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Abstract—In a federated learning environment with heteroge-
neous, limited and time-varying computational resource capabil-
ities, it is challenging to update deep neural network in real-
time. To address this challenge, we propose FedAD, an adaptive
block-dropping approach for federated learning on resource-
constrained devices. FedAD dynamically adjusts the size of the
local training model in real-time by dropping blocks based
on the device’s varying resource availability. This is controlled
by a policy network, which determines the drop probability
for each block depending on data inputs. Using the policy
network’s output, FedAD generates a drop policy that decides
which blocks in the neural network are dropped during local
training. Applying this method, each device can independently
generate the drop policy that dynamically adapts to the input and
real-time available resources. Extensive experiments demonstrate
that FedAD converges faster and outperforms state-of-the-art
methods in resource-constrained settings, performing on par with
or better (between 10% to 50%) than baselines in resource-
rich environments. Additionally, FedAD demonstrates strong
adaptability to real-time resource fluctuations and high flexibility
in accommodating heterogeneous resources.

Index Terms—Federated learning, device heterogeneity,
resource-constrained, real-time system, conditional computation

I. INTRODUCTION

Federated Learning (FL) [1] enables distributed clients
with private data to collaboratively train models under the
coordination of a central server, addressing privacy concerns
and regulatory requirements such as GDPR [2] and CCPA
[3]. However, training deep neural networks (NN) locally is
resource-intensive, and device computational capabilities in
FL systems are often heterogeneous [4], posing significant
challenges for real-world deployment [5].

Existing methods to address computational bottlenecks
include adjusting training configurations such as tolerating
longer learning delays [6], adapting the number of local train-
ing iterations [7], using variable batch sizes [8], employing
asynchronous aggregation [9], and optimizing device selection
through excluding stragglers [10] or intelligent scheduling
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such as AutoFL [11]. Other approaches reduce local compu-
tational burden through external assistance, like AnytimeFL,
[12] it leverages early-exit mechanisms and additional adapters
for pre-trained Transformers. However, these approaches often
sacrifice model performance, require additional server-side
computation, or are restricted to specific model architectures.
In contrast, partial training-based model-heterogeneous FL
offers a more flexible solution by extracting sub-networks from
the global model for local training, directly adapting model
complexity to each device’s available resources without exter-
nal dependencies. These approaches can be classified into three
types: width scaling, depth scaling, and joint width-depth scal-
ing. Width scaling-based methods (e.g. HeteroFL [13], FjORD
[4]) adjust model size by scaling convolutional layer channels
but introduce channel mismatches during aggregation. Depth
scaling-based methods (e.g., DepthFL [14], FedSplitX [15])
allow clients to train networks of varying depths, showing
better performance. Joint width-depth scaling methods (e.g.,
ScaleFL [16], NeFL [17]) simultaneously reduce both width
and depth to construct nested sub-networks.

However, existing depth scaling-based methods still face
several challenges. (1) Fixed submodel size limits global
performance: Most methods extract submodels by dropping
or freezing deep blocks, preventing deeper layers from be-
ing trained on resource-constrained devices [14]. (2) Sub-
model extraction strategies are complex and inefficient:
While some approaches enhance performance through block
selection or progressive training, their submodel extraction
strategies are heuristic, lacking efficiency and with limited
applicability [18]. (3) Significant additional computational
and communication overhead: Some methods introduce
extra overhead through self-distillation or offloading training
tasks to the server [15]. (4) Neglecting time-varying resource
availability: Most methods assume stable device resources,
making them unsuitable for real-time systems where resources
fluctuate due to competing tasks [19]. For instance, Google
GBoard [20] trains models only when devices are charging
and idle; once conditions change, training halts, resulting in
accuracy reduction [21].

To address these challenges, we propose FedAD, an
ADaptive block dropping approach for Federated learning on
resource-constrained devices. It dynamically adapts to both
input samples and changing device computational resources,
ensuring resource awareness and efficient resource utilization
during training, and maintaining model performance in real-
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time system. Specifically, we focus on modular neural net-
works which are composed of multiple similar blocks stacked
together for image classification (referred to as the classifier),
such as ResNet [22], MobileNet [23], etc.. In FedAD, a policy
network based on conditional computation [24] is introduced
to determine the drop probability for each block based on
the data input. Using the output of the policy network, along
with time constraints and device’s computational capabilities,
FedAD generates a drop policy that determines which blocks
in the classifier are dropped during local training. The policy
network and classifier are jointly trained with the goal of min-
imizing the loss. Furthermore, to minimize additional resource
consumption, the introduced policy network is designed to be
lightweight, details of which will be discussed in section V.

The main contributions of our work are as follows:
• We address the problem of resource availability in real-

time systems, considering devices with heterogeneous
and time-varying resources, which has received relatively
little research attention.

• We propose FedAD, a method that combines conditional
computation with federated learning to dynamically ad-
just model complexity during training. FedAD generates
input-specific drop policies in real-time, adapting flexibly
to heterogeneous and fluctuating device resources.

• We conduct extensive experiments across various datasets
and modular neural networks to validate the effectiveness
of FedAD.

The rest of the paper is organized as follows. The re-
lated work is presented in section II. Section III presents
the preliminaries and formalizes the problem. In section IV,
the proposed framework FedAD is illustrated. Experimental
results and analysis are reported in section V. And section VI
concludes the paper with future directions.

The rest of this paper is organized as follows. Section II
reviews the related work. Section III presents the preliminaries
and formalizes the problem. Section IV describes the proposed
FedAD framework in detail. Section V reports the experimen-
tal results and analysis. Finally, Section VI concludes the paper
and outlines directions for future work.

II. RELATED WORK

In this section, we briefly review the literature related to our
research, covering two domains: partial training-based model-
heterogeneity federated learning and conditional computation.

A. Partial Training-based Model-Heterogeneous FL

Federated learning methods aware of computational re-
sources include full neural network training and partial
training-based approaches. Our work belongs to the latter,
which extracts sub-networks from the global model to match
device resource availability [21]. Existing methods can be
categorized into width scaling and depth scaling [14].

Width scaling-based methods reduce model size by nar-
rowing network width. HeteroFL [13] and FjORD [4] create
hierarchical structures where smaller sub-networks are con-
tained within larger ones, but this limits resource granularity

and leaves parts of the global model untrained on resource-
constrained devices, affecting overall performance. To address
these issues, randomized sub-network selection methods have
been introduced. Federated Dropout [5] applies server-side
dropout, sending smaller networks to devices for training,
FLFISH [25] assigns customized dropout masks based on
device resources, and DISTREAL [21] adjusts computational
complexity by randomly dropping convolutional filters without
a fixed layer subset ratio. However, random sub-model selec-
tion struggles with highly heterogeneous data environments
with small client populations. To mitigate this, FedRolex
[26] uses a rolling window approach to improve sub-model
extraction and balance random and static selection issues.

Despite progress, width scaling-based methods suffer from
parameter mismatches during aggregation, leading to lower
accuracy [14]. Depth scaling-based methods address this
issue. CoCoFL [18] reduces communication and computation
demands by freezing and quantizing selected layers while
keeping other layers in full precision, but requires additional
computation and time-consuming heuristic searches. In con-
trast, FedSplitX [15] and FedAdapt [27] split models into
client-side and server-side components to alleviate the com-
putational burden on the device, but uploading smashed data
increases privacy risks and communication costs. DepthFL
[14] prunes deeper layers based on client resources but uses
fixed sub-model structures, which can affect the global model’s
performance. Although the authors alleviate this by using
mutual self-distillation, it complicates the training process. To
mitigate these issues, Wu et al. introduced ProFL [28], a pro-
gressive block training based method, where only part of the
model is trained in each round. However, the block-freezing
strategy is complex and introduces significant computational
overhead.

Joint width-depth scaling-based methods simultaneously
adjust both network width and depth. ScaleFL [16] constructs
nested sub-networks by progressively pruning both channels
and layers with self-distillation. NeFL [17] generates sub-net-
works via joint width-depth scaling inspired by ODE solvers,
allowing each client to dynamically select a sub-network based
on its resource constraints. However, both methods assign
sub-networks solely based on device resource levels, without
adapting to the complexity of individual input samples.

Additionally, many existing partial-training methods assume
constant resource availability, making them unsuitable for real-
time systems where device resources vary over time. Motivated
by these challenges, we propose FedAD, which introduces a
lightweight policy network that dynamically generates sub-
networks tailored to both each client’s real-time computational
constraints and the difficulty of each input sample. This ap-
proach minimizes additional computation and communication
overhead while maintaining the global model’s performance.

B. Conditional Computation

Conditional computing is a method that adds dynamic
behavior to models by adapting them based on task-specific
conditional inputs [24]. Formally, given a conditional input C
and an auxiliary module AM(·; θ), a signal S can be generated
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as S = AM(C; θ). This signal can then be used to modulate
the model, facilitating processes such as dynamic routing or
feature adaptation based on the conditional input.

