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Abstract

Federated Learning (FL) enables decentralized, privacy-preserving model training
but struggles to balance global generalization and local personalization due to
non-identical data distributions across clients. Personalized Fine-Tuning (PFT),
a popular post-hoc solution, fine-tunes the final global model locally but often
overfits to skewed client distributions or fails under domain shifts. We propose
adapting Linear Probing followed by full Fine-Tuning (LP-FT)—a principled cen-
tralized strategy for alleviating feature distortion [27]—to the FL setting. Through
systematic evaluation across seven datasets and six PFT variants, we demonstrate
LP-FT’s superiority in balancing personalization and generalization. Our analy-
sis uncovers federated feature distortion, a phenomenon where local fine-tuning
destabilizes globally learned features, and theoretically characterizes how LP-FT
mitigates this via phased parameter updates. We further establish conditions (e.g.,
partial feature overlap, covariate-concept shift) under which LP-FT outperforms
fine-tuning, offering actionable guidelines for deploying robust FL personalization.

1 Introduction

Federated Learning (FL) [37] enables collaborative learning from decentralized data while preserving
privacy, typically by training a shared global model, referred to as General FL (GFL). However,
variations in client data distributions often limit GFL’s effectiveness. Personalized FL (PFL) [24]
addresses this by customizing models to individual clients. Personalized Fine-Tuning (PFT) [48]], a
simple and practical strategy in the PFL family, is a widely adopted post-hoc, plug-and-play approach
to diverse GFL methods. As shown in Fig. Eka), PFT fine-tunes the final global model from GFL to
personalize it. This simple strategy ensures easy implementation and adaptation across FL scenarios.

Unlike process-integrated PFL methods (e.g., those involving server-client coordination that modifies
the entire federated training process [[7, 5] or local training strategies that require iterative server
feedback [25)142]]), PFT eliminates the need for costly global-training-dependent adaptations. Instead,
it fine-tunes the final GFL model once post-training, ensuring simplicity, broad compatibility, and
deployment robustness without redesigning the GFL framework (see Tab.[T). These characteristics
establish PFT as a critical fallback strategy when process-integrated PFL approaches prove infeasible
— particularly in scenarios where global training protocols are unmodifiable due to infrastructure
lock-in or legacy FL infrastructure, or strict coordination agreement constraints (e.g., healthcare
systems bound by long-term service agreements). However, PFT often causes models to overfit
on local data, thereby compromising the generalization of FL. This is particularly concerning in
critical real-world applications, such as FL across multiple hospitals for disease diagnosis, where a
local model must not only perform well on hospital patient data, but also generalize effectively to
diverse patient populations that may be encountered on-site in the future [49]. Therefore, balancing
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Table 1: Comparisons of Process-Integrated PFL vs. Post-Hoc PFT

Criterion Process-Integrated PFL PFT (Post-Hoc)

Global training modification Required (aggregation changes or  None (algorithm-agnostic)
iterative local training with server
feedback)

Implementation Complexity = High (client-server coordination, Low (single fine-tuning step, client
custom aggregation/regularization)  autonomy, plug-and-play)

Compatibility with GFL Limited (framework-specific) Broad (process-agnostic)
(a) PFT Framework (b) Different FL Models (the global vs two PFTs) (c) Analysis on Feature Distortion (FD)
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Figure 1: Overview of the problem setting and FL strategies investigated in this paper. (a) PFT
framework, where each client fine-tunes a global model trained via GFL (e.g., FedAvg in this paper).
Unlike process-integrated PFL, PFT focuses solely on the final fine-tuning stage with no further
communication. (b) Three different FL. models: the global FL. model, the full-parameter FT (full
FT) model, and the LP-FT model; their parameter updating patterns and local/global performance
(perf.) under data heterogeneity; The fire icon indicates the actively tuned parameter, the frozen icon
represents the fixed weight, and the mixed fire-frozen icon denotes the weight that is not actively
tuned. (c) Visualization of feature distortion under PFL and its possible link to global generalization.

the optimization of individual client performance (personalization) with strong global performance
(generalization across all clients) is crucial [48, [17].

