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Abstract
Although Federated Learning (FL) enables
privacy-preserving cross-device collaboration, its
practical deployment is hindered by heteroge-
neous data and hardware resources. Sub-model
extraction has therefore emerged as a common
strategy for collaborative training across heteroge-
neous devices. However, existing sub-model ex-
traction methods rely on stochastic or rule-based
neuron selection, leading to parameter conflicts
under non-IID data and insufficient model opti-
mization across heterogeneous devices. To ad-
dress this problem, this paper presents a novel sub-
model extraction-based FL framework, named
SpineFL, which adopts a backbone-sharing mech-
anism and an activation-guided pruning strategy
for sub-model extraction. Specifically, SpineFL
decomposes each global model layer into two por-
tions: i) a mandatory backbone shared by all the
sub-models to maintain model generalization, and
ii) a dynamic portion for sub-model extraction.
SpineFL adopts the activation-guided selection
strategy to probabilistically select neurons accord-
ing to their activation frequency from the dynamic
portion to generate a sub-model, where neurons
exhibiting higher historical activation are more
likely to be included, thereby simultaneously ad-
dressing parameter conflicts while preserving se-
lection diversity. Experimental results demon-
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strate that compared with state-of-the-art hetero-
geneous FL methods, SpineFL can achieve up to
3.28% accuracy improvement. The source code is
available at https://github.com/alogrom/SpineFL.

1. Introduction
Federated Learning (FL) (McMahan et al., 2017; Yang et al.,
2019; Wang et al., 2024b; Huang et al., 2024; Hu et al.,
2024b; Qi et al., 2025; Huang et al., 2026; Li et al., 2025b)
has gained widespread attention as a privacy-preserving de-
centralized learning paradigm that enables massive devices
to collaboratively train a deep learning model without ex-
posing any privacy-sensitive data. The growing adoption
of edge computing and advanced mobile chips has posi-
tioned FL as a promising enabler for Artificial Intelligence
of Things (AIoT) systems (Zhang et al., 2021; Wu et al.,
2023; Hu et al., 2023; Li et al., 2025a). Typically, in AIoT
systems, FL involves a central server and multiple local
devices. In each FL training round, the server dispatches the
global model to activated devices as local models for local
training and aggregates all the trained local models to update
the global model. However, due to AIoT systems typically
involving massive heterogeneous devices, the performance
of FL is seriously limited by to the constraints of memory,
computation, and communication resources on devices (Cui
et al., 2021; Liu et al., 2021; 2022). Specifically, due to the
heterogeneity among devices, a critical bottleneck lies in se-
lecting an appropriate global model size that simultaneously
satisfies the resource constraints of all participating devices
while maintaining training effectiveness. Typically, large
models have strong reasoning capabilities, but since they
cannot be trained on most devices, it is difficult for them to
be adequately trained with sufficient data. In contrast, while
small models can be fully trained, their reasoning abilities
are limited.

To improve the performance of FL with heterogeneous de-
vices, existing methods attempt to use heterogeneous models
for FL training rather than the same global model, which
can be classified into two categories, i.e., completely het-
erogeneous methods and sub-model extraction-based meth-
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ods. Typically, completely heterogeneous methods (Li &
Wang, 2019) assign models with completely different model
structures to each device and adopt knowledge distillation
technologies (Wang et al., 2023; Li & Wang, 2019) or pro-
totypes (Tan et al., 2022; Fu et al., 2025; Qi et al., 2023) to
achieve knowledge sharing among heterogeneous devices.
Due to depending on additional public datasets, the appli-
cation of completely heterogeneous methods is seriously
limited. Sub-model extraction-based methods (Diao et al.,
2020; Ilhan et al., 2023; Alam et al., 2022; Wang et al.,
2024a; Liao et al., 2024; Chen et al., 2024; Xu et al., 2024;
Wang et al., 2024c) generate a sub-model by pruning a
global hypernetwork according to the hardware resources
of a target device. Due to without the requirement of the
additional public dataset, sub-model extraction has emerged
as a widely-used technical solution to address the problem
of device heterogeneity.

Although existing sub-model extraction methods enable col-
laborative training across heterogeneous devices, they still
suffer from performance degradation due to data hetero-
geneity. Specifically, heterogeneous data results in different
optimal directions of local models (Karimireddy et al., 2020;
Hu et al., 2024a; Xia et al., 2025; Wu et al., 2026; Meng
et al., 2024), resulting in serious parameter conflict prob-
lems. Typically, existing sub-model extraction methods
adopt parameter sharing (Diao et al., 2020) or rotation pa-
rameter selection (Alam et al., 2022) strategies to generate
sub-models. Specifically, the parameter sharing strategy
guarantees that the small sub-model is nested within the
large sub-model. The rotation parameter selection strategy
selects some parameters of each layer in turn to generate sub-
models. Due to a lack of a wise neuron selection strategy, the
mainstream sub-model extraction methods encounter seri-
ous performance degradation in data-heterogeneous scenar-
ios. The state-of-the-art methods, such as FedDSE (Wang
et al., 2024a), attempt to select specific neurons for a spe-
cific device according to its data distribution. However, such
a strategy causes a lack of diversity in neuron selection, as
many neurons end up being trained by only a small subset
of devices. This strategy leads to the model preferring to
learn features of specific device data, resulting in poor gen-
eralization. Therefore, how to wisely extract sub-models
to achieve high performance FL training in both data and
devices heterogeneous scenarios is a significant challenge
in FL.

Intuitively, to ensure the generalization of the global model
while alleviating the performance degradation from gradient
conflicts caused by data heterogeneity, all the sub-model
can share a part of the parameters as the backbone to facil-
itate the global model to learn more generalized features.
To alleviate the gradient conflicts, the sub-model extrac-
tion strategy can select the neurons in the unshared part
according to the data distribution of each client. In addition,

according to the observations in (Li et al., 2017; Jia et al.,
2024), typically pruning parameters in deep layers can cause
less performance degradation than pruning those of shallow
layers. Based on the above observations, to improve the FL
performance, the sub-model extraction strategy can select
more neurons in shallow layers and prefer to prune neurons
in deep layers to generate sub-models.

Inspired by the above motivation, to improve the training
performance in both data and devices heterogeneous scenar-
ios, this paper proposes a novel sub-model extraction-based
framework named SpineFL, which adopts a backbone shar-
ing mechanism and an activation-guided neuron selection
strategy for sub-model extraction. Specifically, to ensure the
generalization of the global model, SpineFL decomposes
the global model into two parts, the global backbone and
the dynamic portion, based on the hardware resources of
the target device. SpineFL selects neurons from the dy-
namic portion together with the full backbone portion to
extract sub-models. Note that sub-models share the same
backbone architecture across sizes, with smaller backbones
being subsets of larger ones. To alleviate the performance
degradation caused by heterogeneous data, SpineFL inte-
grates the activation-guided neuron selection mechanism to
wisely select neurons in the dynamic portion according to
the hardware resources of the target device. In summary,
this paper has the following three main contributions:

• We propose a sub-model extraction-based framework
named SpineFL, which adopts a layer-wise backbone
sharing strategy to decompose the global model into
a global backbone portion as the bedrock for all the
sub-models and a dynamic selection portion for hetero-
geneous part extraction.