Several methods for conditional computation have been
proposed to dynamically activate different modules of a net-
work model based on specific inputs. To reduce computational
overhead, Wang et al. introduce SkipNet [29], a modified
residual network that employs a gating mechanism to selec-
tively bypass convolutional blocks depending on the activa-
tions of the preceding layer. SpotTune [30] further extends this
idea by using a policy network to make per-image decisions,
determining which blocks in a pre-trained residual network
should be fine-tuned. For inference efficiency, ConvNet-AIG
[31] uses Gumbel Softmax [32] to activate layers dynamically
based on input image complexity. Recognizing that varying
image complexities demand different network depths, Block-
Drop [33] learns layer selection to optimize computation effi-
ciency without compromising accuracy. To further accelerate
inference and reduce computational costs, BranchyNet [34]
introduces a novel architecture with additional side branch
classifiers which enable early exits, effectively speeding up
inference for simpler cases.

In the realm of federated learning, FedCP [35] generates
conditional policies for each sample to separate global and
personalized features to enhance personalization. Similarly,
Yin et al. introduced FedCLCC [36], which employs con-
ditional computing to separate features, integrating it with
contrastive learning to achieve higher personalization. While
these approaches focus on personalization, our work leverages
conditional computation to address the challenge of heteroge-
neous device resources in FL.

III. PRELIMINARIES

Before formulate the problem we solve, we provide a
definition of the modular neural network.

Modular Neural Network: Consider a neural network Nθ

composed of an input layer I, an output layer O, and B blocks
B. The blocks are composable functional modules, and can be
dropped from the network. We denote the complete network
as

Nθ = OθO ◦ BθB ◦ BθB−1
◦ · · · ◦ Bθ1 ◦ IθI (1)

where Bθi represents the i-th block with parameters θi. Given
a routing a = [a1, a2, . . . , aB ] with ai ∈ {0, 1} (a binary
vector where ai = 1 indicates the block is retained and ai = 0
indicates it is dropped) and it corresponding to block Bi, a sub-
network Nθ′ is obtained. Let S = {i1, . . . , ik} (i1 < · · · < ik)
denotes the indices of the kept blocks, the sub-network with
parameters θ′ = {θI, θO, θi|i ∈ S} is defined as

Nθ′ = OθO ◦ Bθik ◦ Bθik−1
◦ · · · ◦ Bθi1 ◦ IθI (2)

where i1 < i2 < · · · < ik. An example is given by Fig. 1.
Problem Statement: Suppose we have N clients with their

private training data D = {D1, D2, . . . , DN} and device
computational resource constraints R = {r1, r2, . . . , rN}. The
main object of our problem is to minimize the global loss
under computation constraint, by generating the sub-network
for each device per round per input:
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Fig. 1: A toy of modular neural network and sub-network.

min
Θ,Θ̃

Lglobal(Θ, Θ̃)
△
=

N∑
n=1

knLn(Θn, Θ̃n)

s.t. tn(Θn) ≤ T, ∀n ∈ N

(3)

with

Ln(Θn, Θ̃n)
△
=

1

|Dn|

|Dn|∑
i=1

L(Θn, Θ̃n;xi, yi, rn) (4)

where L(·) is the loss function, kn = |Dn|/
∑N

j=1 |Dj |,
and |Dn| and |Dj | are the amount of local data samples on
client n and j. tn(·) is client n’s training time per round,
and T is the pre-defined round time. Θ and Θn are global
and local model parameters, which are both the complete NN
described as formula (1). Differently, the client trains only a
sub-network of Θn defined by formula (2) being dependent on
the policy network Θ̃n and the device computation resource
constraint rn. Note that resource constraints may change over
time, and input samples are different, causing dynamic sub-
network changes. For simplicity, we represent them with the
same notation here.

IV. METHODOLOGY

In this section, we provide a detailed overview of FedAD.
FedAD dynamically generates a drop policy (a binary vector
as defined routing a ∈ {0, 1}B in Section III)) to construct
sub-networks during training based on the data input and
computational constraints of devices, using a policy network.
This process will be explained in section IV-A. Following that,
we will introduce the training process of the policy network
and the overall framework of FedAD. Finally, we will discuss
the effectiveness of FedAD in saving resources.

A. Resource-Aware Sub-network Extraction

In FedAD, both the global model and local models are com-
plete modular NN, while clients train sub-networks of their
local models. These sub-networks are dynamically generated
based on the input, the round time and computational resource
constraints. The policy network predicts each block’s drop
probability, while constraints determine how many blocks to
remove, together defining the drop policy, which generates
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Fig. 2: Illustration of our proposed resource-aware local model generation process.

sub-networks. This process is illustrated in Fig. 2. Note that
only blocks with identical input and output dimensions are
droppable. Dimension-changing blocks and the input/output
layers form a fixed backbone, ensuring that a valid gradient
flow path always exists regardless of the drop policy.

Resource Quantification. To generate the drop policy, we
need to quantify the computational resource. We use FLOPS
[37] to measure the computing power rn of client n, and
MACs [21] to measure the computational demand of a model
[38]. For global model Θ consisting of basic modules (such
as the input and output layers) and droppable blocks B, the
computational demand is

CΘ = cbasic + cBθ1
+ · · ·+ cBθB

(5)

where cbasic is the MACs of basic modules, and cBθi

represents the MACs of the block Bi. To simplify, we denote
the MACs of blocks B as the vector c = [cBθ1

, . . . , cBθB
].

For client n with device computing power constraint rn,
before each round, C̄n is the maximum MACs that can be
supported for model training in each batch (called upper bound
MACs) is calculated, which is the average of the maximum
supported MACs per round across the batches. According to
[39], the local training time per round is given by

tn =
2× CΘn × |Dn| × E

rn
× 2 (6)

where Θn represents the computational demand of local model
Θn and E is the number of epochs. The first multiplication by
2 account for 1MACs = 2FLOPS [40], and the second one
because a training step (forward pass, backpropagation and
weight updates) requires about 2× more MACs than forward
pass alone [41]. Therefore,

C̄n =
rn × T × batch size

2× E × |Dn|
. (7)

Discussion on Modeling Assumptions. The FLOPS/MACs
abstraction in Eqs.(5)–(7) is a first-order approximation that
does not capture hardware effects such as memory bandwidth,

framework overhead, and operator-level utilization, and the
peak FLOPS rn overestimates sustained throughput. However,
this does not compromise FedAD’s decision quality: the drop
policy inequality in Eq. (10) is a MACs-domain comparison
in which both the candidate sub-network cost (c · d+ cbasic)
and the upper bound C̄n are computed under the same peak-
FLOPS convention, so any systematic utilization gap cancels
out and only the relative ranking of configurations matters. The
round time T further serves as a soft buffer rather than a hard
deadline, absorbing residual imprecision. Empirical validation
is provided in Section V-E.

Drop Policy Generation. For batch input Xn and modular
network Θ with B blocks, the drop policy d is obtained
through the following steps:

• Step1: Input Xn into the policy network:

S = fpn(Xn, Θ̃n) (8)

where fpn is the policy network parameterized by Θ̃n,
and S ∈ Rbatch size×B×2 is the output tensor of the
network. After averaging along the batch dimension and
applying softmax [42], we get S̄ ∈ RB×2.

• Step2: We employ the Gumbel-Softmax sampling strat-
egy to acquire the probability of each block being kept
and dropped. To make the probability more deterministic,
i.e., to have it approach values closer to 0 or 1, we
introduce an adjustment matrix V ∈ RB×2 (where
Vi1 = σ, Vi2 = γ), to amplify the difference between S̄i1

and S̄i2. The probability matrix P ∈ RB×2 is calculated
by:

P = Gumbel − Softmax(S̄+V) (9)

For each block Pi = [Pi1, Pi2] (Pi1, Pi2 ∈ [0, 1] and
Pi1 + Pi2 = 1) where Pi1 represents the likelihood of
block Bi being kept, and Pi2 indicates the probability of
being dropped, accordingly.

• Step3: In Step 2, P is the logits (shown in Fig. 2)
obtained based on the input samples, but determining
the drop policy also requires considering the device’s
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Algorithm 1 Resource-Aware Sub-network Extraction

Input: Batch dataset Xn, upper bound Macs C̄n, policy net-
work parameters Θ̃n, adjustment matrix V , block MACs
vector c, MACs of basic modules cbasic, batch size

1: Compute probability matrix P using formula (8) and
formula (9)

2: Initialize d = [1, . . . , 1] and get p = P[:, 1]
3: Sort p in descending order
4: if 2× (c · d+ cbasic)× batch size ≤ C̄n then
5: break
6: else
7: for element pi in p do
8: if 2× (c · d+ cbasic)× batch size ≤ C̄n then
9: break {Condition satisfied, stop dropping blocks}

10: end if
11: idx← GetIdx(pi)
12: didx ← 0 {Drop block Bidx}
13: end for
14: end if
15: d = (d − p).detach() + p {Ensure the entire network

structure is continuously differentiable.}
16: Input d into the classifier

computing power and round time constraints. Therefore,
we binarize P (generating the drop policy d) in the
following way. i) Initialize d as an all-ones vector. ii) Sort
drop probabilities p = P[:, 1] in descending order. iii)
Check whether inequality (10) is satisfied. If it does, the
device is capable of training the complete global model.
Otherwise, iteratively set dj = 0 for blocks with highest
drop probability until:

2× (c · d+ cbasic)× batch size ≤ C̄n (10)

where · is the dot product operation. In this way, we can
retain as many blocks as possible under constraints to
ensure the performance of the local model [43]. In d,
1 indicates keep the corresponding block, and 0 means
drop.