In this work, we conduct a comprehensive evaluation of various strategies for PFT in heterogeneous
FL environments under different distribution shifts, categorized as covariate shift [39,[13]] and concept
shift [20]. Despite meticulously tuning the hyper-parameters in some FT methods (full parameter FT,
sparse FT [28] and Proximal FT [31]]) adapted in FL, we observe persistent issues of local overfitting
when increasing the local fine-tuning epochs, wherein localized performance gains are achieved at
the significant cost of global generalization.

LP-FT [27]—a two-phase fine-tuning strategy that first updates only the linear classifier (Linear
Probing, LP) before optimizing all parameters (Full Fine-Tuning, FT)—has demonstrated state-of-the-
art performance in centralized learning by mitigating overfitting and enhancing domain adaptation.
However, its potential to address FL challenges, such as client data heterogeneity and instability
during decentralized personalization, remains unexplored. In FL, local fine-tuning risks overfitting to
client distributions and diverging from globally useful representations. LP-FT’s structured separation
of updating the head and then fine-tuning offers a principled framework to stabilize personalization
in non-IID settings while preserving global knowledge.

Yet, no work has rigorously evaluated LP-FT’s efficacy in FL—a critical oversight given the growing
demand for lightweight, flexible, and robust personalization strategies. Empirically, we conduct a
comprehensive evaluation across seven datasets and diverse distribution shifts, benchmarking our
adapted LP-FT against other advanced fine-tuning methods in our PFT framework. Our findings
reveal two key insights: (1) existing PFT methods suffer from personalized overfitting, where
local fine-tuning distorts feature representations, degrading global performance (Fig. [2); (2) LP-FT
mitigates this issue, preserving generalization while enhancing local adaptation under extreme data
heterogeneity. Further, extensive ablation studies (Fig. @) confirm that LP-FT reduces federated
feature distortion, establishing it as a strong and scalable baseline for PFT in FL.

Theoretically, we revisit feature distortion—a key challenge previously defined in centralized LP-FT
as feature shifts under out-of-domain fine-tuning—in FL’s unique setting of partially overlapping
local and global distributions. Unlike centralized analyses [27]], which assume a single ground-truth
function, FL involves multiple client-specific ground-truth functions, necessitating a new theoretical
framework. We address this by decoupling the feature extractor and classifier to analyze LP-FT’s
adaptation to heterogeneous client data. Further, we introduce a combined covariate-concept shift
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setting, better reflecting real-world FL scenarios. Our analysis reveals conditions under which LP-FT
outperforms full fine-tuning, advancing the understanding of fine-tuning strategies in FL.

This paper takes a closer look at PFT and establishes LP-FT as a theoretically grounded and em-
pirically viable solution for FL’s unique constraints. In summary, our contributions are threefold:
(1) Methodologically, this paper presents the first systematic and in-depth study on the post-hoc
and plug-and-play PFT framework and introduces LP-FT as an effective approach for handling
diverse distribution shifts. We comprehensively demonstrate its ability to balance personalization
and generalization in the FL setting. (2) Empirically, we conduct extensive experiments across seven
datasets under various distribution shifts, complemented by thorough ablation studies. Our results
validate the robustness of LP-FT and reveal overfitting tendencies in prior PFT methods. These
empirical insights not only establish LP-FT as a strong baseline for PFT but also provide a foundation
for future research in simple and flexible FL personalization. (3) Theoretically, we offer a rigorous
theoretical analysis of LP-FT using two-layer linear networks, demonstrating its superior ability to
preserve global performance compared to FT in both concept shift and combined concept-covariate
shift scenarios.

2 Related Work

Fine-Tuning pre-trained models has gained prominence in centralized learning, particularly with
the rise of foundation models [1]. However, fine-tuning with limited data often leads to overfitting.
Model soups [47] and partial fine-tuning [29] further enhance adaptation by selectively updating
model components. LP-FT [27], which combines linear probing with full fine-tuning, addresses
feature distortions and provides insights into model adaptation under diverse shifts [43]. However,
the effectiveness of these centralized fine-tuning strategies in the heterogeneous FL setting remains
largely underexplored.