• We design an activation-guided neuron selection mech-
anism to wisely extract sub-models based on the hard-
ware resources of the target device.

• We conduct extensive experiments on well-known
datasets to demonstrate the effectiveness of SpineFL.

2. Preliminaries and Related Work
2.1. Preliminaries of Federated Learning

Typically, Federated Learning (FL) consists of a cloud server
and multiple local devices. The goal of FL is to train a global
model wglb that maps the input space X to the output space
Y . Assume that there are |Dev| devices and each device i
maintains a local dataset Di = {di,1, di,2, ..., di,ni

}, where
di,j = {xi,j , yi,j} ∈ X × Y . In addition, assume that fi
is the loss function for all the samples in device i and l is
the loss function for a single sample. The goal of the FL
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optimization problem can be formulated as follows:

min
wglb

F (wglb) =
1

|Dev|

|Dev|∑
i=1

fi(wglb),

s.t., fi(wglb) =
1

ni

ni∑
j=1

l(di,j ;wglb).

2.2. Related work on Heterogeneous FL

To address the low training performance caused by het-
erogeneous devices, existing methods attempt to dispatch
heterogeneous models for local training. According to the
structure of heterogeneous models, they can be classified
into two categories, i.e., completely heterogeneous methods
and sub-model extraction methods.

Completely Heterogeneous Methods. Completely hetero-
geneous methods typically dispatch models with completely
different structures. Existing completely heterogeneous
methods typically adopt knowledge distillation (KD) or
prototypes. FedGKT (He et al., 2020) pioneers a grouped
knowledge transfer framework where resource-constrained
clients train lightweight models while leveraging aggregated
knowledge from a larger server-side model. FedMD (Li &
Wang, 2019) extends this by incorporating semi-supervised
distillation using public proxy datasets to align predictions
across heterogeneous clients, though reliance on public data
raises privacy concerns. FedNTD (Lee et al., 2022) in-
troduces noise-tolerant distillation to mitigate information
loss during cross-model knowledge transfer, enhancing ro-
bustness in non-IID scenarios. FedProto (Tan et al., 2022)
utilizes the intermediate outputs of models as prototypes
and enables knowledge exchange by aligning prototypes
of heterogeneous models. Although these methods enable
model training among heterogeneous devices, due to with-
out parameter sharing or relying on an additional dataset,
the practices of these methods are seriously limited.

Sub-model Extraction Methods. Sub-model extraction
methods generate heterogeneous models by pruning or par-
titioning a shared global model, ensuring parameter compat-
ibility for aggregation. HeteroFL (Diao et al., 2020), Adap-
tiveFL (Jia et al., 2024), and FlexFL (Chen et al., 2024)
introduce width-wise pruning to derive sub-models with
varying channel dimensions, enabling federated training
across devices with heterogeneous compute capabilities.
ScaleFL (Ilhan et al., 2023) extends this by dynamically
adjusting both width and depth proportions while incorpo-
rating skip connections to preserve feature compatibility
between sub-models. DepthFL (Kim et al., 2023) adopts
depth-wise pruning, removing deeper network layers to cre-
ate shallower sub-models tailored for resource-constrained
devices. AdaFL (Li et al., 2024) and AutoFL (Kim & Wu,
2021) leverage reinforcement learning (RL) to dynamically

adjust sub-model sizes based on real-time device feedback,
optimizing resource utilization. FedHM (Yao et al., 2021)
and TDPFed (Wang et al., 2022) reduce communication
overhead by decomposing model weights into low-rank ten-
sors, though computational costs remain non-trivial for edge
devices. FedRolex (Alam et al., 2022) cyclically activates
different model blocks across training rounds, improving
coverage and mitigating model drift. Based on FedRolex,
FedBRB (Xu et al., 2024) and FedDSE (Wang et al., 2024a)
explore dynamic block selection to prioritize critical mod-
ules, but their coarse-grained partitioning strategies neglect
fine-grained channel-level optimizations, resulting in subop-
timal resource utilization. However, since all these methods
rely on fixed pruning ratios or static resource assumptions,
limiting adaptability in uncertain scenarios. For instance,
HeteroFL’s uniform layer-wise pruning ignores activation
sparsity patterns, while ScaleFL’s rigid scaling factors fail
to account for dynamic resource fluctuations.

To the best of our knowledge, SpineFL is the first attempt
to adopt a layer-wise backbone sharing mechanism and a
dynamic activation-guided neuron selection strategy to ex-
tract sub-models, which facilitates the generalization of the
global model while alleviating the performance degradation
caused by heterogeneous data among clients.

3. Our SpineFL Approach
3.1. Overview of Method

Figure 1 illustrates the framework and workflow of SpineFL,
which consists of a central cloud server and multiple local
devices. Different from the traditional FL, in each FL train-
ing round, the cloud server extracts a suitable sub-model
for each selected device according to its resource and acti-
vation information from the global model and dispatches
the extracted sub-models rather than the full global model
for local training. As shown in Figure 1, the cloud server
of SpineFL includes two key components, i.e., backbone
generator and sub-model extractor. The backbone genera-
tor decomposes the global model into two parts, i.e., the
backbone portion and the dynamic portion, according to the
hardware resources of target devices. To enable the model
generalization, SpineFL ensures that all the sub-models
share the backbone portion. The sub-model extractor main-
tains two tables that store the resource information of local
devices and their activation information. In each FL training
round, the sub-model extractor selects part of the neurons
in the dynamic selection portion according to the resource
and activation of selected devices and all the neurons in the
backbone portion to generate the sub-models.In practice,
the available resource of a client can be estimated accord-
ing to the model size that the client successfully uploads
or reported proactively by the client device. The generated
sub-models are dispatched to the corresponding local de-
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Figure 1. Framework and workflow of our SpineFL approach

vices for training. The workflow of our SpineFL in each FL
training round is as follows:

• Step 1: Backbone generation: The cloud server ran-
domly select K devices as the activated clients for local
training. For each selected device, the cloud server de-
composes the global model into two portions, i.e., the
backbone portion and the dynamic portion.

• Step 2: Sub-Model Extraction: For each selected
device, the sub-model extractor selects neurons in the
dynamic portion according to its resource and activa-
tion information and uses the selected neurons together
with the corresponding backbone portion to generate
the sub-model.

• Step 3: Model Dispatching: The cloud server dis-
patches the generated sub-models to local devices.

• Step 4: Local Training: Each activated client trains
its received sub-model using its local data.

• Step 5: Model and Activation Information Upload-
ing: Each client uploads its trained model and corre-
sponding activation information to the cloud server.

• Step 6: Model Aggregation: The cloud server ag-
gregates the corresponding parameters of the received
local models to generate a new global model.