Finally, we can obtain the sub-network for the current batch
based on drop policy d. The obtained sub-network through
our method not only meets the resource constraints but also
ensures model performance. The per-batch process for client
n is shown in Algorithm 1.

B. Policy Network Training

As shown in Fig. 2, the drop policy d is input into the
classifier, linking the policy network and classifier for joint
training. To maintain differentiability, we apply the detach()
operation [44] (line 15 of Algorithm 1) to link d and P.
The detach() method separates the gradient of d from the
computation graph, ensuring this part does not affect gradient
calculations during backpropagation. In this way, the model
focuses on the drop policy d during the forward pass, while
during backpropagation, it concentrates on the continuous
variable p.

Therefore, by using the detach() operation, and sampling
the probability matrix from a Gumbel Softmax distribution, we
can backpropagate through the discrete samples to the policy
network. By employing the cross entropy loss [45] Lc for the
multi-class classification task (formula 11), the policy network
is jointly trained with the classifier to identify the optimal
drop strategy that minimizes the loss while adhering to device
constraints.

Lc = −
C∑
i=1

yilog(ŷi) (11)

where C is the number of category, yi is a one-hot encoding
vector of the truth label, and ŷi is the predicted probability
belonging to category i.

C. FedAD Framework

FedAD follows standard FL with N clients and a server, and
each training round is completed by four steps: i) broadcast
global model; ii) local update; iii) upload local models; iv)
server aggregation. However, there are some key differences
between FedAD and traditional FL need to be noted. i)
in FedAD, we introduce a policy network which is trained
together with the classifier, so we bundle it and classifier for
model transmission, training, and aggregation. ii) in FedAD,
the local training might involve only a sub-network is trained,
and routing varies between batches, dynamically adjusting
sub-networks. It is important to note that dropped blocks are
just excluded from current training, not removed from the local
model entirely. iii) the aggregation method in FedAD varies
depending on the situation.

Aggregation. We denote the parameters set of local model
for client n as Θn = {basicθn,1 θn, . . . ,B θn}. Additionally,
client n uploads a binary signal vector un of length B after
each training round, where ui

n = 1 indicates block Bi is
updated by client n, and ui

n = 0 indicates it has not. Policy
network and basic blocks are updated by all selected clients,
and we use the method of FedAvg [46] for aggregation:

Θ̃t =
∑
n∈S

|Dn|∑
j∈S |Dj |

Θ̃t
n (12)

basicθ
t =

∑
n∈S

|Dn|∑
j∈S |Dj |

basicθn
t (13)

For blocks Bi in classifier, if the block Bi is not updated
by any client, its parameters in the global from the previous
round are retained:

iθ
t =i θ

t−1 (14)

Otherwise, we only aggregate the parameters from the clients
that have updated them:

iθ
t =

∑
n∈S

∧
ui
n=1

|Dn|∑
j∈S

∧
ui
j=1 |Dj |

iθn
t (15)

where t represents the round number. The pseudocode of
FedAD is in Algorithm 2.

Remark on the sufficiency of partial data-proportional
aggregation. FedAD’s aggregation strategy is a block-wise
partial averaging scheme: for each droppable block Bi, only
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Fig. 3: The framework of FedAD. Three clients have different types of devices with varying computational capability. A higher
computing power level indicates more available resources. During local training, the darker the color of the blocks, the more
frequently they have been trained.

Algorithm 2 FedAD (proposed approach)

Input: N clients, global round number T ,
1: Θ0, Θ̃0 ← Initialize the global model and the global policy

network
2: for each round t = 0, 1, . . . , T do
3: St ← Samples a subset of clients
4: Broadcast Θt and Θ̃t to clients n ∈ St

5: for each client n ∈ St in parallel do
6: Θt

n, Θ̃
t
n,u

t
n ← Perform ClientUpdate and Receive

updated local model, local policy network and signal
vector {Call Algorithm 3}

7: end for
8: Θt+1, Θ̃t+1 ← Aggregate received models according to

formula (12)-(15)
9: end for

clients that trained Bi contribute to its update, with data-
proportional weights. This simple design is sufficient for two
reasons. First, FedAD’s depth-wise block dropping preserves
each retained block’s original parameter structure, so the
shape-misalignment issue typical of width-scaling methods
does not arise. Second, the policy network (Section IV-B) is
trained end-to-end to retain only the blocks most critical for
each input under the resource budget, so per-block updates
reaching the server are already aligned with a shared objective.
A natural alternative is to replace the binary indicator ui

n

with a continuous frequency signal ũi
n ∈ [0, 1] and weight

aggregation as wi
n ∝ |Dn| · ũi

n. We do not adopt this scheme
because ũi

n is governed primarily by a client’s resource
budget rather than by update informativeness; down-weighting
low-frequency clients penalizes compute scarcity rather than

Algorithm 3 ClientUpdate

Input: Local dataset Dn, training epochs E, batch size, learn-
ing rate for the classifier η1 and policy network η2

1: Θt, Θ̃t ← Receive the global model and the global policy
network

2: Hn ← Split local dataset Dn into batches of batch size
3: for each epoch e from 1 to E do
4: C̄n ← Calculate upper bound MACs according to

formula (7)
5: for batch hn ∈ Ht do
6: Θt

n = Θt
n − η1∇Θt

n
L(Θt

n, Θ̃
t
n;hn, C̄n);

Θ̃t
n = Θ̃t

n − η2∇Θ̃t
n
L(Θt

n, Θ̃
t
n;hn, C̄n)

7: end for
8: end for
9: ut

n ← Generate signal vector
10: Upload Θt

n, Θ̃t
n, and ut

n to the server

gradient quality and compounds the disadvantage of resource-
constrained clients that already train smaller sub-networks.
FedAD therefore retains the simpler data-proportional weight-
ing in equation 15, which is theoretically consistent with
Corollary IV.10 and, as we verified empirically, sufficient.

D. Resources Savings Discussion

The main goal of our method FedAD is to alleviate the com-
putational demands during training to reduce training time and
mitigate the impact of stragglers on the system. When a block
in the network is dropped, it does not need to perform for-
ward and backward propagation and gradient updates during
training. Consequently, FedAD performs well in reducing the
MACs count. For instance, dropping a standard residual block
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TABLE I: MMACs for one sample and the parameter amounts (M) for models with different drop rates. The drop rate refers
to the ratio of the number of dropped blocks to the total number of blocks. Since the MACs and the number of parameters of
each block is not exactly the same, the value shown here is an average.

Drop rate Computation (MMACs) Memory (M)

C100/RN18 EM/RN34 Tiny/RN34 EM/RN50 C100/RN18 EM/RN34 Tiny/RN34 EM/RN50

0.0 37.24 69.86 300.11 78.59 11.23 21.31 21.39 23.63
0.2 32.96 57.00 246.03 65.36 9.86 17.35 17.43 19.74
0.4 24.39 44.11 191.96 52.14 7.11 13.40 13.48 15.86
0.6 20.10 31.22 137.89 38.91 5.73 9.44 9.52 11.97
0.8 11.53 18.33 83.81 25.69 2.99 5.49 5.57 8.08

drop rate = # dropped blocks / # total blocks

[22] can reduce the MACs by 2×Kin×Kout×9×H×W , where
Kin and Kout are channels of input and output respectively,
H ×W is the size of the input feature. Taking ResNet18 [22]
as an example, dropping a residual block on average reduces
the MACs of the full model by 11.5%. Similarly, dropping a
bottleneck residual block [22] in ResNet50 [22] can reduce the
model’s MACs by approximately 6.19% of the original. At the
same time, the number of parameters in the model decreases
as the model size reduces, which also reduces the memory
requirements. We present in Table I the needs of MMACs
(1MMACs = 106MACs) when training a single sample and
the parameter amounts of different datasets on some modular
neural networks after dropping blocks.

While block dropping reduces computational demands, the
policy network that enables this adaptation introduces its own
overhead. As shown in the ”Proportion” column of Table
II, the computational cost of the policy network is minimal
relative to the classifier because it is lightweight. Across all
experimental configurations, the policy network accounts for
only 4.64%–12.97% of the classifier’s MACs. This lightweight
design ensures that the adaptive decision-making cost is negli-
gible compared to the computational savings achieved through
block dropping.