Personalized FL aims to address the challenges of decentralized learning with non-IID data. Classical
general FL (GFL) methods, such as FedAvg [37], struggle in such settings. Despite the advancements
in GFL methods (e.g., FedNova [45]), FedProx [32], Scaffold [25]]), their focus on building a single
global model does not adequately address the data heterogeneity inherent in FL, leading to the
emergence of personalized FL (PFL) [10, 150], which focuses on tailoring individualized models
for each client. However, most PFL methods are process-integrated, requiring modifications to the
global training pipeline through server-client coordination [[7, S]] or iterative local training with server
feedback [25)42], or modifying training with customized clustering/regularization [L1,41]. These
approaches impose constraints on flexibility and deployment, as we summarized in Tab.[I} In contrast,
post-hoc personalized fine-tuning (PFT) [48]] fine-tunes the final global model from GFL without
modifying the training process, providing a lightweight and flexible approach for FL personalization.
However, its potential is underexplored, possibly due to overfitting risks on client data. Additional
discussion on personalization and fine-tuning is in App.[B|

3 Empirical Study of PFT

To systematically investigate the challenges and opportunities in PFT, we present a comprehensive
empirical study. First, in Sec.[3.1] we formalize the problem of PFT and characterize the spectrum of
data heterogeneity to be studied. Next, Sec. [3.2]details our experimental setup, including datasets
and PFT strategies under consideration. Our investigation then addresses a critical yet understudied
phenomenon: Sec. [3.3]analyzes the prevalence of personalized overfitting in PFT across distribution
shifts, even with careful hyper-parameter tuning. Motivated by this finding, Sec. [3.4]introduces LP-FT
and benchmarks its performance against alternative PFT strategies in FL, showing its superior ability
to balance local adaptation with global knowledge retention. Finally, to uncover the mechanistic
drivers of generalization challenges, Sec. [3.5] conducts the first systematic analysis of federated
feature distortion—quantifying how client-specific fine-tuning trajectories alter latent representations
and degrade model robustness.

3.1 Overview and Definitions

Problem Setting. In a FL setting, each client ¢ € [C] has a local dataset (X;,Y;) generated from
a potentially distinct distribution, which may differ across clients due to distribution shifts. PFT
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aims to optimize local model parameters 6, for each client, initialized from a well-trained global
model . The objective is to minimize the local loss L, (6) for improved local performance
while ensuring that the global loss L (67,) remains close to that of a pre-trained global model. This
creates a trade-off between personalization (minimizing local loss) and maintaining generalization
(minimizing global loss) across clients. The global data distribution D¢ is defined as a mixture of the
local distributions D;, given by Dg = % Zie[c] D;.

We formally define distributions of interests, concept shift and covariate shift that directly lead to
feature shift in heterogeneous FL contexﬂ following [33l].

Covariate Shift refers to variations in the input feature distribution across clients while keeping the
conditional distribution of the output given the input consistent. Formally, for any pair of clients ¢
and j with ¢ = j, the data-generating process is characterized by:

Pi(x) # Py(x), but Py | )= Py(y| ) foralli# j.

This means that while clients ¢ and j may have different input distributions P;(x) and P;(z), the
conditional distribution P(y | =) remains consistent across all clients.

Concept Shift occurs when the conditional relationship between input features and outputs differs
across clients, while the input feature distribution remains unchanged. Formally, for any two clients ¢
and j with ¢ # j, the data-generating process satisfies:

Pi(y | z) # Pj(y | =), but Py(xz)= P;(z) foralli# j.

This implies that although all clients share the same input distribution P(x), the conditional distribu-
tion P;(y | ) varies, reflecting different mappings between features and labels across clients.

