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Abstract
Model-heterogeneous federated tuning (MHFT) enables the
privacy-preserving fine-tuning of foundation models in het-
erogeneous systems by allowing clients and the server to
adopt different model architectures. Depth partial train-
ing—where each client updates only a subset of the
model’s layers—alleviates system heterogeneity but exacer-
bates client drift, which stems from clients optimizing dif-
ferent objectives and therefore degrades overall performance.
Beyond the well-known statistical bias—where non-IID data
leads to client drift—we identify a structural bias arising
from clients deploying only partial layers of the global model,
which serves as an important cause of drift. We further pro-
vide a theoretical analysis showing that the possible range of
structural bias expands linearly with the number of missing
layers. To counter this effect, we introduce FedBRICK (Fed-
erated Bias Recovery via Inserted Calibrative Kernels), which
inserts tiny BRICKs into each client’s subnetwork. We em-
ploy a dual-end layer-wise distillation scheme to train these
blocks using both client-side local data and a small public
proxy set on the server. This design effectively mitigates the
structural bias caused by layer dropping, reduces client drift,
and remains practical for storage-constrained devices. Exten-
sive experiments on federated learning benchmarks confirm
that FedBRICK delivers up to a 5% average accuracy gain
while requiring no more than 1.44% extra storage per client.

Introduction
Foundation models like GPT (Brown et al. 2020; Achiam
et al. 2023), BERT (Devlin et al. 2019), and ViT (Dosovit-
skiy et al. 2020) have greatly advanced NLP and computer
vision. To adapt these large pre-trained models to down-
stream tasks with privacy protection, federated tuning (FT)
has emerged as an important solution (Xu et al. 2024; Zhang
et al. 2024; Wu et al. 2024; Sun et al. 2024). In FT, each
client fine-tunes the model locally, and a central server ag-
gregates the updates, so the global model learns from diverse
users without accessing raw data.

However, the large size of foundation models makes them
difficult to deploy across heterogeneous systems (Kairouz
et al. 2021; Li et al. 2020; Su, Li, and Xue 2024), particu-
larly on resource-constrained edge devices that lack the ca-
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pacity to store or train the full model (Varghese et al. 2016).
Model-Heterogeneous Federated Tuning (MHFT) addresses
this issue by allowing clients and the server to deploy mod-
els of different sizes and architectures (Su, Li, and Xue 2024;
Yao et al. 2023). A widely adopted solution is partial train-
ing (Diao, Ding, and Tarokh 2020; Horvath et al. 2021;
Su, Li, and Xue 2024; Kim et al. 2022), where each client
trains only a subnetwork of the global model that aligns with
its local resource constraints. This approach enables direct
parameter aggregation, simultaneously ensuring both struc-
tural consistency and privacy preservation.

Nonetheless, emerging studies and empirical evidence
suggest that the architecture of partial training can increase
the susceptibility of the global model to client drift (Alam
et al. 2022; Saadati, Rostami, and Amini 2025). This refers
to the growing mismatch between local and global objec-
tives during training (Karimireddy et al. 2020; Gao et al.
2022; Shi et al. 2022), which can substantially negatively
affect the overall performance of MHFT.

We investigate the structural factors contributing to client
drift by analyzing the Jacobian under depth partial train-
ing (DPT), where clients train only a subset of the global
model’s layers (Su, Li, and Xue 2024; Kim et al. 2022).
While client drift is commonly attributed to data distribu-
tion bias (referred to as statistical bias), we further identify
a form of structural bias introduced by DPT. Our theoreti-
cal analysis reveals that this structural bias results in a sig-
nificant amplification of client drift, with the possible range
of the drift subspace (i.e., its dimensionality) increasing lin-
early with the number of missing layers.