Beyond client-side computation, FedAD also introduces
additional aggregation logic on the server. While FedAD
introduces additional aggregation logic compared to FedAvg,
the server-side overhead remains negligible in practice. The
binary signal vector uploaded by each client contains only
B bits (e.g., 16 bits for ResNet34), which is negligible
compared to transmitting millions of model parameters. The
aggregation complexity increases from O(|S|×P ) in FedAvg
to O(|S|×B)+O(|S|×P ) in FedAD, where |S| is the number
of selected clients, P is the number of parameters, and B is the
number of droppable blocks. Crucially, B ≪ P always holds
regardless of model scale, as each block contains numerous
parameters. Even in an extreme scenario with 10,000 clients
and LLaMA-7B (B = 32, P ≈ 7×109), the ratio of additional
overhead is merely 320, 000/7×1013 ≈ 4.6×10−9. Moreover,
the block-wise aggregation is embarrassingly parallel across
both clients and blocks, with practical limits constrained by
communication rather than server computation. Given that
modern servers possess substantially greater computational
resources than edge devices, this marginal overhead is well
within practical capacity.

E. Theoretical Analysis

In this section, we provide theoretical analysis of FedAD,
including convergence guarantees, training stability under dy-
namic partial model updates, and reliability of the training
mechanism.

1) Convergence Analysis: Before the proof, we make the
following assumptions first.

Assumption 1 (Standard Assumptions for Federated Opti-
mization). We adopt standard assumptions from federated
optimization literature:

1) L-smooth loss: ∥∇L(Θ1)−∇L(Θ2)∥ ≤ L ∥Θ1 −Θ2∥
for some constant L > 0;

2) µ-strong convexity: L(Θ1) ≥ L(Θ2) +
⟨∇L(Θ2),Θ1 −Θ2⟩ + µ

2 ∥Θ1 −Θ2∥2 for some
constant µ > 0;

3) Bounded gradients: ∥∇Ln(Θ)∥ ≤ G for some constant
G > 0, where G is the uniform upper bound on the
gradient norm across all clients;

4) Bounded data heterogeneity:
En ∥∇Ln(Θ)−∇L(Θ)∥2 ≤ σ2 for some constant
σ2 ≥ 0, quantifying the variance due to non-i.i.d. data
distribution.

Assumption 2 (Minimum Retention Probability). Each block
Bi has minimum expected retention probability pi ≥ pmin > 0
across clients, ensured by our resour-aware sub-network ex-
traction method (Algorithm 1).

Theorem IV.1 (Convergence of FedAD). Under Assump-
tions 1 and 2 with learning rate η ≤ µ

4L2 and participation
rate ρ per round, after T rounds:

E
[∥∥ΘT −Θ∗∥∥2] ≤ (1− µηpmin

2

)T ∥∥Θ0 −Θ∗∥∥2
+

4η2L2G2

µ2ρpmin
+

2ησ2

µρpmin

(16)

Proof Sketch. Let St denote the set of selected clients at round
t, and let K be the number of local mini-batches per round.
For each mini-batch b ∈ {1, . . . ,K}, the policy network deter-
mines the set of retained block indices St,bn = {i : dn,t,bi = 1}
for client n, where dn,t,bi ∈ {0, 1} is the binary decision
variable indicating whether block i is retained. All samples
within the same mini-batch share the same block selection.
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The local update for client n over K mini-batches yields:

Θt+1
n = Θt

n − η

K∑
b=1

∇St,b
n
L(b)
n (Θt,b

n ), (17)

where ∇St,b
n
L
(b)
n (·) denotes the gradient computed only over

retained blocks for mini-batch b, and Θt,b
n is the intermediate

model after b− 1 local updates.
By L-smoothness and weighted aggregation Θt+1 =∑
n∈St

wt
nΘ

t+1
n , where wt

n = |Dn|/
∑

j∈St
|Dj | is the data-

proportional weight with |Dn| being the local dataset size.
For notational simplicity, let gt,bn := ∇St,b

n
L
(b)
n (Θt,b) denote

the partial gradient for client n at batch b. We obtain:

E[L(Θt+1)] ≤ E[L(Θt)]

− η

K∑
b=1

E

[〈
∇L(Θt,b),

∑
n∈St

wt
ng

t,b
n

〉]

+
Lη2

2

K∑
b=1

E

[∥∥∥∥∥∑
n∈St

wt
ng

t,b
n

∥∥∥∥∥
2] (18)

For each mini-batch b, decomposing the gradient over
B blocks as ∇L(b)

n (Θ) =
∑B

i=1 d
n,t,b
i ∇Bi

L
(b)
n (Θ), where

∇Bi
L
(b)
n (·) is the gradient w.r.t. block Bi. Since block selec-

tion is independent across mini-batches and E[dn,t,bi ] = pi ≥
pmin for all b, we have:

E

[〈
∇L(Θt,b),

∑
n∈St

wt
n∇St,b

n
L(b)

n (Θt,b)

〉]
≥ pmin

∥∥∥∇L(Θt,b)
∥∥∥2

(19)
Bounding the variance term by 2G2

ρ +2σ2+G2
∑B

i=1 pi(1−
pi), applying strong convexity, and unrolling the recursion
completes the proof.

Remark IV.2 (Convergence Rate). Setting η = O(1/
√
TK)

achieves rate

O

(
1√
TK

)
+O

(
1

pmin

)
+O

(
B∑
i=1

pi(1− pi)

)
, (20)

where K is the number of local mini-batches per round. The
first two terms match standard FedAvg convergence with an
additional O(1/pmin) term quantifying the cost of partial
block training. The third term captures the structural variance
introduced by per-batch stochastic block selection, which
vanishes as the policy network converges (Theorem IV.1).

2) Training Stability: A key concern in FedAD is whether
the stochastic block selection introduces excessive gradient
variance that could destabilize training. We show that while
block selection does introduce additional variance, thisstruc-
tural variance vanishes as training progresses, ensuring stable
convergence.

Lemma IV.3 (Gradient Variance Decomposition). The gradi-
ent variance under FedAD decomposes as:

Var
[
gt,bn

]
≤ σ2

data︸ ︷︷ ︸
mini-batch variance

+G2
B∑
i=1

pi(1− pi)︸ ︷︷ ︸
structural variance

(21)

where σ2
data is the standard mini-batch sampling variance

(present in any SGD method), and the structural variance
arises from stochastic block selection.

The structural variance
∑B

i=1 pi(1−pi) is maximized when
pi = 0.5 for all blocks (i.e., completely random selec-
tion), yielding maximum variance 0.25B. In contrast, when
pi ∈ {0, 1} (deterministic selection), the structural variance
vanishes entirely.

Theorem IV.4 (Vanishing Structural Variance). As the policy
network converges, the adjustment matrix V and temperature
τ in Gumbel-Softmax drive pi → 0 or pi → 1, ensuring

lim
training

B∑
i=1

pi(1− pi) = 0, (22)

thus eliminating structural variance.

Remark IV.5. Theorem IV.4 implies that FedAD is self-
stabilizing: early in training, the policy explores different block
configurations (high structural variance), but as the policy
learns which blocks are important for each input, it converges
to near-deterministic decisions (low structural variance).

3) Training Mechanism Reliability: Partial block training
raises three natural concerns: (1) block starvation, where
some blocks may never be updated; (2) learning desynchro-
nization, where the policy network and classifier may fail to
learn synergistically; and (3) aggregation bias, where partial
aggregation may introduce systematic errors. We address each
of these concerns below.

Theorem IV.6 (Block Training Guarantee). Consider a FedAD
system with N clients, B blocks, client participation rate ρ,
and minimum block retention probability pmin. After

T ≥ T0 =
2B log(B/δ)

ρNpmin
(23)

training rounds, all blocks receive at least one update with
probability ≥ 1− δ.

Proof. Let UT
i denote the number of updates for block Bi over

T rounds. Since each block has retention probability pi ≥ pmin

and each round has ρN participating clients in expectation, we
have E[UT

i ] ≥ TρNpmin. By Hoeffding’s inequality and union
bound over all B blocks:

P(∃i : UT
i = 0) ≤ B exp(−TρNpmin), (24)

solving for T such that this probability ≤ δ yields T0.

Theorem IV.7 (Policy Network Gradient Flow). The
detach() operation in Algorithm 1 (line 15) enables
gradient-based optimization of the policy network parameters
Θ̃.

This allows joint optimization:

min
Θ,Θ̃

E(x,y),d∼π(·|x,Θ̃)[L(f(x; Θ,d), y)] (25)

subject to resource constraint.
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Proof Sketch. The detach() operation creates a computation
graph where:

∂L

∂Θ̃
=

∂L

∂ŷ
· ∂ŷ
∂d
· ∂d
∂p
· ∂p
∂Θ̃

(26)

The key insight: ∂d
∂p = I (identity) because:

d = (d− p).detach() + p (27)
= constant + p (in gradient computation) (28)

Thus gradients bypass the discrete sampling and flow di-
rectly to the policy network via the continuous Gumbel-
Softmax probabilities p. This is mathematically equivalent to
the REINFORCE gradient estimator with a baseline, but with
lower variance.