3.2 Empirical Analysis Settings

Datasets with Covariate Shift. We include Digit5, DomainNet, CIFAR10-C, and CIFAR100-C.
Digith and DomainNet belong to the feature-shift subgroup, where the data features represent
different subpopulations within the same classes. For example, Digit5 contains 10-digit images
collected from various sources with different backgrounds, such as black-and-white for MNIST and
colorful digits for synthetic datasets. CIFAR10-C and CIFAR100-C fall under the input-level shift
category, where 50 types of image corruptions are introduced for evaluation. We simulate 50 clients,
each corresponding to a specific corruption type, as detailed in previous works [12} 38 4]. A
detailed explanation of the data splitting and its introduction is provided in Tab.[]in Appendix. The
visualizations of data are provided in Fig.[5]

Datasets with Concept Shift. CheXpert and CelebA are included for this part, whereas both
belong to the spurious correlation-based shift subgroup, which involves misleading relationships in
the training data that models may exploit, despite being unrelated to the actual target. This reliance
can lead to poor performance when such correlations are absent in new data, classifying it as a form
of concept shift [20]. Similarly, Tab. dand Fig. [5|provide further details.

Fine-tuning Strategies. Our study focuses on post-hoc PFT, a plug-and-play framework that operates
exclusively after GFL training. Unlike conventional fine-tuning in centralized settings that primarily
addresses domain adaptation by transferring a model from a source to a disjoint target domain, PFT
operates on a global model pre-trained via GFL, which has already been exposed to heterogeneous
client data during collaborative training and must balance local performance (adapting to a client’s
unique distribution) with global performance (avoiding overfitting to statistically biased local updates
and preserving cross-client generalizability).

In this study, we establish a suite of fine-tuning strategies that can be easily integrated into PFL
as baselines for PFT: Full-parameter FT is a naive FT strategy. It adjusts all model parameters.
Proximal FT [31] aims to preserve the pre-trained model’s original knowledge. It applies proximal
regularization to penalize large deviations from the initial model parameters, helping to maintain
generalization. Sparse FT [28]] promotes sparsity in parameter updates. It adjusts only the most
relevant weights, enhancing efficiency while regularizing the training from overfitting. Soup FT [46]
improves robustness by averaging the weights of multiple fine-tuned model instances. Each instance is
trained with different initializations, creating a “model soup” that integrates their strengths. LSS FT [3|]

'We also realized that LP-FT can be effective for label shift settings as the results shown in App. [D.2
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(Local Superior Soups) is an innovative model interpolation-based local training technique designed
to enhance FL generalization and communication efficiency by encouraging the exploration of a
connected low-loss basin through optimizable and regularized model interpolation. Each strategy
is designed to balance model performance with different priorities, such as preserving knowledge,
enhancing robustness, or improving efficiency. A more detailed experiment setting is presented in

App.
3.3 Global and Local Performance Trends in PFT Baselines

In practice, PFT is susceptible to overfitting to local data, due to the relatively small amount of data
available at local clients. Note that the overfitting defined in the FL context is characterized by a
consistent improvement in local performance while global performance noticeably deteriorates [48]
2] — the average gain in local performance can be smaller than the loss in global performance. To
measure the model’s overall local and global performance, we measure the averaged client-wise
local and global accuracy. Specifically, this metric reflects the average performance between clients’
local test accuracy and their local model’s accuracy on the rest of the clients (global accuracy). The
metric’s decreasing trend with increasing local training epochs during the finetuning stage indicates
personalized overfitting. Notably, this trend persists even when considering only global performance
metrics, as local performance tends to show increases in PFT under overfitting conditions.

In all subplots of Fig.[2} we evaluate baseline PFT strategies under diverse distribution shifts, including
input-level shifts (CIFAR100-C), feature-level shifts (Digit5), and spurious correlation-based shifts
(CheXpert). We systematically adjusted hyperparameters to evaluate their impact on performance.
Fig. 2a] demonstrates that overfitting persists even when fine-tuning with reduced learning rates.
Fig. [2b|reveals that gradient sparsity adjustments (where higher sparsity rates mask more parameter
updates) fail to mitigate overfitting as training epochs increase. Fig. 2c|further shows that proximal
regularization terms, designed to bias updates toward the initial global model, still exhibit global
performance decay despite regularization.

FT with Different Learning Rate ProxFT with Different Reg. Coeff.