To mitigate structural bias, we propose FedBRICK (Fed-
erated Bias Recovery via Inserted Calibrative Kernels),
which addresses this issue by introducing the BRICK—a
lightweight module (typically 0.3%-0.5% of the original
layer’s parameters)—which is systematically embedded into
client-side subnetworks reconstruct cross-layer information
lost under model partitioning. These blocks are trained via
a dual-end layer distillation strategy, which allows them to
capture layer-specific behaviors using local training data on
clients and a small proxy dataset on the server, while avoid-
ing the transmission of potentially privacy-sensitive logits.
This approach effectively mitigates the structural bias intro-
duced by DPT, while imposing minimal computational and
storage overhead on clients, thereby accommodating system
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Figure 1: (a) Structural bias issue in DPT, where client models only contain partial layers of the full model, causing gradient
distortion and suboptimal optimization. (b) Overview of our proposed framework, consisting of four stages: (i) server-side layer-
wise knowledge distillation (①); (ii) subnet transmission and BRICK deployment (②); (iii) client-side two-stage personalization
(③④); and (iv) federated aggregation (⑤).
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Figure 2: Accuracy (%) over time with varying data (left)
and structural heterogeneity (right). High structural hetero-
geneity (fewer retained layers) causes greater performance
degradation than high data heterogeneity (smaller alpha).

heterogeneity in federated tuning.
Our main contributions are summarized as follows:

• We provide a theoretical analysis of structural bias in
DPT, further revealing that the possible range of client
drift grows linearly with the number of missing lay-
ers—complementing the commonly recognized statisti-
cal bias perspective.

• We propose FedBRICK, a structural bias-aware
framework for federated tuning that introduces
BRICKs—lightweight modules designed to restore struc-
tural bias by reconstructing gradient flow on clients.

• We demonstrate through extensive experiments that
FedBRICK effectively mitigates structural bias, im-
proves model performance under system heterogeneity,
and maintains efficiency for storage-constrained clients.

Related Work
Federated Distillation
When client models are heterogeneous, traditional Feder-
ated Averaging (FedAvg) (McMahan et al. 2017) fails due to
parameter mismatches. Federated Distillation (FD) transfers
knowledge across heterogeneous models but has drawbacks.

For example, FedDistill (Jeong et al. 2018) and FedDistill+
(Yao et al. 2023) require clients to upload class-wise mean
predictions for server aggregation, while FedAD (Gong et al.
2021) uploads outputs and intermediate features to enhance
distillation. Methods like FedGKD (Yao et al. 2023) and
FedLMD (Lu et al. 2023) use global model outputs as teach-
ers for local models. These approaches either upload outputs
or features—posing privacy risks of label distribution recon-
struction—or force clients to synchronize with the global
model, increasing system complexity.

Partial Training
To address FD limitations, Partial Training (PT) splits the
global model into subnetworks of different sizes, allowing
heterogeneous clients to participate in direct parameter ag-
gregation. PT methods fall into two main categories: width
partial training (WPT) and depth partial training (DPT).
WPT methods (e.g., HeteroFL (Diao, Ding, and Tarokh
2020), FjORD (Horvath et al. 2021), ScaleFL (Ilhan, Su, and
Liu 2023)) partition the model by channels, but often dis-
rupt channel mapping and degrade performance. DPT meth-
ods split by layers: some (e.g., DepthFL (Kim et al. 2022),
InclusiveFL (Liu et al. 2022)) select early layers, while oth-
ers (e.g., FedRA (Su, Li, and Xue 2024)) randomly choose
a subset of layers. DPT better preserves structural integrity
and aligns with layer specialization theories (Kumar et al.
2024; Gromov et al. 2024), making it more promising. But
recent studies indicate that PT can exacerbate client drift.
To address these issues, we propose FedBRICK, which in-
troduces compensation modules within subnetworks, effec-
tively improving model performance in MHFT while main-
taining low client-side overhead and privacy protection.

Observation
Previous work shows that diversity in client model architec-
tures worsens client drift in federated learning (Alam et al.
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2022; Saadati, Rostami, and Amini 2025), yet most stud-
ies focus on data heterogeneity, neglecting structural factors.
Here, we review the common view that statistical bias (Fig-
ure 2a) drives client drift, and further introduce structural
bias (Figure 2b) caused by incomplete architectures (Fig-
ure 1a). Addressing both biases enables a more complete
analysis of client drift in depth partial training.

Statistical Bias
In federated foundation model fine-tuning, the server main-
tains a shared base model w ∈ Rd for all K clients, with the
goal of minimizing the global empirical risk without aggre-
gating raw data centrally:

min
w

F (w) =

K∑
k=1

pk Fk(w) (1)

where Fk(w) = E(x,y)∼Dk

[
ℓ
(
f(x;w), y

)]
, pk = nk/

∑
jnj

is determined by each client’s sample size nk, f(·;w) rep-
resents the complete base model, and ℓ(·) denotes the down-
stream task loss function, and Dk denotes the local data dis-
tribution on client k ∈ K.