Remark IV.8 (Training Stability). The cross-entropy loss Lc

(Equation 11) provides direct supervision for both networks:
classifier learns to make accurate predictions given the blocks
it receives, and policy network learns to drop less important
blocks first.

The resource constraint ensures the policy network learns
to operate within device limits.

Theorem IV.9 (Partial Aggregation Consistency). FedAD’s
partial aggregation is equivalent to standard FedAvg with
implicit zero weights for untrained blocks:

iθ
t =

∑
n∈St

w̃i
n · iθtn (29)

where w̃i
n = |Dn|∑

j∈St,u
i
j
=1

|Dj |1[u
i
n = 1].

Corollary IV.10. Over many rounds, expected weights con-
verge to data-proportional:

lim
T→∞

1

T

T∑
t=1

E[w̃i
n] =

|Dn|∑N
j=1 |Dj |

. (30)

V. PERFORMANCE EVALUATION

We evaluate FedAD across different datasets, models, de-
vice computing resource distribution to demonstrate its per-
formance and generality.

A. Dataset and Models

We evaluate FedAD on three image classification datasets:
Cifar100 (C100) [47], Tiny-ImageNet (Tiny) [48], and EM-
NIST (EM) [49]. Each dataset is split into 100 disjoint parts for
100 clients. We use the Dirichlet distribution Dir(β = 0.1) to
simulate non-IID data scenarios [50]. The smaller the value of
β, the more heterogeneous the setting is. We employ ResNet18
(RN18), ResNet34 (RN34), ResNet50 (RN50) [22], RegNet-
200MF (Reg) [51], and MobileNet-v2 (MN2) [23] as classifier
with 8, 16, 16, 9, and 10 droppable blocks respectively.

B. Compared Methods

We compare FedAD with the following methods:
• FedAvg (f. res.): Similar with authors in [18] and [21],

we choose FedAvg with full resources as one baseline.
It serves as a theoretical upper bound where all devices
train the full model [18].

• HeteroFL [13]: A method for adjusting the size of the
neural network by shorting the width of the hidden
channels. The shrinkage ratio for each device remains
constant during training.

• FjORD [4]: It is similar with HeteroFL, and the main
difference is each device trains different drop levels
(within their capabilities) during training.

• Federated Dropout [5]: It uses the same dropout rate
for all layers to reduce the computational complexity
of the model. We also extend this method to allow
for different dropout rates for devices according to the
resource availability.

• FedRolex [26]: It employs a rolling sub-model extraction
scheme to allow different parts of the global model to be
evenly trained. We also extended it as described in the
illustration of Federated Dropout.

• ScaleFL [16]: It scales down the model along both width
and depth via early exit classifiers, and applies self-
distillation among exit predictions to enhance knowledge
transfer across sub-networks.

• NeFL [17]: It divides the model into sub-models through
widthwise and depthwise scaling, and decouples a subset
of parameters for each sub-model to handle the inconsis-
tency across heterogeneous sub-model architectures.

• FedAvg: In this setting, devices without full resources
are dropped from the training process, and the reserved
devices perform FedAvg.

C. Implementation Details

We implement FedAD using PyTorch-2.0 on NVIDIA A40
(37.13 TFLOPS) and NVIDIA RTX A6000 GPU (38.71
TFLOPS), and the source code with detailed settings are ac-
cessible at https://github.com/cassie-bwtu/FedAD. To simulate
device heterogeneity, we divide device computing power levels
into 1, 0.66, and 0.33, and the number of devices with different
levels is 50, 30, and 20, respectively. For the policy network,
we use ResNet with just one standard residual block, which
is small enough compared with the classifier. Therefore, the
time overhead for training the policy network is negligible.
We represent the round time T as the time required to train
the average number of samples per client using the complete
classifier on devices with sufficient computational resources,
which can be calculated by formula (6), and the exact values
are shown in Table II. σ and γ in adjustment matrix V is
set to 0.3 and -0.3, and the hyperparameter τ in Gumbel-
Softmax is 0.6. The learning rates 0.5 (policy network) and
0.1 (classifier) are constant throughout training, and SGD
[52] is used as the optimizer. Client participation rate is
0.1 with one local epoch per round, totaling 1000 rounds
with early stopping (100 rounds without improvement). For
each dataset, we combine the official train and test splits and

https://github.com/cassie-bwtu/FedAD
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TABLE II: Experimental settings

Dataset Classifier # Droppable blocks Proportion Hardware Device computing power (TFLOPS) Round time T (second)

Cifar100 ResNet18 8 12.97% NVIDIA A40 {37.13, 22.28, 11.14} 2.15
EMNIST ResNet34 16 6.19% NVIDIA A40 {37.13, 22.28, 11.14} 54.75

Tiny-Imagenet ResNet34 16 9.65% NVIDIA A40 {37.13, 22.28, 11.14} 31.78
EMNIST ResNet50 16 4.64% NVIDIA RTX A6000 {38.71, 23.23, 11.61} 59.51
Cifar100 RegNet 9 8.40% NVIDIA RTX A6000 {38.71, 23.23, 11.61} 3.46

Tiny-Imagenet MobileNet 10 7.41% NVIDIA RTX A6000 {38.71, 23.23, 11.61} 2.69
Proportion = MACs of policy network / MACs of classifier

TABLE III: The test accuracy (%, ↑), time consumption (minutes, ↓), and total communication cost (G, in number of parameters,
↓) of the six experimental groups. The best results are indicated using bold typeface, and the second best are underlined.

Methods C100/RN18 EM/RN34 Tiny/RN34 EM/RN50 C100/Reg Tiny/MN2

Acc. Time Comm. Acc. Time Comm. Acc. Time Comm. Acc. Time Comm. Acc. Time Comm. Acc. Time Comm.

FedAvg (f. res.) 34.81±0.42 102.00 141.72 84.15±0.18 88.79 100.16 20.35±0.36 146.00 101.82 84.31±0.21 35.95 101.65 34.86±0.45 257.13 22.98 19.60±0.42 138.60 13.94

HeteroFL 25.41±1.13 73.54 91.45 80.61±0.45 153.22 110.87 16.23±0.95 218.22 107.19 78.26±0.58 131.09 158.45 20.07±1.27 105.07 10.96 14.97±0.88 85.88 11.18
FjORD 24.33±0.98 133.10 131.11 79.12±0.52 129.25 101.23 13.41±1.12 275.48 109.42 76.07±0.65 151.21 160.90 23.73±1.05 164.92 11.90 15.65±1.02 98.85 11.31

Federated Dropout 12.35±1.85 120.82 130.14 73.28±0.78 369.48 184.66 9.46±1.45 76.79 39.08 74.46±0.92 1335.65 386.08 17.52±1.63 267.83 20.77 10.87±1.38 88.22 11.48
FedRolex 28.60±0.86 91.68 98.29 86.14±0.31 507.76 223.96 13.46±0.78 125.53 97.14 83.07±0.38 1231.53 381.17 28.13±0.82 279.21 21.22 16.09±0.74 171.46 15.84
ScaleFL 30.48±0.51 80.43 132.85 76.78±0.28 109.18 82.22 18.49±0.47 127.30 96.74 74.57±0.33 36.16 93.35 - - - - - -
NeFL 31.51±0.45 92.79 133.91 80.56±0.22 94.63 105.48 19.83±0.39 131.74 92.02 81.37±0.27 65.07 98.26 32.03±0.52 149.75 27.96 - - -

FedAvg 28.29±0.62 231.42 102.65 81.39±0.27 115.64 56.44 15.89±0.69 372.62 92.49 81.19±0.31 53.58 88.53 32.20±0.71 203.41 11.42 12.99±0.65 72.53 6.61

FedAD (ours) 34.34±0.34 86.00 126.45 83.54±0.19 75.07 85.66 20.73±0.32 123.00 88.80 83.46±0.23 28.00 89.27 35.97±0.41 168.21 13.47 19.59±0.36 79.57 10.91
Acc. is the abbreviation of accuracy. Comm. denotes the total communication cost measured in number of parameters (×109). ”-” indicates architectural incompatibility.

redistribute the samples across 100 clients via Dir(β = 0.1)
partitioning, followed by a 9:1 client-local train/test split.
The test datasets from all clients are combined to form a
global test dataset. All results are averaged over 3 independent
runs, and accuracy is reported as mean± standard deviation.
Following the protocol of DISTREAL [21] and PFLlib [53],
total computation time is the cumulative local-training wall-
clock time, summed across all sampled clients and rounds,
up to the round at which each run reaches its individual best
accuracy. Total communication cost measures the cumulative
uploaded and downloaded parameters throughout training. The
specific experimental settings are noted in Table II.

D. Performance Comparison and Analysis

To verify the superiority of FedAD, we compare it with
baselines, evaluating their accuracy, the time required to reach
the highest accuracy and total communication costs. Detailed
results are provided in Table III.