3.2. Implementation

Algorithm 1 presents the detailed workflow of our SpineFL
approach. As shown in Algorithm 1, Lines 1-3 initialize the
global model w0, resource table Tres, and activation table
Tact, respectively. Lines 4-16 present the FL training pro-
cess, where Lines 5-15 show the details of each FL training

Algorithm 1 The workflow of SpineFL

Input: i) T : Total communication rounds; ii) Sd: the set of
devices; iii) K: number of activated devices in each FL
training round.
Output: The trained global model wglb

SpineFL(T , Sd, K):

1: Initialize global model w0

2: Tre ← ResInit(Sd)
3: Tact ← ActInit(Sd)
4: for t = 0 to T − 1 do
5: Dt ← Random select K clients from Sd

6: Sm ← {}
7: for d in Dt do
8: wbc, wdyn ← BackboneGen(wt, Rd)
9: Ad ← Tact[d], Rd ← Tres[d]

10: wd ← SubModExtract(wdyn, Ad, Rd, wbc)
11: vdt+1, Ad, Rd ← LocalTraining(wd)
12: Sm ← Sm ∪ {vit+1}
13: Tact[d]← Ad, Tres[d]← Rd

14: end for
15: wt+1 ← ModelAggr(Sm)
16: end for
17: wglb ← wT

18: return wglb

round. Line 5 randomly selects K devices from Sd as acti-
vated devices for local training. Line 6 initializes the local
model pool Sm used to collect trained local models. In Line
8, the function BackboneGen(·) decomposes the global
model wt into the backbone portion wbc and the dynamic
portion wdyn according to the hardware resources infor-
mation Rd. In Line 10, the function SubModExtract(·)
generates the sub-model for the device d. In Line 11, the sub-
model wd is dispatched into the device d for local training
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Algorithm 2 Layer-wise Backbone Generation

Input: i) w: the global model; ii)Rd: hardware resources
of the target device d.
Output: i) wbc: the backbone portion; ii) wdyn: the
dynamic portion.
BackboneGen(w,Rd):

1: L← Number of layers for w
2: [α1, α2, . . . , αL]← RatioCalculate(w,Rd)
3: wbc ← Init(w), wdyn ← Init(w)
4: for l = 1, . . . , L do
5: n← |w[l]|
6: wbc[l]← w[l][1 : ⌈αl × n⌉]
7: wdyn[l]← w[l][⌈αl × n⌉+ 1 : n]
8: end for
9: return wbc, wdyn

and the device d uploads the trained local model vdt+1, acti-
vation information Ad, and its current hardware resources
information Rd. Line 13 updates the resource and activation
table. In Line 15, the function ModelAggr(·) aggregates
all the local models to generate a new global model wt+1.
After T rounds of FL training, SpineFL returns the trained
global model wglb.

3.2.1. LAYER-WISE BACKBONE SHARING MECHANISM

To enhance global model generalization, SpineFL requires
all sub-models to share a subset of parameters organized as
a common backbone structure. In this way, the backbone
can learn more generalized knowledge from all the devices.
Specifically, SpineFL decomposes the global model into two
portions, i.e., the backbone portion and the dynamic portion.
During sub-model extraction, the extractor only prunes the
dynamic portion and preserves the full backbone portion.
Since the device heterogeneity, SpineFL assigns different
size of backbones according to the hardware resources of
the target devices rather than a fixed size for all the devices.
Specifically, to ensure that the resource-constrained devices
can fully train all the parameters, SpineFL assigns a small
size of backbone. To ensure model generalization, for de-
vices with high hardware resources, SpineFL assigns a large
size of backbone. Note that each backbone is a subset of a
larger backbone. In addition, according to the observations
in (Jia et al., 2024; Li et al., 2017) that pruning the neurons
in deep layers can cause less performance degradation than
pruning those of shallow layers, SpineFL prefers to assign
more parameters in shallow layers as backbones, which will
not be pruned in the sub-model extraction process.

Algorithm 2 presents the layer-wise backbone generation
process. In Line 2, the function RatioCalculate(·)
calculates the ratio of backbone for each layer in the global
model w according to the hardware resources Rd, where

αi ∈ [0, 1.0] is the ratio for the backbone in the ith layer.
Note that for devices with different hardware resources,
the RatioCalculate(·) will generate different settings
of backbone ratios. Note that for devices di and dj , if
Rdi

> Rdj
, for each layer l, αdi

l ≥ α
dj

l . In addition, for the
ith and jth layer, if i > j, then αi ≤ αj . Line 3 initializes
the backbone portion wbc and the dynamic portion wdyn

based on w. Lines 4-8 shows the generation process for the
backbone portion and the dynamic portion. Specifically, for
the lth layer, Line 6 assigns the first ⌈αl×n⌉ neurons to the
lth layer of wbc and Line 7 assigns the remaining neurons
to the lth layer of wdyn.

3.2.2. ACTIVATION-GUIDED NEURON SELECTION
STRATEGY

To alleviate the gradient conflict problem caused by data
heterogeneity, SpineFL adopts the activation as a metric to
select the neurons in the dynamic portion for sub-model ex-
traction. Specifically, SpineFL records and updates the acti-
vation information of all devices on the server side at the end
of each local training stage. Crucially, during the sub-model
extraction for a target device in the current round t, SpineFL
utilizes the historical activation values compiled from the
previous round t− 1 rather than computing new ones in the
current round. This design ensures that sub-model extrac-
tion imposes no additional computational overhead on either
the server or the client before local deployment. Based on
these historical footprints, SpineFL prefers to select neurons
with higher cumulative activation values.

Algorithm 3 presents the workflow of the sub-model extrac-
tion process. Line 2 computes the number of neurons to be
selected according to the hardware resource of the target
device, where ni denotes the number of neurons selected in
the ith layer. Line 3 initializes the sub-model wd. In Line
5, the function ScoreCal(·) calculates the importance
score of each neuron in the lth layer of the dynamic portion
according to their activation information. In Line 6, the
function NeuronSelect(·) selects the neurons based on
the calculated scores Sl. Line 7 generates the lth layer of
the sub-model by combing the neurons in the lth layer of
backbone portion and selected neurons lwl.

Score Calculation. For a target device d, we perform a
forward pass using the local dataDt

k through the local model
wd to obtain feature maps FA. For each neuron i in layer
l, we compute its importance score si based on the average
absolute activation values across all spatial positions:

sl,i =
1

H ·W

H∑
j=1

W∑
k=1

|Ad[l][i, j, k]|,

where Ad[l][i, j, k] denotes the activation value at position
(j, k) of neuron i in the lth layer, and H ×W is the spatial
size of the feature map.
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Algorithm 3 Sub-model Extraction

Input: i) wdyn: the dynamic portion; ii) Ad: the activation
information for device d; iii) Rd: the hardware resource
information of device d; iv) wbc: the backbone portion.
Output: wd: the extracted sub-model for device d
SubModExtract(wdyn, Ad, Rd, wbc):

1: L← Number of layers for wdyn

2: [n1, n2, . . . , nL]← NeuronNumCal(wdyn, Rd)
3: wd ← Init(wbc)
4: for l = 1, . . . , L do
5: Sl ← ScoreCal(wdyn[l], Ad[l])
6: lwl ← NeuronSelect(wdyn, Pl, nl)
7: wd[l]← [wbc[l]; lwl]
8: end for
9: return wd

Neuron Selection. Based on the calculated score, SpineFL
selects the neurons in the dynamic portion. To alleviate the
gradient conflict, SpineFL prefers to select the neurons with
a high importance score. To ensure that each device can
fully train all the parameters, SpineFL selects neurons with
the probability as follows:

Pl,i =
exp(sl,i/T )∑

j = 1|l| exp(sl,j/T )
,

where T is the temperature to control the impact of the score
for neuron selection. When T →∞, the selection becomes
nearly uniform across all neurons; conversely, when T → 0,
SpineFL prefers to select neurons with the highest score. In
this way, SpineFL can select neurons with a high importance
score with a higher probability.