In practice, clients often have highly heterogeneous (i.e.,
non-IID) data. As a consequence, the gradient computed on
a specific client can be decomposed as

∇Fk(w) = ∇F (w) + bk(w) (2)

with bk(w) ≜ ∇Fk(w) − ∇F (w). Here, bk(w) is the
statistical bias that quantifies the discrepancy between the
local descent direction on client k and the true global de-
scent direction. This bias directly arises from the differences
in data distributions across clients. In the classic FedAvg
framework, clients perform E consecutive steps of stochas-
tic gradient descent (SGD) locally:

∆
(t)
k = −η

E−1∑
e=0

∇Fk

(
w

(e)
t

)
(3)

= −Eη
[
∇F (wt) + bk(wt)

]
(4)

If
∑

k pkbk ̸= 0, then after server aggregation

wt+1=wt +
∑
k

pk∆
(t)
k (5)

the global model will continue to progress along such a dis-
torted direction. This accumulated statistical bias is one of
the major causes of client drift.

Structural Bias
Within the DPT framework, denote the entire network of
L layers as a composition of functions: f(x;w) = fL ◦
fL−1 ◦ · · · ◦ f1(x), where w = {w1, . . . ,wL} denotes the
collection of all layer parameters. Given an arbitrary sample
(x, y) and a scalar loss function L(·, y), we define the for-
ward activations by aℓ = fℓ(aℓ−1;wℓ), and the final loss as
L = L(aL, y). Let dℓ denote the output dimension. Define
the Jacobian matrix of fℓ with respect to its parameters wℓ

as
Jwℓfℓ =

∂fℓ(aℓ−1;wℓ)

∂wℓ
∈ Rdℓ×|wℓ| (6)

In the absence of truncation, the gradient of the loss with
respect to the parameters wℓ is given by:

g⋆
ℓ = J⊤

wℓ
fℓ

 L∏
j=ℓ+1

Jj

∇aLL (7)

When employing DPT at round t, the binary mask for
client k is denoted by m

(t)
k = [m

(t)
k,1, . . . ,m

(t)
k,L], where

a value of 1 indicates that the corresponding layer is re-
tained, and 0 indicates that it is skipped. Accordingly, the
set of trainable sub-layers for client k at round t is defined
as S(t)

k = {ℓ | m(t)
k,ℓ = 1}. We denote by S(t)

k,ℓ the set of
Nskip skipped (i.e., missing) layers after layer ℓ for client k

at round t, that is, S(t)

k,ℓ = {ℓ′ ∈{ℓ+1,. . .,L} | ℓ′ /∈S(t)
k } and

the retained layers are S(t)
k,ℓ= {ℓ′ ∈{ℓ+1,. . .,L} | ℓ′ ∈S(t)

k }.
Then, during backpropagation on the client side, the removal
of certain layers creates a gap where no meaningful adjust-
ment occurs in the gradient flow. As a result, the backpropa-
gation process treats each missing layer by replacing its Ja-
cobian J

j∈S(t)
k,ℓ

with an identity matrix I. As a result, the

approximate gradient can be expressed as:

g̃ℓ = J⊤
wℓfℓ

 ∏
j∈S(t)

k,ℓ

Jj

∇aLL (8)

By subtracting the approximate gradient from the corre-
sponding actual gradient (Equation (7)), we obtain the struc-
tural gradient distortion, which quantifies the error intro-
duced by the approximation:
Definition 1 The structural gradient distortion at layer ℓ
is defined as the discrepancy between the approximate and
true gradients:

εℓ := g̃ℓ − g⋆
ℓ (9)

= J⊤
wℓ

fℓ

 ∏
j∈S(t)

k,ℓ

Jj


I− ∏

i∈S(t)
k,ℓ

Ji

∇aL
L. (10)

Then, we can theoretically characterize the relationship
between the mean squared norm of the error εℓ and the num-
ber of skipped layers as follows (see Appendix D for a de-
tailed proof):
Theorem 1 Consider each Jik (for 1 ≤ k ≤ Nskip) be-
ing a non-identity d×d matrix, and define {Ji1 , . . . ,JiNskip

}

linearly independent. Let U := J⊤
wℓ

fℓ

(∏
j∈S(t)

k,ℓ

Jj

)
∈

R|wℓ|×d, M :=
∏Nskip

k=1 Jik ∈ Rd×d and v := ∇aL
L ∈ Rd.