80.001
60.00 80.00 —= Local 87.501 —= Local
g sp=0.5 | $85.00 mu=0.1

<
40.00 . P— sp=0.9 8250 mu=10

80.00

20.001 — .
65.007 - 77.501 I

o.

o 2 a 10 12 1

6 8 6 8
Epoch Epoch Epoch

(a) Full FT (b) Sparse FT (c) Proximal FT

Figure 2: Visualization of the prevalence of personalization overfitting across different distribution
shift scenarios, where (a) shows the global and local accuracy under different learning rates for
full-parameter fine-tune; (b) shows the different sparsity rate for sparse fine-tune; (c) shows the
different regularization strength under the proximal fine-tune. In all subfigures, the global accuracy
is shown as the solid line, and the local accuracy is shown as the dashed line. As shown, global
accuracy consistently declines while local accuracy either increases or remains stable across different
hyperparameter settings. This suggests that PFT baseline methods are prone to overfitting, even with
careful hyperparameter tuning.

3.4 Performance Comparison

Linear Probing then Fine-Tuning. To address the challenge of personalized overfitting in conven-
tional fine-tuning methods within PFT, we propose a simple yet effective approach through Linear
Probing followed by Fine-Tuning (LP-FT) for FL. The idea is motivated by LP-FT [27]—a two-phase
fine-tuning strategy in centralized training that first updates only the linear classifier (Linear Probing,
LP) before optimizing all parameters (Full Fine-Tuning, FT) to improve out-of-domain performance
while preserving in-domain performance. We adapt the strategy in PFT as follows: In practice, clients
initialize weights from the model after GFL, first perform linear probing, and then fine-tune the full
model as shown in Fig.[I|(b). This LP-FT approach achieves strong personalization while maintaining
generalizability across diverse clients.

*We primarily focus on CNN-based models. We also include parameter-efficient fine-tuning results on
transformer-based models in Appendix Tab. E}
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Table 2: Performance of various PFT strategies. Red represents the input shift subgroup; from
the feature-shift subgroup; blue the spurious correlation-based shift subgroup. Each experiment is
performed three times independently with different random seeds, and the standard deviation of the
results is presented in parentheses. 1 indicates that higher values are better, while | indicates that
lower values are better.