3.2.3. MODEL AGGREGATION.

Similar to the traditional FL methods, SpineFL aggregates
all the local models to generate the global models. Assume
that Sm is the list of local models and nj

l,i is the ith neuron
in the layer l in the jth model in Sm. The corresponding
neuron of the global model can be generated as follows:

nglb
l,i =

∑|Sm|
j=1 GetNeuron(Sm[j], l, i)∑|Sm|

j=1 IsSel(Sm[j], l, i)
,

where the function GetNeuron(Sm[j], l, i) returns the
neuron nj

l,i if the model Sm[j] includes the correspond-
ing neuron. Otherwise, the function returns the initial
neuron where all the elements are zero. The function
IsSel(Sm[j], l, i) returns 1, if the model Sm[j] includes
the neuron nj

l,i. Otherwise, the function returns 0.

4. Convergence Analysis
We analyze the convergence of SpineFL based on three
foundational assumptions aligned with federated optimiza-
tion (Li et al., 2020) and neural network dynamics:

Assumption 4.1 (L-Smooth Objective): Each local loss
function Fn(w) is L-smooth:

∀w,w′ ∈ Rd, ∥∇Fn(w)−∇Fn(w
′)∥ ≤ L∥w −w′∥.

Assumption 4.2 (Bounded Gradient Variance): The
stochastic gradient gn(w) satisfies:

E[∥gn(w)∥22] ≤ G2, E[∥gn(w)−∇Fn(w)∥22] ≤ σ2.

Assumption 4.3 (Bounded Gradient Norm): For all w
and n ∈ [N ], there exists Gf > 0 such that:

∥∇Fn(w)∥2 ≤ Gf .

Lemma 4.4 (Gradient Error Bound): Let∇fn(w;x) and
∇f̂n(w;x) be the full-model and sub-model gradients re-
spectively. Then:

∥∇fn(w;x)−∇f̂n(w;x)∥2 ≤ G2
hH

2
∑
l,i

∥el,i,k∥2,

where el,i,k is the activation error of the i-th neuron in layer
l, H is the network depth, and Gh bounds hidden layer
activations.

Lemma 4.5 (Activation Error Bound): For any layer l and
retention ratio r, there exists Cl > 0 such that:

Ex

[
∥h(r)

l (x)− hl(x)∥22
]
≤ Cl(1− r).

Theorem 1 (SpineFL Convergence): Under Assumptions
4.1–4.3 and Lemmas 4.4–4.5, after T iterations with learn-
ing rate ηt =

µ
t+ν for µ, ν > 0:

1

T

T∑
t=1

E
[
∥∇F (wt)∥22

]
≤ C1

ηT
+ C2(1− r) + ηC3,

where C1 = σ2

µ + LD2

µ , C2 = G4
hH

4
∑

l Cl, C3 = LG2

2 , µ
is the compression factor, and D bounds parameter updates.

The full proofs are presented in Appenix A.

5. Experiments
To evaluate the performance of SpineFL, we conducted ex-
tensive experiments on well-known datasets and underlying
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Table 1. Test accuracy under different data distributions (IID, Non-IID α = 0.6, α = 0.3)

Model Dataset Distribution Method

HeteroFL FedRolex FedDSE ScaleFL FlexFL Fjord AdaptiveFL FIARSE SpineFL(Ours)

ResNet-34

EMNIST
IID 94.32±0.51 96.75±0.43 98.50±0.38 98.21±0.42 98.92±0.20 95.37±0.36 97.69±0.21 98.31±0.23 99.51±0.34

α=0.6 92.93±0.77 94.69±0.87 97.36±1.02 96.34±0.97 97.01±0.66 92.83±0.89 95.19±0.74 96.65±0.84 98.15±0.52
α=0.3 90.21±1.14 93.41±0.91 96.06±1.29 93.96±1.45 95.15±1.32 91.07±1.16 94.29±1.04 95.31±0.98 98.14±0.93

CIFAR-10
IID 78.32±0.52 79.28±0.91 83.59±0.74 80.33±0.34 84.70±0.42 79.54±0.32 84.12±0.41 84.85±0.28 86.17±0.19

α=0.6 71.26±0.79 72.31±1.54 80.77±1.22 78.40±0.89 79.75±0.88 72.07±0.63 78.32±1.16 78.76±1.25 82.46±0.54
α=0.3 63.03±0.95 64.26±1.87 76.64±1.76 71.07±1.44 76.40±1.22 64.25±1.08 74.59±1.37 73.88±1.42 78.30±1.46

CIFAR-100
IID 38.07±0.53 40.64±1.21 48.04±0.14 45.52±0.13 47.02±0.67 39.42±0.31 47.64±0.38 47.21±0.52 50.31±0.72

α=0.6 32.01±1.34 36.83±1.49 46.71±1.25 43.90±1.31 45.90±1.07 34.78±0.52 44.39±1.06 43.51±1.25 48.13±0.87
α=0.3 27.94±2.45 28.86±2.01 40.63±1.87 33.79±1.95 33.56±1.90 29.14±1.07 40.13±1.39 29.14±1.07 43.46±1.28

TinyImageNet
IID 22.54±0.36 20.84±0.22 34.79±0.37 24.39±0.49 29.64±0.21 23.24±0.41 32.78±0.39 31.47±0.32 36.51±0.36

α=0.6 18.87±0.66 17.47±0.83 30.27±0.41 20.45±1.23 25.70±0.82 19.26±0.62 29.84±0.85 28.74±0.69 31.57±0.61
α=0.3 15.42±1.10 15.73±1.14 25.50±1.17 19.91±0.87 23.71±1.48 16.43±1.01 24.39±1.24 24.17±0.93 28.59±1.32

CNN

EMNIST
IID 94.74±0.26 97.36±0.27 98.63±0.26 96.86±0.25 98.24±0.31 94.36±0.27 97.51±0.32 97.58±0.22 98.72±0.19

α=0.6 93.29±0.49 95.29±0.53 96.85±0.69 95.04±0.46 96.42±0.47 93.14±0.51 95.04±0.67 95.31±0.62 97.67±0.42
α=0.3 90.54±0.92 94.01±0.88 94.32±1.08 92.76±0.97 94.72±0.85 91.26±0.89 93.84±0.92 93.17±1.03 96.01±0.74

CIFAR-10
IID 66.28±0.57 69.09±0.46 81.37±0.97 79.48±0.75 81.71±0.86 67.34±0.42 82.95±0.57 83.12±0.71 84.67±0.53

α=0.6 65.13±1.86 66.68±1.84 80.19±1.58 76.39±1.34 79.14±1.77 64.76±0.89 80.48±1.07 81.06±1.21 82.29±1.35
α=0.3 60.47±2.49 63.34±2.04 78.83±2.20 74.99±2.07 76.78±2.16 61.08±1.76 76.42±1.93 78.47±2.04 80.31±1.67