Then the structural gradient distortion at layer ℓ can be writ-
ten as

εℓ = U (I −M) v (11)
Assume that Nskip ≪ d, Nskip ≪ rank(U) and the skipped

Jacobians introduce Nskip linearly independent deviations
from identity. As v varies over all of Rd, the set of all possi-
ble εℓ forms a linear subspace of dimension Nskip:

dim
({

εℓ | v ∈ Rd
})

= Nskip (12)
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In other words, skipping Nskip linearly independent, non-
identity layers after ℓ makes the possible error space Nskip-
dimensional.

Remark 1 This result quantifies that as more independent
and nontrivial (i.e., non-identity) layers are skipped, the di-
mensionality of the subspace in which the structural gradi-
ent distortion resides increases linearly with Nskip.

Unified Bias Formulation
Define the accumulated structural gradient distortion
across all layers as:

sk(w) =
∑

ℓ∈S(t)
k

εk,ℓ(w) (13)

By accounting for both sources of bias, we obtain an explicit
formula for the effective gradient used in the DPT method:

∇̃Fk(wt) = ∇F (wt) + bk(wt) + sk(wt) (14)

Letting δk(w) ≜ bk(w) + sk(w), we use δk to collec-
tively denote the biases arising from both statistical effects
(bk) and structural factors (sk). In E-step local SGD within
FedAvg-type algorithms using learning rate η, the client up-
date can be uniformly expressed as

∆
(t)
k = −Eη [∇F (wt) + δk(wt)] (15)

After server aggregation, the global model is updated as

wt+1 = wt − Eη

[
∇F (wt) +

K∑
k=1

pkδk(wt)

]
(16)

When
∑K

k=1 pk δk(wt) ̸= 0, the global model updates along
a distorted direction. This distortion is jointly influenced by:
bk, stemming from data heterogeneity (statistical bias); sk,
arising from layer dropping (structural bias).

Methodology
The core idea behind FedBRICK is to employ a set of
BRICK modules that emulate the functionality of the omit-
ted layers in the original model, thereby compensating for
the bias introduced by their absence. To achieve global and
local alignment, we adopt a dual-end distillation strategy: on
the server side, multiple rounds of training with small proxy
data are used for global alignment, while on the client side,
a few local training steps are performed using the clients’
own data. This approach not only mitigates structural bias
and reduces client drift, but also substantially decreases the
computational burden on clients compared to methods such
as (Kim et al. 2022), which require precise local alignment.
The overall process is depicted in Figure 1b.

BRICK
The objective of BRICK is to mimic the transformations
of missing backbone layers with lightweight blocks. Unlike
conventional methods, where LoRA (Hu et al. 2022) is used
as an additive component over a linear layer, we employ

LoRA directly as a standalone linear layer. Each BRICK
module comprises two parallel LoRA linear pathways:

x1 = (B1A1)x, (17)
x2 = (B2A2)x, (18)

Eℓ(x) = x⊙ σ(x1) + x2 + x (19)

where x ∈ Rd is the input feature, σ(·) is the softmax func-
tion, and r ≪ d is the LoRA rank. The multiplicative resid-
ual x ⊙ σ(x1) restores nonlinear interactions among latent
features while the additive residual x2 preserves direct linear
information flow.

Since we transmit only the two low-rank matrices A,B
(instead of a full d×d weight), each BRICK requires merely
4rd trainable scalars, i.e. 0.3% - 0.5% of the parameters of
the original block under the typical setting r=8, using ViT
or Mixer as the base model.

Server-side: Layer-wise Distillation
In federated learning, participants are often naturally divided
into multiple domains C = {1, . . . , C} (e.g., by context or
geography). The server owns only a small portion of pub-
lic proxy data D(c)

proxy for each domain. To maximize domain
alignment, the server does not mix data across domains; in-
stead, it independently distills a set of BRICKs for each do-
main, using layer-wise distillation.

At the beginning of the t-th communication round, the
server holds the global backbone parameters w(t) and C

domain-specific BRICK module parameters {θ(t)
c,ℓ}

C,L
c=1,ℓ=1.