Model Accuracy. FedAD significantly outperforms het-
erogeneous FL methods in most cases, achieving accuracy
improvements of 8.89%, 4.12%, 5.58%, 5.49%, 11.67%, and
5.20% across six experimental setups. Compared to FedAvg
(f. res.), our method does not show a significant performance
drop, with accuracy decreasing by only 0.08% on average. Ad-
ditionally, FedAD shows a 4.28% (on average) improvement
in accuracy over FedAvg by enabling resource-constrained
devices to participate. Only in EM/RN34 does our method
fall behind FedRolex, with a 2.6% decrease in accuracy.
However, FedRolex takes approximately seven times longer
than FedAD to reach this accuracy. This result reveals a trade-
off between training efficiency and block training balance:
FedAD’s adaptive dropping may cause certain blocks to be
trained less frequently, while FedRolex’s rolling mechanism
ensures uniform training. A promising direction is to introduce
a balancing regularization term to encourage more uniform
block selection while preserving input adaptivity. Another
option is a hybrid strategy that uses uniform training in early

rounds and switches to adaptive dropping later. Among the
stronger baselines, ScaleFL and NeFL, which jointly scale
along width and depth, consistently outperform single-dimen-
sion methods (HeteroFL, FjORD, Federated Dropout), with
NeFL particularly competitive on EM/RN50 (81.37%) and
C100/Reg (32.03%). Nevertheless, FedAD still outperforms
ScaleFL and NeFL by 5.44% and 2.55% on average, indicating
that input-aware adaptive block dropping yields finer-grained
resource utilization than fixed 2-D splits.

Training Time. FedAD significantly reduces training dura-
tion due to its faster convergence. Even compared to FedAvg
(f. res.), our method requires less time, mainly because it re-
duces the model size for devices with restricted computational
resources, and training smaller models on the same hardware
is faster. Training time sums every sampled client’s local
training time across all rounds and thus reflects the algorithm’s
intrinsic compute cost rather than the wall-clock duration of
a real deployment. Because clients in a real system train
synchronously, per-round latency is determined by the slowest
client rather than the sum over all clients, and the absolute
training time also depends on the client hardware, which is
typically weaker than the server used in our simulation. A real
deployment would also incur communication time and server-
side aggregation time, which are orthogonal to the compute
efficiency that time designed to measure. Nevertheless, the ad-
vantage FedAD shows in Table III transfers consistently to real
deployment: by assigning smaller sub-networks to resource-
constrained devices that would otherwise act as stragglers,
FedAD simultaneously reduces both the cumulative compute
cost reported here and the straggler-determined per-round
latency of an actual synchronous FL system.

Total Communication Cost. It measures the cumulative
uploaded and downloaded parameters throughout training. As
shown in Table III, FedAD consistently reduces commu-
nication overhead compared to FedAvg (f. res.) across all
settings, with reductions ranging from 10.8% (C100/RN18)
to 41.4% (C100/Reg). Although FedAD introduces additional
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policy networks, their lightweight design incurs negligible
communication overhead. The overall reduction is primarily
attributed to the accelerated convergence and compact model
configurations enabled by adaptive block dropping. Compared
to FedAvg, although it achieves lower communication costs
in certain cases (e.g., 56.44G on EM/RN34 vs. 85.66G for
FedAD), this comes at the cost of significantly degraded
accuracy (81.39% vs. 83.54%). Among heterogeneous FL
methods, Federated Dropout and FedRolex exhibit highly
unstable communication costs across different settings, while
HeteroFL and FjORD achieve comparable or lower costs in
some cases, their accuracy consistently falls behind FedAD.
ScaleFL and NeFL yield communication costs comparable to
FedAD. ScaleFL achieves the lowest cost among heteroge-
neous methods on EM/RN34 (82.22G vs. 85.66G for FedAD),
but at a 6.76% accuracy drop. On other settings, both incur
higher costs than FedAD, as their fixed split configurations
cannot exploit the per-input adaptivity of FedAD’s drop policy.

Overall, FedAD achieves a favorable trade-off between
model performance and communication efficiency, with re-
duced training time.
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(b) EMNIST/ResNet34
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(c) Tiny-Imagenet/ResNet34
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(d) EMNIST/ResNet50
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(e) Cifar100/RegNet
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(f) Tiny-Imagenet/MobileNet

Fig. 4: Accuracy of each method under different local training
times before convergence. Shaded regions indicate standard
deviation. In (c), the accuracy for Federated Dropout after 70
minutes is missing because it converged around 76 minutes.

Furthermore, we recorded the global model accuracy at
regular intervals of local training time, as shown in Fig. 4.
Although FedAD does not always train the complete model,

it still achieves accuracy comparable to or higher than Fe-
dAvg (f. res.) within the same local training time, especially
in Fig. 4 (c), (e), and (f). Training sub-networks reduces
the time of each round, allowing FedAD to complete more
rounds and reach higher accuracy within a fixed time budget.
Compared with the other heterogeneous FL methods, FedAD
achieves the highest accuracy at most time points and shows
faster convergence. Although FedRolex attains a final accuracy
close to FedAD on EMNIST, its improvement requires longer
training time. Some methods such as Federated Dropout and
HeteroFL converge faster in a few settings, but their accuracy
remains significantly lower. In conclusion, FedAD achieves
rapid accuracy improvement and superior final accuracy. This
suggests that it can effectively utilize limited device resources,
reach high performance in shorter time, and maintain a better
balance between efficiency and accuracy.

E. Validation of the Computational Model

To validate the FLOPS/MACs abstraction in Eqs. (5)–
(7), we measure the wall-clock per-batch training time
across all six experimental groups under drop rates
{0.0, 0.2, 0.4, 0.6, 0.8} with 15 random block combinations
per rate. As shown in Fig. 5, predicted and measured times
exhibit near-perfect linear correlation in every group (Pear-
son r ∈ [0.957, 0.997]). The absolute offset reflects the well-
known gap between peak and sustained GPU throughput,
captured by a per-group utilization factor η ∈ [0.5%, 3.9%].
As analyzed in Section IV-A, FedAD’s drop decisions depend
only on the relative ranking of configurations, preserved with
r > 0.95 in every case, making the method robust to this
absolute offset.

F. Adaptability to Real-time System

A key feature of FedAD is adapting to dynamically chang-
ing computational resources of the device in real-time systems
by generating drop policies per batch. To verify its adapt-
ability, we dynamically change the computational resources
constraints of each device per round during training. Besides,
to apply static baselines to dynamic scenarios, we use: (1)
Conservative Strategy: set devices’ computing power to min-
imum level during the dynamic changes in resources. (2)
Discarding Strategy: exclude devices when computing power
drops below initial value. The experimental results are shown
in Table IV.

FedAD consistently outperforms static methods in real-
time systems under both strategies. Under the conservative
strategy, static methods suffer significant accuracy degrada-
tion because devices must waste available resources to meet
minimum computational constraints, resulting in smaller sub-
networks and inadequate global model training. Under the
discarding strategy, static methods show improvement but still
underperform due to reduced device participation when com-
putational resources decrease. ScaleFL achieves the highest
accuracy among the static methods but still falls far behind
adaptive ones. NeFL inherently supports dynamic resources
like FedAD, yet FedAD still outperforms it by 1.17%–3.10%
across the four settings, owing to its per-batch input-aware
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Fig. 5: Per-group validation of FedAD’s computational model. Each subplot plots measured against calibrated predicted per-
batch training time across five drop rates (encoded by marker colour). Solid line: least-squares fit; dashed: y = x; shaded:
±20% band. Pearson r ∈ [0.957, 0.997] confirms strong linearity in every group.

TABLE IV: The test accuracy (%) of the four experimental groups with dynamic changes in device computational resources.

Strategies Conservative Strategy Discarding Strategy

Groups C100/RN18 EM/RN34 Tiny/RN34 EM/RN50 C100/RN18 EM/RN34 Tiny/RN34 EM/RN50

HeteroFL 3.47 27.90 9.46 10.79 22.70 75.95 13.37 70.18
FjORD 3.41 39.77 9.46 15.43 18.22 75.87 9.51 75.50

Federated Dropout 8.56 62.42 9.46 60.42 10.20 67.71 9.47 61.55
FedRolex 9.54 32.39 9.46 23.58 23.66 82.63 12.89 81.57
ScaleFL 18.27 66.31 12.28 64.37 26.56 73.17 16.34 72.09

NeFL 30.53 79.22 19.39 81.58 30.53 79.22 19.39 81.58
FedAD 32.71 82.32 22.39 82.75 32.71 82.32 22.39 82.75

Strategies are only applied to static methods. NeFL and FedAD are adaptive, so their values are identical across the two strategies.

TABLE V: The test accuracy (%) of the six experimental
groups with different frequency of resource changes.