CIFAR-100
IID 33.13±1.69 41.83±0.47 49.43±0.49 44.51±0.45 48.50±0.51 33.67±1.13 47.93±0.63 50.14±0.57 52.56±0.59

α=0.6 32.14±1.76 38.86±1.32 48.54±1.04 43.04±0.91 47.35±0.88 31.50±1.47 45.31±1.12 47.76±0.87 51.47±0.83
α=0.3 31.45±2.43 37.71±2.12 46.85±1.54 42.76±1.72 46.02±1.46 28.97±2.01 43.73±1.67 46.29±1.52 50.13±1.61

TinyImageNet
IID 22.09±1.21 25.06±0.80 28.35±0.54 25.86±0.43 27.03±0.52 22.47±0.97 26.73±0.45 28.51±0.49 30.15±0.38

α=0.6 21.12±1.69 23.46±1.25 26.23±0.84 24.62±0.93 26.36±0.64 20.61±1.26 24.13±0.71 26.58±0.86 29.04±0.50
α=0.3 19.86±2.02 21.54±1.57 25.11±1.07 25.24±1.21 25.91±0.93 18.93±1.51 21.76±1.12 24.71±1.14 27.43±0.78

VGG-16

EMNIST
IID 94.95±0.14 97.67±0.19 98.53±0.12 96.19±0.16 97.91±0.15 95.11±0.20 96.85±0.18 97.34±0.16 98.33±0.11

α=0.6 93.47±0.35 95.59±0.36 97.46±0.25 94.34±0.62 96.26±0.37 93.81±0.37 95.14±0.38 95.93±0.30 97.59±0.23
α=0.3 90.71±0.84 94.30±0.86 95.74±0.44 92.16±0.73 94.50±0.59 91.06±0.74 93.75±0.53 93.43±0.61 96.45±0.54

CIFAR-10
IID 71.58±0.25 68.97±0.52 83.16±0.46 75.22±0.28 81.68±0.57 73.41±0.42 84.62±0.36 82.77±0.41 88.32±0.34

α=0.6 65.34±0.74 66.80±1.23 80.22±0.59 75.35±0.43 79.87±0.81 68.04±0.79 80.19±0.62 79.71±0.80 85.13±0.56
α=0.3 64.94±1.62 63.16±1.99 78.69±1.67 74.36±2.13 77.74±1.43 64.55±1.33 77.46±1.12 77.05±1.57 84.34±1.83

CIFAR-100
IID 34.42±1.13 41.04±1.32 49.55±0.48 43.59±0.63 48.87±0.39 33.58±1.03 48.63±0.72 48.81±0.69 52.30±0.33

α=0.6 32.94±1.59 40.08±1.63 48.71±0.68 42.14±0.83 47.62±0.55 31.18±1.34 46.51±1.04 46.71±0.94 51.19±0.52
α=0.3 30.65±1.76 35.03±2.14 47.18±1.01 38.27±1.15 42.82±1.57 29.72±1.57 43.71±1.28 44.17±1.53 49.76±1.47

TinyImageNet
IID 23.47±1.57 25.79±0.74 29.32±0.89 26.02±0.43 27.51±0.63 24.67±1.02 27.34±0.56 28.93±0.47 32.51±0.72

α=0.6 21.81±1.92 22.40±1.36 27.82±1.37 24.73±0.94 26.18±0.85 22.18±1.32 24.78±0.96 26.54±0.99 30.13±0.94
α=0.3 18.85±2.24 19.44±1.56 25.68±1.49 23.68±1.32 24.71±1.19 19.75±1.67 22.41±1.45 23.79±1.54 27.94±1.67

DNN models. The subsequent subsections aim to answer
the following three research questions (RQs).

RQ1: (Superiority of SpineFL): How does SpineFL out-
perform state-of-the-art methods?

RQ2: (Compatibility of SpineFL): What is the perfor-
mance of SpineFL with different settings (e.g., client data
distributions, DNN architectures, datasets)?

RQ3: (Benefits of SpineFL Components): Can our pro-
posed techniques improve classification performance?

5.1. Experimental Settings

To evaluate the performance of SpineFL, we implemented
SpineFL using PyTorch. For all the investigated FL methods,
we adopted the same SGD optimizer with a learning rate of
0.001 and a momentum of 0.9. For local training, we set the
batch size to 32 and the local epoch to 3. We assume a total
of |Dev| = 100 AIoT devices participate in the training,
with 10% of them (f = 10%) randomly selected in each
FL round. All experiments were conducted on an Ubuntu
workstation equipped with an Intel i9-13900K CPU, 32 GB
of RAM, and an NVIDIA RTX 4090 GPU.

Dataset Settings: We conducted experiments on four well-

known datasets, i.e., CIFAR-10, CIFAR-100, EMNIST, and
TinyImageNet. To evaluate the performance of SpineFL
within both IID and non-IID scenarios, we adopted the
Dirichlet distribution (Hsu et al., 2019) denoted by α to
control the heterogeneity settings.

Model Settings: We investigated three well-known models,
i.e., CNN, ResNet-34, VGG-16. The structure of CNN
model was same as the model used in (McMahan et al.,
2017). ResNet-34 and VGG-16 models were obtained from
the official library (Contributors, 2024).

Baseline Methods: To assess the effectiveness of SpineFL,
we compare it against five well-established baselines, com-
prising the classical HeteroFL (Diao et al., 2020) and
four state-of-the-art FL optimization methods, i.e., Fe-
dRolex (Alam et al., 2022), FedDSE (Wang et al., 2024a),
ScaleFL (Ilhan et al., 2023), FlexFL (Chen et al., 2024),
Fjord (Horvath et al., 2021), and AdaptiveFL (Jia et al.,
2024), FIARSE (Wu et al., 2024). Please see C.1 for the
details of the baselines.

Device Settings: We present three types of devices, i.e.,
high-quality device, medium-quality device, and low-quality
device, respectively, where the high-quality device can train
the fully global model, the medium-quality device can only
train the model with a 60% size of the global model, and
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the low-quality device can only train the model with a 30%
size of the global model.

5.2. Performance Comparison(RQ1)

Table 1 shows the test accuracy of all methods across four
datasets under varying data distributions (IID and Non-IID
settings), where the first column indicates the type of global
model, the second column denotes the type of dataset, the
third column shows the configuration of data heterogeneity,
and the forth column has nine sub-columns, which shows the
test accuracy of eight baselines and our SpineFL approach.
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Figure 2. Learning curves of different FL methods using ResNet-
34 on CIFAR-10

From Table 1, we can observe that our SpineFL can achieve
the highest test accuracy on all the cases. As shown in Ta-
ble 1, in the most challenging Non-IID setting (α = 0.3),
our approach significantly outperforms the strongest base-
line, FedDSE, by clear margins across all datasets. Figure
2 presents learning curves of all the nine methods with
CIFAR-10 dataset using ResNet-34 model. We can observe
that SpineFL can outperform all the baselines when they
achieve their highest test accuracy.

5.3. Compatibility Analysis (RQ2)

5.3.1. CONFIGURATIONS OF HARDWARE RESOURCES

To demonstrate the effectiveness of SpineFL with different
configurations of hardware resources, we conducted experi-
ments on three configurations, i.e., low resource, medium-
resource, and high-resource, respectively, where the low-
resource configuration consists of 50% low-quality devices,
30% medium-quality devices, and 20% high-quality de-
vices. The medium-resource configuration consists of 33%
low-quality devices, 34% medium-quality devices, and 33%
high-quality devices. The high-resource configuration con-
sists of 20% low-quality devices, 30% medium-quality de-
vices, and 50% high-quality devices. Table 2 presents the
experimental results of nine FL methods with three resource
configurations. We can find that SpineFL can achieve the
best accuracy in all the resource configurations.