For each domain c, it conducts layer-wise distillation inde-
pendently, utilizing a mean squared error loss:

min
θc,ℓ

E
x∼D(c)

pub

[∥∥∥Ec,ℓ(x)− fℓ(x;w
(t)
ℓ )

∥∥∥2
2

]
(20)

After distillation, each client k receives only the back-
bone parameters associated with their domain c(k) (as indi-
cated by mask m

(t)
k = 1), and the full set of domain-specific

BRICKs θ(t)
c(k),:. If PEFT methods (Houlsby et al. 2019; Hu

et al. 2022) are used, only the trainable parameters are sent.
By repeatedly distilling on small proxy sets, this approach

balances privacy, efficiency, and fine-grained domain align-
ment, enabling high-quality and scalable deployment to di-
verse domains without requiring extensive labeled data.

Client-side: Two-stage Tuning
Upon receiving the server-broadcasted model parameters,
client k performs Two-stage Tuning on its local dataset
Dk. The overall approach involves first applying some of
the BRICKs to fill the structural gaps and training the re-
constructed model (Stage I), followed by lightweight paral-
lel soft distillation to align BRICKs with retained backbone
layers (Stage II).

Stage I: Structural Compensation Training. At posi-
tions where layers are missing (ℓ /∈ Sk), BRICK mod-
ules Eℓ are inserted to form a complete gradient flow.
Both the retained backbone layer parameters {wk,ℓ}ℓ∈Sk
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and BRICK parameters corresponding to the missing lay-
ers {θc(k),ℓ}ℓ/∈Sk

are set to be trainable. The optimization
objective is:

min
wk,ℓ, θc(k),ℓ

E(x,y)∼Dk

[
Ltask

(
y, ŷ

)
+ λw

∑
ℓ∈Sk

∥∥wk,ℓ −w
(t)
ℓ

∥∥2

2

+ λθ

∑
ℓ/∈Sk

∥∥θc(k),ℓ − θ
(t)

c(k),ℓ

∥∥2

2

] (21)

where Ltask represents the downstream task loss (e.g., cross-
entropy). The two ℓ2 terms respectively tether the backbone
weights and the BRICKweights to the global versions on the
server, thereby stabilizing training and, to some extent, en-
suring that the update objective approaches the global ones.

Stage II: Parallel Soft Distillation. After structural com-
pensation of the missing layers in Stage I, Stage II performs
a lightweight enhancement of the BRICKs corresponding to
the retained backbone layers using local data. This stage fo-
cuses on refining the representations of these blocks through
a soft distillation process, without introducing significant
computational overhead.

For each retained backbone layer ℓ ∈ Sk, connecting the
layer in parallel with its BRICK Eℓ. Let E2 represent the
number of training steps in Stage II. Define the linear an-
nealing coefficient as

α(e) = 1− e

E2
, e = 0, 1, . . . , E2 (22)

which satisfies α(0) = 1 and α(E2) = 0. which ensures
a gradual transition from teacher-guided learning to au-
tonomous and global representation refinement:

ãℓ = α(e) abk
ℓ + (1− α(e))ase

ℓ (23)

where abkℓ = fℓ(aℓ−1;wk,ℓ), a
se
ℓ = Eℓ(aℓ−1;θk,ℓ)

For ℓ /∈ Sk, which are the missing layers, only the output
of the corresponding Eℓ is used. The network then continues
with forward propagation to produce the final output ẑ.

The overall training objective integrates the supervised
task loss with a distillation loss that encourages the BRICKs
to emulate the behavior of their corresponding backbone lay-
ers on locally retained components:

min
{θk,ℓ}ℓ∈Sk

E(x,y)∼Dk

[
Ltask

(
y, ẑ

)
+

λd

|Sk|
∑
ℓ∈Sk

∥∥Ek,ℓ(x;θk,ℓ)− fℓ(x;wk,ℓ)
∥∥2

2

] (24)

where λd is the hyperparameter that controls the weight of
the distillation loss, and |Sk| denotes the number of retained
layers.

Stage II is designed to be lightweight and adaptive. Each
client performs only a few local steps to efficiently initial-
ize its BRICKs. Clients with limited resources retain fewer
layers and thus train fewer BRICKs, making the proce-
dure naturally match device capability. This approach ef-
fectively prepares models for subsequent server-side distilla-
tion, while maintaining low computational cost and accom-
modating device heterogeneity.

The use of a linearly annealed coefficient ensures train-
ing begins with a focus on faithfully mimicking the origi-
nal backbone features, and gradually transitions toward en-
hanced autonomous representation learning. This progres-
sive shift allows each BRICK to learn more task-adaptive
and effective local feature representations.