Change C100/ EM/ Tiny/ EM/ C100/ Tiny/
Frequency RN18 RN34 RN34 RN50 Reg MN2

1 round 32.71 82.32 22.39 82.75 36.32 19.79
3 round 33.79 83.37 22.29 82.35 35.56 18.45
5 round 33.53 83.85 21.60 82.21 36.65 18.46

10 round 33.63 84.33 21.53 83.32 36.77 18.65
Static 34.34 83.54 20.73 83.46 35.97 19.59

Static means the computing power for each device is not change.

drop policy that adapts more finely than NeFL’s per-itera-
tion submodel selection. In contrast, FedAD’s adaptability
enables devices to fully utilize available resources: it scales
down model sizes when resources are limited to maintain
participation, and scales up when resources increase to train
more blocks effectively. This flexibility ensures more clients
contribute to training each block, thereby enhancing global
model performance.

To further validate FedAD’s adaptability in real-time sys-
tems, we alter the frequency of resource changes (every 1, 3,
5, and 10 rounds). As shown in Table V, FedAD maintains
comparable or even slightly higher accuracy under dynamic
conditions compared to static resource constraints. Across
different change frequencies and experimental groups, the av-
erage variance in our method’s accuracy is only 0.39, demon-
strating FedAD’s adaptability and robustness. This stability
stems from FedAD’s ability to dynamically adjust training
resources requirements by modifying the number of dropped
blocks, enabling fine-grained and rapid responses to resource
fluctuations while fully utilizing available resources.

G. Analysis of the Policy Network

1) Efficiency of Drop Policy: To verify the effectiveness of
the drop policy generation method in FedAD, we compare it
with the following heuristic methods, and summarize results
in Table VI:

• Random drop per batch (Random-Batch): Randomly
drops blocks per batch according to computational con-
straints.

• Random drop per round (Random-Round): Randomly
drops blocks per round, keeping the sub-model fixed
within each round.

• Constant sub-model (Constant): Randomly drops
blocks once before training, keeping the sub-model fixed
throughout the entire training process.

• Deep-First: A training-free heuristic that always drops
blocks from the shallowest end first until the resource
constraint is satisfied.

• MACs-Greedy: A training-free heuristic that greedily
drops blocks in descending order of their individual
MACs.

It is evident that FedAD consistently achieves the highest
accuracy across all settings. The performance of the constant
sub-model is the worst, likely because the blocks that are
dropped are trained by fewer times, which negatively im-
pacted the overall model performance. Random-Round has
the smallest gap with FedAD (0.92% on average). Although
Random-Batch generates drop policies per batch like FedAD,
its random selection yields notably lower accuracy, demon-
strating that our policy network effectively generates input-
aware drop policies. Among the heuristics, Deep-First is the
most competitive, yet it still falls behind the policy network.
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TABLE VI: The test accuracy (%) of the six experimental
groups with different drop policy generation methods.

Methods C100/ EM/ Tiny/ EM/ C100/ Tiny/
RN18 RN34 RN34 RN50 Reg MN2

Random-Batch 31.29 83.20 19.46 82.50 30.93 19.18
Random-Round 32.46 83.09 19.85 83.13 34.30 19.29

Constant 28.59 82.56 17.05 82.17 33.17 17.81
Deep-First 32.84 81.90 19.93 82.84 33.99 18.50

MACs-Greedy 28.10 81.69 18.33 81.55 31.67 18.14

FedAD 34.34 83.54 20.73 83.46 35.97 19.59

TABLE VII: Ablation study on policy network architecture.

Policy Network
Architecture

C100/RN18 EM/RN34 EM/RN50

Acc. Time Acc. Time Acc. Time

2 CNNs 32.10 112.73 81.67 45.56 81.38 34.76
1 ResBlock 34.34 86.00 83.54 75.07 83.46 28.00
2 ResBlock 32.19 101.02 82.13 87.00 82.60 34.70
3 ResBlock 30.48 115.40 82.16 96.27 82.67 45.31

MACs-Greedy lags further behind, underperforming the pol-
icy network by up to 4.30% on C100/RN18. These results
confirm that input-agnostic dropping rules, regardless of their
design principle, cannot match the input-aware decisions of the
policy network, which consistently adapts the drop policy to
each batch at negligible additional cost (4.64%-12.97% extra
MACs, Table II).

2) Ablation on Policy Network Architecture: To investigate
the impact of policy network architecture on overall perfor-
mance, we conduct ablation studies by varying the structure
of the policy network. We vary its architecture from a simple
two-layer CNN to residual networks with 1, 2, and 3 residual
blocks. As shown in Table VII, the single residual block
configuration consistently achieves the highest accuracy across
all settings (34.34%, 83.54%, and 83.46%, respectively), while
also maintaining competitive or superior training efficiency.
Notably, increasing the network depth beyond one residual
block yields no further gains and even causes slight perfor-
mance degradation. This suggests that excessive parameters
can lead to overfitting and unstable gradient computation.
Additionally, overly simple architectures (e.g., 2CNNs) lack
sufficient capacity to capture discriminative features for effec-
tive drop policy generation. These results justify our choice of
a single residual block, which provides an effective trade-off
between representation capacity and computational cost.

3) Routing Consistency: Here, routing consistency refers
to the stability of the drop policy generated for the same
input batch across consecutive training rounds. To assess the
stability of the policy network’s decisions during training,
we analyze routing consistency by computing the Jaccard
similarity between consecutive rounds. Specifically, for each
batch, we measure the overlap of selected samples between
round t and round t− 1. A higher Jaccard similarity indicates
more consistent routing decisions. As illustrated in Figure 6,
we track five randomly sampled batches from a single client
on EM/RN34 over 200 training rounds. In the early stage,
the Jaccard similarity remains relatively low, reflecting the

Fig. 6: The Jaccard similarity of five batch samples in the
EM/RN34 experimental group.
TABLE VIII: Per-batch runtime breakdown under three com-
puting levels (batch size 10). Values are in milliseconds.

Model Level PN phase Cls fwd Total Overhead

C100/RN18
1.00 1.96 5.65 15.02 13.07%
0.66 3.08 3.85 12.75 24.09%
0.33 3.00 2.48 9.86 29.79%

EM/RN34
1.00 2.57 13.45 29.28 8.76%
0.66 4.53 9.72 24.76 18.14%
0.33 5.69 7.53 21.92 25.90%

Tiny/RN34
1.00 2.91 13.73 31.40 9.23%
0.66 6.29 11.94 30.13 20.63%
0.33 7.04 7.86 24.20 29.15%

EM/RN50
1.00 3.65 20.02 44.43 8.22%
0.66 4.69 11.10 27.73 16.82%
0.33 8.46 10.01 28.72 29.47%

C100/Reg
1.00 3.08 10.40 27.03 11.33%
0.66 5.85 10.33 30.07 19.82%
0.33 5.68 5.56 19.59 28.72%

Tiny/MN2
1.00 3.25 12.41 29.99 10.83%
0.66 4.90 10.27 26.34 18.64%
0.33 7.33 9.76 26.41 27.70%

exploratory phase where the policy network is still learning to
identify informative samples. As training progresses, the sim-
ilarity steadily increases, exceeding 81% after round 100. In
the final stage, most batches achieve near-perfect consistency,
indicating that the policy network has converged to stable
selection decisions. This trend demonstrates that the policy
network gradually learns consistent routing patterns rather than
making arbitrary selections, which is essential for reliable and
reproducible sample selection in federated learning.

4) Policy Network Overhead: Beyond the MACs proportion
reported in Table II, we further quantify the policy network’s
(PN) actual runtime and memory through micro-benchmarks.
We measure per-batch wall-clock time on the same device
with batch size 10 across six experimental setups and three
computing levels {1.0, 0.66, 0.33}. Each batch is decomposed
into four pipelined phases: the PN phase (PN forward, Gum-
bel-Softmax sampling, and drop policy generation), classifier
forward, joint backward, and optimizer step. Each configura-
tion is averaged over 30 batches after 10 warm-ups.

Runtime overhead. Table VIII summarizes the PN phase
time, classifier forward time, total batch time, and overhead
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TABLE IX: The test accuracy (%), training round and time consumption (minutes) of the six experimental groups with a
different number of client training epochs.

Epochs C100/RN18 EM/RN34 Tiny/RN34 EM/RN50 C100/Reg Tiny/MN2

Acc. R. Time Acc. R. Time Acc. R. Time Acc. R. Time Acc. R. Time Acc. R. Time

1 34.34 600 86.00 83.54 215 75.07 20.73 236 123.00 83.46 83 28.00 35.97 495 168.21 19.59 236 79.57
5 32.27 421 400.09 83.66 83 154.96 19.62 293 718.14 82.84 62 111.05 34.19 471 1011.47 19.16 185 265.10

10 33.20 235 432.56 82.91 83 313.63 18.81 227 1121.99 83.08 53 184.47 34.05 507 1960.06 18.65 163 469.71
20 33.21 219 873.26 82.45 83 635.17 18.19 157 1576.28 82.71 156 1095.28 33.16 521 3580.23 17.56 137 637.11

R. is the shorten of round.

ratio. Three observations stand out. (i) At the full-resource
level, the PN phase takes only 2.0–3.7 ms per batch, yield-
ing an overhead of 8.2%–13.1%, consistent with the MACs
proportion in Table II. (ii) Our Gumbel noise sampling runs
directly on GPU and takes only 0.2–0.7 ms per batch, avoiding
any CPU-to-GPU bottleneck. (iii) Block-dropping savings far
exceed PN overhead: on Cifar100/RN18, the total batch time
drops from 15.0 to 9.9 ms as the level decreases from 1.0 to
0.33, where the PN’s ∼1 ms absolute increase is far exceeded
by the ∼5.9 ms saved by block dropping. This net gain holds
across all configurations; the rising overhead ratio at lower
levels (up to 29.79%) simply reflects a shrinking denominator
rather than a PN slowdown.