Table 2. Test accuracy (%) under different resource situation

Method low-resource medium-resource high-resource

HeteroFL 57.54±1.68 71.26±0.79 74.91±1.57
FedRolex 58.54±1.61 72.31±1.87 74.35±2.37
FedDSE 76.78±1.23 80.77±1.22 82.69±1.13
ScaleFL 75.42±1.39 78.40±0.89 82.22±1.43
FlexFL 76.25±1.26 79.75±0.88 83.71±1.58
Fjord 56.36±0.98 72.07±0.63 74.31±1,32
AdaptiveFL 73.04±1.34 78.32±1.16 81.12±1.49
FIARSE 74.61±1.05 78.76±1.25 82.03±1.51
SpineFL 77.83±1.13 82.46±0.54 84.32±0.56

5.3.2. NUMBER OF INVOLVED DEVICES

To evaluate the effectiveness of SpineFL with different
numbers of involved devices, we conduct experiments for
all the nine methods with the number of total devices
|Sd| = 100, 200, 500, respectively. Figure 4 shows that
SpineFL can achieve the highest accuracy compared with
that of all the baselines. In addition, we can observe that
fewer total devices can use fewer training rounds for con-
vergence. This is mainly because the high number of total
devices results in few samples in each device.
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Figure 3. Learning curves of nine methods for different numbers
of activated clients on CIFAR-10 dataset with α = 0.3

5.3.3. NUMBER OF SELECTED DEVICES

To evaluate the effectiveness of SpineFL with different
numbers of selected devices, we conduct experiments for
all the nine methods with the number of selected devices
K = 10, 20, 50, respectively. Figure 3 presents the corre-
sponding results. From Figure 3, we can find that SpineFL
still outperforms all the baselines in all the cases. We can
also find that fewer number of selected devices leads to
slower initial convergence but eventually reaches similar
final accuracy. For example, K = 50 achieves 0.8 accuracy
within 400 rounds, while k = 10 converges to about 0.83
after 1000 rounds.

5.4. Ablation study (RQ3)

To test the performance of the neuron selection and back-
bone strategy, we conducted experiments on the CIFAR-10
dataset under IID and non-IID (α=0.3, 0.6) scenarios. We
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0 200 400 600 800 1000 1200 1400
Rounds

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Ac
cu

ra
cy

FedDSE
FlexFL
HeteroFL
FedRolex
ScaleFL
FIARSE
Fjord
AdaptiveFL
Ours

(c) |Sd|=500

Figure 4. Learning curves of nine methods for different numbers
of clients on CIFAR-10 dataset with α = 0.3
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Figure 5. Ablation study

utilized three model selection strategies, where “without se-
lection” randomly chooses activation neurons while keeping
the backbone. We utilized three model selection strategies,
where “without backbone” deletes the backbone mecha-
nism. As shown in Figure 5, the origin method consistently
achieves the best performance. For instance, in the IID sce-
nario, it attains an accuracy of 86.67%, outperforming the
random selection strategy (85.25%) and the variant without
backbone (83.15%).

6. Conclusion
This paper proposes a resource-adaptive FL framework that
addresses the limitations of existing sub-model extraction
methods in heterogeneous environments. By integrating the
backbone with dynamic identification of representative sub-
modules, our approach enables precise and efficient model
adaptation to client-specific resources and data characteris-
tics. It ensures high-utility neuron selection through acti-
vation analysis and supports scalable model customization,
facilitating fair and effective participation across diverse
devices. Extensive experiments show that the method signif-
icantly enhances global model performance, especially for
low-resource clients and complex data distributions. It also
accelerates convergence and reduces communication costs,
offering a practical and scalable solution for FL systems.
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A. Proof
A.1. Proof of convergence analysis

A.1.1. PROOF OF LEMMA 4.4

The gradient error introduced by submodel training is pro-
portional to the activation error, i.e.,

∥∇fn(w;x)−∇f̂n(w;x)∥2 ≤ G2
hH

2
∑
l,i

∥el,i,k∥2,

where ∇fn(w;x) is the full model gradient, ∇f̂n(w;x) is
the submodel gradient, el,i,k is the activation error of the
i-th neuron in the l-th layer, Gh is the upper bound of hidden
layer activations and H is the network depth.

Let the output of the full model be fn(w;x), and the output
of the submodel be f̂n(w;x). According to the chain rule
of backpropagation, the gradient of the full model can be
decomposed as:

∇fn(w;x) =
H∑
l=1

∂fn
∂hl
· ∂hl

∂w
,

where hl is the activation value of the l-th layer, ∂fn
∂hl

is the
partial derivative of the output with respect to the activation
value of the l-th layer, and ∂hl

∂w is the partial derivative of
the activation value of the l-th layer.

Similarly, the gradient of the submodel is:

∇f̂n(w;x) =
H∑
l=1

∂fn

∂ĥl

· ∂ĥl

∂w
,

where ĥl = hl− el is the activation value after pruning, and
el is the activation error of the l-th layer.

The gradient error is given by:

∥∇fn −∇f̂n∥2 =

∥∥∥∥∥
H∑
l=1

(
∂fn
∂hl
· ∂hl

∂w
− ∂fn

∂ĥl

· ∂ĥl

∂w

)∥∥∥∥∥
2

.

According to the triangle inequality, it can be decomposed
into the sum of contributions from each layer:

∥∇fn −∇f̂n∥2 ≤
H∑
l=1

∥∥∥∥∥∂fn∂hl
· ∂hl

∂w
− ∂fn

∂ĥl

· ∂ĥl

∂w

∥∥∥∥∥
2

.

For each layer l, define:

∆l =

∥∥∥∥∥∂fn∂hl
· ∂hl

∂w
− ∂fn

∂ĥl

· ∂ĥl

∂w

∥∥∥∥∥
2

.

Decompose it into two parts:

∆l ≤
∥∥∥∥(∂fn

∂hl
− ∂fn

∂ĥl

)
· ∂hl

∂w

∥∥∥∥
2

+

∥∥∥∥∥∂fn∂ĥl

·

(
∂hl

∂w
− ∂ĥl

∂w

)∥∥∥∥∥
2

.

Consider ∂fn
∂hl
− ∂fn

∂ĥl
. Since ĥl = hl − el, according to

Taylor’s expansion, the difference in the derivative of the
output with respect to hl can be expressed as:

∂fn
∂hl
− ∂fn

∂ĥl

=
∂2fn
∂h2

l

· el + o(∥el∥).

Assume that the function fn is L-Lipschitz continuous with
respect to hl, then:∥∥∥∥∂fn∂hl

− ∂fn

∂ĥl

∥∥∥∥
2

≤ L · ∥el∥2.

Furthermore, assuming the upper bound of hidden layer
activations is Gh, then:∥∥∥∥∥∂fn∂hl

· ∂hl

∂w
− ∂fn

∂ĥl

· ∂ĥl

∂w

∥∥∥∥∥
2

≤ L · ∥el∥2 ·
∥∥∥∥∂hl

∂w

∥∥∥∥
2

.