Convergence Analysis
Previous work has demonstrated that global model param-
eters converge to stationary points of the overall objective,
even with arbitrary partial participation and heterogeneous
data (Su, Li, and Xue 2024) (see Appendix B for details).
Importantly, the convergence rate is linearly affected by
both data and structural heterogeneity, quantified by δ2stat
and δ2struct, respectively. Our FedBRICK improves upon the
original DPT by effectively reducing the influence of δ2struct,
thereby enhancing overall convergence.

Compared to basic DPT, FedBRICK replaces each miss-
ing layer with a quadratic surrogate that locally matches the
Jacobian of the original layer at the expansion point. This
significantly reduces the accumulated structural bias across
missing layers, since the local Jacobian discrepancy ∆ℓ of
a well-fitted surrogate is much smaller than that of identity
substitution. See Appendix C for a formal proof.

Let Eℓ denote the BRICK surrogate for the ℓ-th miss-
ing layer, defined in a neighborhood of its expansion point
x0,ℓ. Define the Jacobian discrepancy for layer ℓ as ∆ℓ :=
Ex∼µ∥JEℓ

(x) − Jℓ(x)∥2, where JEℓ
and Jℓ are the Jaco-

bians of the surrogate and original block, respectively, and µ
is the data distribution at the expansion point.

Theorem 2 Suppose there are Nskip missing layers in

S(t)

k,ℓ, and assume that for each such layer ℓ, the operator
norm of all Jacobians along the computation path is uni-
formly bounded by Kℓ > 0. Assume also that the mean
squared norm of the loss gradient and the Jacobians of
the retained path are bounded, i.e., E∥∇aL

L∥22 ≤ G and∥∥∥∏j∈S(t)
k,ℓ

Jj

∥∥∥
2
≤ B for some constants G,B > 0. Then

the total structural bias incurred by skipping and replacing
these layers is upper bounded as

δ2struct ≤ B2G

 ∏
ℓ∈S(t)

k,ℓ

Kℓ

 ∑
ℓ∈S(t)

k,ℓ

∆ℓ (25)

where C := B2G is a constant independent of the number
of skipped layers.

Remark 2 If the missing layers are replaced by the identity
map (i.e., conventional DPT), the per-block Jacobian dis-
crepancy is ∆id

ℓ = Ex∼µ∥I − Jℓ(x)∥2, which is typically
much larger than that of well-fitted quadratic surrogates,
i.e., ∆ℓ ≪ ∆id

ℓ . Therefore,

δ2struct,FedBRICK ≪ δ2struct,DPT (26)

as long as the BRICKs provide sufficiently accurate local
approximations (i.e., small ∆ℓ).
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InclusiveFL KDD22 69.36 24.78 50.69 9.67 67.87 35.60 43.00
DepthFL ICLR23 70.06 30.69 53.78 12.73 68.98 38.21 45.74
FedRA 73.83 42.13 64.83 15.73 74.73 44.99 52.71
FedBRICK (Ours) 76.34 (+2.51) 43.00 (+0.87) 66.28 (+1.45) 23.67 (+7.94) 78.64 (+3.91) 49.72 (+4.73) 56.28 (+3.57)

autumn (12) dim (10) grass (8) outdoor (6) rock (5) water (4) Average

N
IC

O
++

ViT

AllLayers (ceiling) 92.08 88.95 93.38 89.96 90.83 90.31 90.92
InclusiveFL KDD22 91.53 79.30 85.21 78.19 81.56 71.23 81.17
DepthFL ICLR23 90.71 79.54 83.47 76.00 80.16 67.27 79.53
FedRA 91.69 88.31 90.18 85.14 87.30 78.13 86.79
FedBRICK (Ours) 92.52 (+0.83) 89.07 (+0.76) 91.88 (+1.7) 86.79 (+1.65) 88.12 (+0.82) 80.29 (+2.16) 88.11 (+1.32)

Mixer

AllLayers (ceiling) 86.04 80.98 86.37 82.56 82.92 81.23 83.35
InclusiveFL KDD22 84.66 63.81 75.40 68.15 68.50 58.34 69.81
DepthFL ICLR23 82.62 68.21 74.91 68.33 68.77 58.39 70.21
FedRA 85.10 78.06 82.19 73.87 75.91 66.23 76.89
FedBRICK (Ours) 85.76 (+0.66) 79.10 (+1.04) 83.10 (+0.91) 75.94 (+2.07) 78.40 (+2.49) 67.64 (+1.41) 78.32 (+1.43)

Table 1: Performance of various methods across DomainNet and NICO++ datasets with different backbones and layer settings.