Peak memory. Per-batch GPU peak memory ranges from
57 to 232 MB and decreases at lower computing levels (e.g.,
121→ 92 MB on Cifar100/RN18), aligning with block-drop-
ping savings. Overall, the PN introduces negligible runtime
and memory overhead, and FedAD’s training-time savings
consistently outweigh the PN cost.

H. Hyperparameter Study

1) Local Training Epochs: In FL, clients can reduce com-
munication overhead by performing multiple local training
epochs before uploading updates [46]. As shown in Table
IX, increasing local epochs generally reduces communication
rounds but extends total training time. Notably, RegNet’s
convergence is less sensitive to local epochs, possibly because
it relies more on global updates. Regarding accuracy, setting
local epochs to 1 or 5 yields better results, while higher values
lead to degradation. This is likely due to overfitting to local
data distributions, which harms generalization during global
aggregation. Overall, FedAD maintains stable performance
across different local training epochs.

2) Join Ratio: Join ratio denotes the proportion of clients
participating in each round. As shown in Fig. 7, on EMNIST
and CIFAR-100 datasets, accuracy slightly decreases as the
join ratio increases, likely because greater client participation
introduces more data heterogeneity, making generalization
more challenging. In contrast, FedAD shows stable perfor-
mance on Tiny-ImageNet with minimal fluctuations. Over-
all, although higher join ratios may slightly affect accuracy,
FedAD maintains high robustness across different settings.

The accuracy decline at higher join ratios is a common chal-
lenge in FL with non-IID data, as increased client participation
introduces more heterogeneous local updates that may conflict
during aggregation. To mitigate this issue, future work could
explore: (1) client clustering strategies that group clients with
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Fig. 7: The test accuracy (%) of the six experimental groups
with different join ratios.
TABLE X: The test accuracy (%) of the six experimental
groups with different value of τ .

τ
C100/ EM/ Tiny/ EM/ C100/ Tiny/
RN18 RN34 RN34 RN50 Reg MN2

0.1 31.23 82.58 20.02 81.93 34.20 19.02
0.6 34.34 83.54 20.73 83.46 35.97 18.59
0.8 31.66 82.63 20.38 82.69 34.84 18.51
1.0 32.21 81.21 18.86 82.27 34.34 19.04
10.0 29.43 82.34 19.94 81.49 34.23 18.73

similar data distributions; (2) regularization techniques that
constrain local updates to remain closer to the global model;
and (3) similarity-aware aggregation weights that consider
both data distribution and drop policy similarity among clients.

3) Temperature Parameter τ : In the Gumbel Softmax trick,
τ controls the discreteness of the output. As shown in Table
X, when tau is too small (e.g., 0.1), the model’s accuracy is
relatively low. This could be because the Gumbel Softmax
distribution is closer to a hard one-hot encoding, causing
the model to favor hard selections of certain route while
ignoring other potential model structures. Conversely, when τ
is too large (e.g., 10), the distribution becomes overly smooth,
making route selection nearly random and preventing effective
learning. The results suggest that in FedAD, τ = 0.6 might
be an optimal parameter choice.

I. Deployment Flexibility

To verify FedAD’s flexibility in practical deployment, we
explore two aspects: computing power level distribution and
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TABLE XI: The test accuracy (%) of the four experimental
groups with different computing power level distribution.

Computing Power C100/ EM/ Tiny/ EM/
Level Distribution RN18 RN34 RN34 RN50

{1, 0.66, 0.33} 34.34 83.54 20.73 83.46{50, 30, 20}
{1, 0.75, 0.5, 0.25} 33.10 84.45 19.89 83.57{50, 20, 20, 10}
{1, 0.8, 0.6, 0.4, 0.2} 33.59 83.73 20.53 83.02{50, 20, 15, 10, 5}
In the first column, the first row represents the computing power levels,
and the second row shows the corresponding number of clients.

device computing power distribution.
1) Computing Power Level Distribution: As described in

Section V-B, our default setting divides device computing
power levels into {1, 0.66, 0.33} with corresponding counts
of {50, 30, 20}. We conduct additional experiments with
different distributions as shown in Table XI. The rest of the
experimental settings are consistent with section V-B. The
experimental results (Table XI) show that FedAD’s accuracy
fluctuates slightly across datasets under different device com-
puting power levels and counts, but remains within a stable
range. This indicates strong flexibility in adapting to various
hardware environments while maintaining robustness against
device heterogeneity and resource constraints.

2) Device Computing Power Distribution: In this section,
we explore FedAD’s performance under different device com-
puting power distributions at given computational levels {1.0,
0.66, 0.33}. We vary the number of devices at each computing
power level while keeping other settings consistent with Sec-
tion V-B. The detailed setup and results are shown in Table
XII.

Overall, accuracy improves as the number of high computa-
tional resource devices increases. However, when the system
consists only of low computing power devices (first row of
Table XII), the accuracy of FedAD decreases. This likely
occurs because the round time T is not adjusted, preventing
any device from training a complete ResNet. This highlights a
future direction: dynamically adjusting T based on system ca-
pacity and network conditions, as communication constraints
(e.g. bandwidth, latency) also affect effective training time in
real-world deployments. A joint optimization approach con-
sidering both computational and communication constraints
would enhance FedAD’s robustness in diverse deployment
environments. Despite significant variations in device distri-
bution, FedAD’s accuracy generally remains stable at a high
level, especially when sufficient high-resource devices are
present. This demonstrates FedAD’s strong adaptability and
robustness across different hardware environments.

J. Applicability to Other Architectures

While our experiments focus on modular CNNs for image
classification, FedAD is applicable to any neural network
architecture composed of stackable and composable blocks.
This includes modular CNNs (e.g., ResNet, MobileNet),
transformer-based architectures (e.g., ViT, BERT, GPT,
LLaMA), and autoencoders with modular encoder/decoder

TABLE XII: The test accuracy (%) of the four experimental
groups with different device computing power distribution.

Device Number C100/ EM/ Tiny/ EM/
RN18 RN34 RN34 RN50

{0, 60, 40} 29.51 78.12 17.46 80.43
{20, 48, 32} 32.04 82.05 19.57 81.30
{50, 30, 20} 34.34 83.54 20.73 83.46
{80, 12, 8} 34.96 84.81 20.51 84.44
{100, 0, 0} 34.81 84.15 20.35 84.31

Device number refers to the number of devices corresponding to
computing power levels 1.0, 0.66, and 0.33.

blocks. With the rapid development of transformers, block-
based structures have become the dominant paradigm in mod-
ern deep learning. Large language models such as LLaMA-7B
(32 blocks) and GPT-3 (96 blocks) are inherently compatible
with FedAD’s block-dropping mechanism. However, FedAD
is not directly applicable to architectures with sequential
dependencies (e.g., RNNs/LSTMs) or non-modular structures
(e.g., GNNs). Despite these limitations, the broad adoption of
block-based architectures ensures FedAD’s wide applicability
across diverse domains.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we propose FedAD, an adaptive block-
dropping approach for federated learning on resource-
constrained devices, which can adapt well to real-time systems.
FedAD dynamically generates input-specific drop policies in
real-time, adjusting the local training model to account for
heterogeneous and time-varying computational resources of
devices. At its core, FedAD employs a lightweight policy net-
work that outputs drop probabilities for each block. Combined
with time constraints and device capacity, these probabilities
form a drop policy that defines the classifier’s structure and
guides local training. During training, the policy network and
classifier are jointly optimized. This enables each device to
independently generate fine-grained drop policies tailored to
both input and available resources, ensuring strong adaptabil-
ity to resource fluctuations across devices. Extensive experi-
ments validate that FedAD converges faster and outperforms
state-of-the-art methods in resource-limited and heterogeneous
environments, while achieving comparable performance in
resource-rich settings. Experiments also emphasize FedAD’s
strong adaptability to dynamic resource changes across devices
in real-time system.

As part of our future work, we will investigate balancing
mechanisms to ensure more uniform block training, similarity-
aware aggregation techniques to handle increased client het-
erogeneity, and joint optimization approaches that consider
both computational and communication constraints for diverse
deployment scenarios. We also plan to explore lightweight
feature statistic calibration (e.g., normalization-aware aggre-
gation) to align dynamic sub-networks without extra commu-
nication cost, and Byzantine-robust aggregation methods (e.g.,
Krum or coordinate-wise median) to strengthen the policy
network’s robustness against adversarial manipulation.
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