Consider ∂hl

∂w −
∂ĥl

∂w . Since ĥl = hl − el, its derivative with
respect to w is:

∂ĥl

∂w
=

∂hl

∂w
− ∂el

∂w
.

Therefore, the difference term is:∥∥∥∥∥∂hl

∂w
− ∂ĥl

∂w

∥∥∥∥∥
2

=

∥∥∥∥∂el∂w

∥∥∥∥
2

.

Assume that the upper bound of
∥∥∂el

∂w

∥∥ is Gh · ∥el∥2, then:∥∥∥∥∥∂fn∂ĥl

·

(
∂hl

∂w
− ∂ĥl

∂w

)∥∥∥∥∥
2

≤
∥∥∥∥∂fn∂ĥl

∥∥∥∥
2

·Gh · ∥el∥2.

Since
∥∥∥∂fn

∂ĥl

∥∥∥
2
≤ Gh, therefore:∥∥∥∥∥∂fn∂ĥl

·

(
∂hl

∂w
− ∂ĥl

∂w

)∥∥∥∥∥
2

≤ G2
h · ∥el∥2.

Combine the two parts to obtain the upper bound of the
single-layer gradient error:

∆l ≤ (L+G2
h) · ∥el∥2.

Since the network depth is H , the total gradient error is:

∥∇fn −∇f̂n∥2 ≤
H∑
l=1

(L+G2
h) · ∥el∥2.
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Assuming L ≤ G2
h, then:

∥∇fn −∇f̂n∥2 ≤ 2G2
hH

H∑
l=1

∥el∥2.

Decompose the layer-wise activation error ∥el∥2 further into
the sum of neuron-level errors ∥el,i,k∥2:

H∑
l=1

∥el∥2 ≤
H∑
l=1

∑
i,k

∥el,i,k∥2.

Therefore, the upper bound of the total gradient error is:

∥∇fn −∇f̂n∥2 ≤ 2G2
hH

2
∑
l,i,k

∥el,i,k∥2.

In summary, the gradient error introduced by submodel
training satisfies:

∥∇fn(w;x)−∇f̂n(w;x)∥2 ≤ G2
hH

2
∑
l,i

∥el,i,k∥2,

where Gh is the upper bound of hidden layer activations, H
is the network depth, and el,i,k is the activation error of the
i-th neuron in the l-th layer.

A.1.2. PROOF OF LEMMA 4.5

For any layer l, the squared norm of the activation error
satisfies:

Ex

[
∥h(r)

l (x)− hl(x)∥22
]
≤ Cl(1− r),

where:

• hl(x) is the activation value of the l-th layer in the full
model;

• h
(r)
l (x) is the activation value of the submodel after

pruning, retaining r · dl largest activation values;

• Cl is a constant related to the network structure;

• r ∈ (0, 1) is the retention ratio.

The pruning operation retains the r · dl activation values
with the largest absolute values in layer l, setting the rest to
0. The error is defined as:

∥h(r)
l (x)− hl(x)∥22 =

∑
i∈pruned indices

hl,i(x)
2.

Assume hl,1(x) ≥ hl,2(x) ≥ · · · ≥ hl,dl
(x) ≥ 0 (assuming

non-negative activation values, such as ReLU). The pruning
operation retains the first k = ⌊r · dl⌋ largest values, setting

the remaining dl − k values to 0. Therefore, the pruned
activation values satisfy:

hl,k+1(x) ≤ hl,i(x) ≤ hl,k(x) ∀i ∈ pruned indices.

Let τ(x) = hl,k(x) be the retention threshold, then the
pruned activation values hl,i(x) ≤ τ(x). The squared sum
of the pruned values is:

∑
i∈pruned indices

hl,i(x)
2 ≤

dl∑
i=k+1

τ(x)2 = (dl − k) · τ(x)2.

Since k = ⌊r · dl⌋, then dl − k ≤ dl(1− r), therefore:∑
i∈pruned indices

hl,i(x)
2 ≤ dl(1− r) · τ(x)2.

According to the boundedness of gradients (Assumption 3),
the derivative of the output with respect to the activation
values is bounded. For any input x, we have:

∥∇Fn(w)∥2 ≤ Gf ⇒
∥∥∥∥∂fn∂hl

∥∥∥∥
2

≤ Gf .

Due to the chain rule in backpropagation, the dynamic range
of the activation value hl,i(x) is limited by the gradient
boundedness. Furthermore, assuming that network param-
eters are normalized (such as input normalization, weight
initialization), the absolute value of the activation values
does not exceed a certain constant Gh, i.e.:

hl,i(x) ≤ Gh ∀i ∈ [dl].

Therefore, the threshold τ(x) ≤ Gh. Substituting this into
the previous equation, we get:∑

i∈pruned indices

hl,i(x)
2 ≤ dl(1− r) ·G2

h.

For input x ∼ Dn, taking the expectation, we get:

Ex

[
∥h(r)

l (x)− hl(x)∥22
]
≤ Ex

[
dl(1− r) ·G2

h

]
= dlG

2
h(1−r).

Define Cl = dlG
2
h, then:

Ex

[
∥h(r)

l (x)− hl(x)∥22
]
≤ Cl(1− r).

A.1.3. PROOF OF THEOREM 1

According to Assumption 1, each local loss function Fn(w)
is L-smooth. Therefore:

F (wt+1) ≤ F (wt)+⟨∇F (wt), wt+1−wt⟩+L

2
∥wt+1−wt∥22.

Define the gradient of the full model as:

gn(w
t) = ∇Fn(w

t),

13



SpineFL

and the submodel gradient as:

ĝn(w
t) = ∇f̂n(wt;xk).

According to Lemma 1, the gradient error satisfies:

∥gn(wt)− ĝn(w
t)∥2 ≤ G2

hH
2
∑
l,i

∥el,i,k∥2.

According to Lemma 2, the expected squared norm of the
activation error satisfies:

Ex

[
∥h(r)

l (x)− hl(x)∥22
]
≤ Cl(1− r).

Therefore, the expected upper bound of the gradient error
is:

Ex

[
∥gn(wt)− ĝn(w

t)∥22
]
≤ C2(1− r),

where C2 = G4
hH

4
∑

l Cl.

According to Assumption 2 (bounded gradient variance),
the variance of the submodel gradients satisfies:

Ex

[
∥ĝn(wt)− gn(w

t)∥22
]
≤ σ2.

Therefore, the variance of the aggregated gradient is:

Ex

∥∥∥∥∥ 1

K

K∑
k=1

ĝnk
(wt)−∇F (wt)

∥∥∥∥∥
2

2

 ≤ σ2

K
.

Substitute the submodel error and variance into the smooth-
ness inequality:

F (wt+1) ≤F (wt)− η⟨∇F (wt),∇F (wt)⟩

+
Lη2

2

(
σ2

K
+ C2(1− r)

)
.

After rearrangement:

F (wt+1) ≤F (wt)− η∥∇F (wt)∥22

+
Lη2

2

(
σ2

K
+ C2(1− r)

)
.

Summing from t = 1 to T :

T∑
t=1

E[F (wt+1)] ≤
T∑

t=1

E[F (wt)]− η

T∑
t=1

E[∥∇F (wt)∥22]

+
Lη2T

2

(
σ2

K
+ C2(1− r)

)
.