Experiments
Experimental Setup
Models. Following the FedLoRA setup, we adopt two pre-
trained models—ViT with 12 Transformer layers and Mixer
with 12 MLP layers—to demonstrate the general applicabil-
ity of our method to any foundation models with multi-layer
structures. (See Appendix A.1 for detailed configurations)

Datasets. We conduct experiments on the Domain-
Net(Peng et al. 2019) and NICO++(Zhang et al. 2023)
datasets to evaluate foundation model fine-tuning in realis-
tic scenarios, 5% of the data designated as proxy data on the
server. Dataset statistics and selection details are provided in
the Appendix A.2.

Implementation Details. Experiments were conducted
on a Linux system with 8×A100 GPUs using PyTorch.
For 100 federated rounds, the server trains BRICKs for 10
epochs, and six clients were randomly selected per round,
each performing one local epoch with a learning rate of
0.01 in both stages. Layer allocation followed the default
FedRA strategy. Model optimization employed standard Fe-
dAvg (McMahan et al. 2017), with a server learning rate of
1e-4 and hyperparameters λw = λd = 0.01, λθ = 0.005.
Each experiment is averaged over three runs. Ablation stud-
ies are provided in the appendix.

Baselines. To evaluate the effectiveness of FedBRICK,
we compared it with the following baselines: (1) AllLayers:
Assumes all clients can fine-tune the entire model, serving
as the ideal upper bound. (2) InclusiveFL (Liu et al. 2022):
Trains a shared set of initial layers in each round and em-
ploys momentum distillation to enhance shallow layers. (3)
DepthFL (Kim et al. 2022): Extends InclusiveFL by intro-
ducing multiple classification heads at different depths and
updating them via self-distillation. (4) FedRA (Su, Li, and
Xue 2024): Randomly allocates sub-networks of the global
model to clients for training.

2 26 51 75 100
Round

40
47
55
62
70

2 26 51 75 100
Round

70
75
80
85
90

Alllayers
FedRA
FedRA+BRICK

DepthFL
DepthFL+BRICK

InclusiveFL
InclusiveFL+BRICK

Figure 3: Accuracy(%) trajectory over communication
rounds for base DPT and BRICK-enhanced DPT using ViT
on DomainNet (left) and NICO++ (right); round 1 is pruned.

The Main Results
Uneven Resource Distribution. Table 1 reports the perfor-
mance of different models on various datasets, when each
client is restricted to deploying a different number of layers
(the number of layers available to each domain is indicated
in parentheses). Observations are as follows: (1) Overall,
FedBRICK significantly outperforms all baseline methods.
Compared to the best-performing baselines, FedBRICK im-
proves performance by 5 and 4 points for ViT and MLP-
Mixer models, respectively, on the DomainNet dataset, and
by 1–2 points on the NICO++ dataset. (2) The improvement
is especially pronounced on clients equipped with fewer lay-
ers (6, 5, or 4), indicating that FedBRICK effectively mit-
igates the structural bias. (3) On the quickdraw domain of
DomainNet, where the DPT method previously exhibited se-
vere client drift, FedBRICK achieves a marked recovery (8-
20 points). This considerable boost demonstrates not only
better accuracy, but also reduced variance among client per-
formances. This suggests that FedBRICK facilitates clients
in learning more generalizable representations, thus alleviat-
ing client drift. (4) As illustrated in Figure 3, incorporating
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clipart (6) infograph (6) painting (6) quickdraw (6) real (6) sketch (6) Average

ViT FedRA 65.61 34.99 60.52 28.36 76.68 54.54 53.45
FedBRICK (Ours) 77.70 (+12.09) 46.13 (+11.14) 71.3 (+10.78) 48.42 (+20.06) 84.37 (+7.69) 66.69 (+12.15) 65.77 (+12.32)

