during participant selection over 1000 rounds. (left)
EMNIST. (right) Google Speech.

statistical utility to guide participant selection. TiFL [13] classifies
devices into tiers based on their training performance and selects
devices from the same tier in each round to address heterogeneity
in resource and data quantity. AutoFL [29] designs a heterogeneity-
aware participant selection strategy aimed at optimizing energy
efficiency in FL. However, these approaches struggle in scenarios
with dynamic device availability, where the pool of online devices is
constantly evolving. This results in continuous shifts in the global
data distribution across rounds due to the aggregation of diverse
local data. Furthermore, they ignore accuracy fluctuations in lo-
cal models, leading to short-sighted selections that degrade the
long-term performance of global model.
Quantification of training dynamics. Several studies integrate
device state information to maintain the vitality of the global model
during the dynamic training process. FLOAT [27] leverages multi-
objective reinforcement learning with human feedback. It incor-
porates device status into a device’s reward function to automate
the selection of optimization techniques, thereby improving partici-
pants’ resource efficiency. FedRank [56] views participant selection
as a ranking problem, and directly integrates the global model’s
test accuracy into the reward function. However, these approaches
neglect local data distributions and fail to capture the fine-grained
training dynamics. Additionally, the need for offline pre-training
and human feedback renders these methods impractical and fragile
in complex scenarios.

8 Conclusion
This paper thoroughly analyzes the challenges posed by the in-
herent dynamic nature of FL in participant selection, especially in
the presence of significant data heterogeneity. To address these
challenges, we propose FedDance, a robust participant selection
framework for FL. To the best of our knowledge, FedDance is the
first to simultaneously integrate three critical aspects of participant
selection in FL: modeling of dynamic device availability, evaluation
of data heterogeneity, and quantification of dynamic accuracy im-
provement. Moreover, our theoretical analysis and experimental
results demonstrate that FedDance not only enhances model ac-
curacy and accelerates model convergence, but also achieves this
with minimal computational overhead on the device-side.
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