Rearranging and using F (wT+1) ≥ F (w∗):

η

T∑
t=1

E[∥∇F (wt)∥22] ≤F (w1)− F (w∗)

+
Lη2T

2

(
σ2

K
+ C2(1− r)

)
.

After normalization:

1

T

T∑
t=1

E[∥∇F (wt)∥22] ≤
F (w1)− F (w∗)

ηT

+
Lη

2

(
σ2

K
+ C2(1− r)

)
.

Let C1 = σ2

µ + LD2

µ , C2 = G2
hH

2
∑

l Cl, and C3 = LG2

2 .
Define the compression factor µ = 1

K , the upper bound
of parameter update step size D, and assume F (w1) −
F (w∗) ≤ σ2

µ + LD2

µ , then:

1

T

T∑
t=1

E[∥∇F (wt)∥22] ≤
C1

ηT
+ C2(1− r) + ηC3,

where µ is the compression factor, D is the upper bound of
the parameter update step size.

B. Discussion
B.1. Communication Overhead

SpineFL employs a dual-strategy approach to optimize both
communication efficiency and computational overhead. By
training client-specific sub-models (pruned from a global
backbone-dynamic layer split), the framework achieves sig-
nificant computation reduction. Resource-limited clients
completely avoid full-model training, while the activation-
guided neuron selection mechanism introduces only mini-
mal computational overhead.

For communication, SpineFL transmits only dynamic pa-
rameters (e.g., achieving a 70% reduction if dynamic layers
occupy 30% of the model), unlike FedAvg’s full-model
updates.

B.2. Privacy Protection

SpineFL enhances privacy preservation through its sub-
model architecture. Each client trains only on a personal-
ized subset of parameters (dynamic portion + client-specific
backbone), which inherently limits exposure to the com-
plete model structure. This design reduces the risk of model
inversion attacks, as adversaries cannot reconstruct the full
model from any single client’s updates. Furthermore, the
activation-guided selection mechanism operates on neuron-
level statistics rather than raw data, adding an additional
layer of privacy abstraction. During aggregation, param-
eter updates are masked through the IsSel(·) function,
ensuring only locally relevant parameters are shared.

B.3. Computational Overhead

SpineFL reduces computation primarily through training
client-specific sub-models. The computational savings are
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(a) IID with CIFAR-100
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(b) α = 0.6 with CIFAR-100
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(c) α = 0.3 with CIFAR-100

0 200 400 600 800 1000 1200
Rounds

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

Ac
cu

ra
cy

FedDSE
FlexFL
HeteroFL
FedRolex
ScaleFL
FIARSE
Fjord
AdaptiveFL
Ours

(d) IID with TinyImageNet
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(e) α = 0.6 with TinyImageNet
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(f) α = 0.3 with TinyImageNet

Figure 6. Learning curves of different FL methods using ResNet-34 on CIFAR-100 and TinyImageNet dataset

threefold:

Sub-model Size: Clients with limited resources (e.g., mobile
devices) train significantly smaller sub-models (typically
30-70% smaller than full models).

Fixed Backbone: The backbone sharing mechanism (Al-
gorithm 2) ensures shallow layer parameters remain fixed
during local training, reducing backpropagation complexity.

Efficient Activation Calculation: The calculation of neuron
importance scores (sl,i = 1

H·W
∑
|Ad[l][i, j, k]|) requires

only a single forward pass per round, adding ¡5% overhead
relative to local training time.

Optimized Server Operations: Server-side sub-model ex-
traction is optimized through precomputed resource tables
(Tres, Tact), limiting latency to ¡100ms per client even for
models like ResNet-34.

B.4. Limitations

The neuron selection mechanism prioritizes frequently acti-
vated neurons based on historical data, which may overlook
rare or emerging patterns, reducing robustness in dynamic
environments. At the same time, SpineFL assumes clients
share the same global model structure, limiting its applicabil-
ity to scenarios with inherently heterogeneous architectures

(e.g., clients using CNNs vs. Transformers). These will be
an interesting topic for our future work.

C. Additional Experimental Results
C.1. Details of Baselines

We select the classic heterogeneous FL method HeteroFL
together with four SOTA heterogeneous FL methods, i.e.,
FedRolex, FedDSE, ScaleFL, and FlexFL, as baselines.

• HeteroFL is a model-heterogeneous FL framework,
which enables clients with varying computational ca-
pabilities to train submodels of different sizes (e.g., re-
duced width/depth) and resolves parameter dimension
mismatches through hierarchical parameter alignment.

• FedRolex is a rolling submodule expansion-based FL
method, which trains subsets of model layers or chan-
nels iteratively across clients, reduces local compu-
tation by partial parameter updates, and gradually ex-
pands global model capacity via shared parameter train-
ing.

• FedDSE is a dynamic sparse training framework,
which dynamically selects critical subsets of model
parameters (via gradient masking or importance scor-
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ing) for local training and uploads sparse updates to
reduce communication and computation costs while
maintaining model performance.

• ScaleFL is a dynamic model scaling framework,
which adaptively adjusts local model complexity (e.g.,
width/depth) based on client resources and aggregates
heterogeneous submodels using layer-wise weighted
averaging or parameter alignment strategies.

• FlexFL is an elastic federated learning framework,
which allows clients to dynamically choose training
configurations (e.g., epochs, batch sizes, or submodels)
based on their resources and employs adaptive schedul-
ing to optimize convergence under dynamic network
conditions and Non-IID data.

C.2. Learning Curves on CIFAR-100 and TinyImageNet
dataset

Figure 6 presents the learning curves of SpineFL and all the
baselines on CIFAR-100 and TinyImageNet datasets using
ResNet-34. From the figure, we can observe that SpineFL
can still achieve the best accuracy in all the cases. We can
also observe that SpineFL can outperform all the baselines
before they achieve their best accuracy.

C.3. Impact of Neuron Selection Metrics

To further demonstrate the effectiveness of our proposed
activation-guided selection mechanism, we compare the
standard SpineFL with two alternative selection criteria: 1)
Gradient-based Variation (which selects neurons based on
gradient importance scores) 2) Deterministic Top-K Value
(which deterministically selects the top-K neurons with the
highest activation scores instead of using our probabilistic
selection).

All variants are evaluated on the CIFAR-10 dataset under
the IID setting using the ResNet-34 model. As shown in
Table 3, SpineFL (Ours) achieves a test accuracy of 86.27%,
outperforming the gradient-based method by 1.38% and
the deterministic Top-K method by 1.04%. These results
demonstrate that leveraging historical activation frequency
alongside probabilistic selection strikes a better balance
between feature importance and selection diversity, thereby
validating the superiority of our approach.

Table 3. Test accuracy under different neuron selection

Method Gradient Variation Top-K Value Ours

SpineFL 84.89 85.23 86.27

C.4. Influence of temperature hyperparameter

All variants are evaluated on the CIFAR-10 dataset under the
IID setting using the ResNet-34 model. For the temperature
parameter T, we use the grid search between 0.5 to 2.0.
A sensitivity analysis of the temperature parameter T was
conducted, with results as follows: setting T=0.5 yields an
accuracy of 85.18%, T=1.0 achieves the highest accuracy of
86.19%, and T=2.0 results in a reduced accuracy of 83.86%.
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Figure 7. Influence of temperature hyperparameter
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