Mixer FedRA 39.22 13.28 36.35 16.08 52.48 25.40 30.47
FedBRICK (Ours) 41.98 (+2.76) 16.48 (+3.20) 43.42 (+7.07) 18.67 (+2.59) 60.65 (+8.17) 30.98 (+5.58) 35.36 (+4.90)

clipart (4) infograph (4) painting (4) quickdraw (4) real (4) sketch (4) Average

ViT FedRA 16.40 7.16 21.63 5.26 25.18 13.75 14.90
FedBRICK (Ours) 54.43 (+38.03) 28.72 (+21.56) 50.05 (+28.42) 21.25 (+15.99) 68.30 (+43.12) 40.43 (+26.68) 43.86 (+28.97)

Mixer FedRA 20.33 7.61 19.26 4.02 26.69 9.22 14.52
FedBRICK (Ours) 20.50 (+0.17) 8.36 (+0.75) 22.59 (+3.33) 6.66 (+2.64) 32.75 (+6.06) 12.24 (+3.02) 17.18 (+2.66)

Table 2: Performance under severe resource constraints and significant structural bias across DomainNet dataset.
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FedRA
FedRA+BRICK

0 25 50 75 100
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FedRA+BRICK

Figure 4: Avg. distance of intermediate representations
across clients (left) and Avg. distance of parameter update
directions between client and server (right).

BRICKs into various DPT methods consistently raises the
convergence ceiling. This empirically validates the conclu-
sion of Theorem 2, demonstrating the stability and gener-
alization capability of FedBRICK. Furthermore, faster and
more stable convergence is observed throughout training,
implying better adaptation dynamics during federated opti-
mization.

Severely Limited Resources. Table 2 presents the results
when no client is able to deploy the full set of layers—a sce-
nario incurring the most severe structural bias. Across differ-
ent models, FedBRICK yields improvements ranging from
3 to 30 points, highlighting its strong capacity to recover
performance even in highly constrained environments. This
robustness underlines the practical relevance of FedBRICK
for real-world federated learning deployments, where re-
source constraints can be unpredictable and substantial.

Mitigation of Client Drift
Under the client settings of Tabel 1, we further investigate
the underlying reasons behind FedBRICK’s effectiveness in
alleviating client drift. As shown in Figure 4, we measure
the distances between representations and parameters using
the cosine distance metric (1 − cos(x1, x2)). Specifically,
intermediate representations refer to the outputs of the final
model layer, which accumulate the structural bias introduced
by missing layers, while parameter changes correspond to
the updates of the head parameters, where the largest drift
typically occurs due to task variation. We observe that, after
introducing FedBRICK, both the divergence in intermediate
representations among clients and the discrepancy between
the parameter update directions of clients and the server are

All Layer Lora Head BRICK
ViT 86.4M 7.1M 43.0K 76.9k 24.5KMixer 59.6M 4.9M 35.3K

Table 3: Comparison of parameter counts.

substantially reduced. These results indicate that our method
encourages clients to learn more generalizable representa-
tions and promotes greater consistency in parameter update
directions, thereby effectively mitigating client drift result-
ing from structural bias.

Overhead Analysis
As shown in Table 3, each BRICK contains 0.3–0.5% of an
original layer’s parameters, resulting in a total client-side
footprint of just 0.3–1.0% for ViT and 0.4–1.4% for Mixer
under the settings in Table 1. Thus, the storage overhead is
negligible. Runtime and communication costs are also mod-
est: the slowest client requires 19.38s per round (≈1.35Wh),
and communication per round is 1.08MB (bf16), remaining
lightweight in typical deployment environments.

Conclusion & Limitations
We identify structural bias as a key driver of client drift in
MHFT, especially under DPT. Our theory shows this bias
grows with the number of missing layers, degrading global
performance. To counter it, we introduce FedBRICK—a
lightweight framework that reduces structural bias using
minimal client modules and dual-end distillation, achieving
effective mitigation with negligible client overhead. Our re-
sults highlight the need to account for structural factors in
federated tuning, enabling more robust and scalable founda-
tion model deployment across heterogeneous systems.

Some limitations should be noted. Our study focuses
on depth partitioning, and extending FedBRICK to other
partitioning strategies warrants further investigation. The
method introduces additional client computation, adjustable
server-side distillation cost, and extra communication over-
head. Although these trade-offs are generally acceptable and
yield notable performance gains (+5%, and up to +28%
in resource-constrained settings), they may still pose chal-
lenges in extremely limited environments. Future work will
seek to mitigate these overheads and broaden applicability.
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