Dataset Method Local 1 Global 1 C-Std. | Worst 1 Average T
FT 54.50 (0.64) 44.16(0.13) 10.04 (0.06) 19.83 (0.18) 39.50 (0.33)
Proximal FT  61.76 (0.13) 53.58 (0.14) 11.61 (0.08) 25.82(0.12) 47.05 (0.07)
CIFAR10-C Soup FT 56.36 (0.23) 44.94 (0.06) 10.22 (0.06) 20.47 (0.35) 40.59 (0.09)
Sparse FT 61.31(0.01) 50.21(0.17) 11.10(0.11) 24.56 (0.09) 45.36 (0.04)
LSS FT 56.21 (0.33) 46.81(0.04) 10.05(0.08) 21.61(0.37) 43.67 (0.08)
LP-FT 63.55 (0.04) 55.35(0.01) 12.45(0.01) 26.33(0.06) 48.41(0.03)
FT 20.05 (0.05) 14.45(0.04) 5.37 (0.02) 3.37 (0.06) 12.62 (0.03)
Proximal FT ~ 27.38 (0.15) 19.96 (0.11)  6.90 (0.04) 4.84 (0.04) 17.41 (0.05)
CIFAR100-C  Soup FT 20.99 (0.24) 14.81(0.04) 5.48(0.03) 3.56 (0.01) 13.12 (0.06)
Sparse FT 28.93 (0.04) 20.66 (0.02) 7.75(0.02) 5.05 (0.09) 18.15 (0.10)
LSS FT 20.54 (0.19) 15.42(0.03) 5.32(0.03) 3.62 (0.01) 14.22 (0.06)
LP-FT 32.60 (0.14) 25.44 (0.10) 9.66 (0.04) 5.92 (0.06) 21.32 (0.04)
FT 91.17 (0.90) 67.87(0.74) 22.93(0.28) 42.03(0.48) 67.02 (0.70)
Proximal FT  92.09 (0.18) 81.40(0.03) 15.04(0.15) 61.71(0.16) 78.40 (0.09)
Soup FT 91.82(0.34) 70.82(0.43) 21.99(0.67) 45.10(1.27) 69.02 (0.65)
Sparse FT 91.43(0.31) 76.89(0.72) 17.90(0.38) 54.21(0.56) 74.21(0.35)
LSS FT 91.59 (0.28) 73.13(0.30) 22.04 (0.53) 45.32(1.13) 71.15(0.53)
LP-FT 91.20 (0.04) 82.78 (0.05) 13.75(0.02) 65.80 (0.02) 79.92 (0.02)
FT 64.90 (1.18) 42.48(0.58) 17.49(0.75) 22.31(0.93) 43.23(0.52)
Proximal FT ~ 67.20 (1.39) 56.05 (0.27) 16.68 (0.36) 33.20 (1.79) 52.60 (0.35)
Soup FT 67.48 (0.61) 44.27(0.46) 18.44(0.42) 23.73(1.24) 44.49 (0.54)
Sparse FT 69.62 (0.53) 50.24 (0.44) 18.14(0.17) 27.89(0.15) 49.14 (0.45)
LSS FT 66.37 (0.53) 45.34(0.40) 18.02(0.38) 22.63(1.05) 45.75(0.42)
LP-FT 68.50 (0.19) 57.52(0.20) 17.36(0.21) 34.53(0.44) 53.52(0.19)
FT 76.18 (0.41) 76.25(0.56) 0.35(0.13) 76.31(0.76) 76.25 (0.44)
Proximal FT ~ 76.44 (0.07) 76.63 (0.09)  0.71 (0.09) 76.81 (0.07)  76.63 (0.07)
CheXpert Soup FT 77.51(0.15) 77.49(0.31) 0.48 (0.07) 77.46 (0.43)  77.49 (0.26)
Sparse FT 77.29 (0.13)  77.20(0.14)  0.31 (0.11) 77.11 (0.25)  77.20 (0.14)
LSS FT 77.49 (0.14) 77.51(0.28) 0.52(0.08) 77.53(0.37) 77.52(0.24)
LP-FT 77.64 (0.37) 77.54(0.37) 0.53(0.41) 7743 (0.71) 77.54 (0.37)
FT 90.55 (1.20) 73.76 (2.15) 18.79 (3.64) 53.52(5.51) 72.39 (2.84)
Proximal FT  93.74 (0.59) 81.11(0.82) 13.39(1.14) 67.50(2.10) 80.78 (0.90)
CelebA Soup FT 89.42 (2.16) 7528 (1.11) 16.29(1.19) 57.79(2.90) 74.17 (1.50)
Sparse FT 91.43(0.48) 77.32(1.46) 14.16(2.57) 62.94(4.34) 77.65(1.65)
LSS FT 89.17 (2.05) 77.35(1.03) 16.23(1.28) 59.64 (2.86) 76.74 (1.46)
LP-FT 93.24 (0.17) 83.32(0.31) 11.18(0.14) 71.89(0.75) 82.82 (0.64)

Experimental Settings. To isolate the impact of PFT strategies and avoid conflating gains from GFL
optimization, we standardize the GFL stage by fixing its method to FedAvg, the foundational and
most widely used GFL method. Within this framework, we focus on comparing different post-hoc
FT methods to demonstrate the effectiveness of LP-FT in PFT (see Fig. [l| (a)). After the GFL
stage, all the clients further fine-tune the obtained global model using local data for 15 epochs for
personalization. The final models are evaluated using the metrics described below. Details of the
datasets, preprocessing steps, data splitting, and models used are provided in App.[C.3] Tab.[d]

Metrics. We adapt five metrics in our baseline experiments: (/) Local Accuracy (Local) measures
the performance of the PFT model on the client’s local test set. Higher Local Acc indicates better
personalization. (2) Global Accuracy (Global) measures the PFT model’s average test accuracy over
all other clients’ test sets. Higher Global Acc indicates better generalization. (3) Client-wise Standard
Deviation (C-Std.) calculates the standard deviation of local test accuracies across all clients. Lower
C-Std. indicates less variance in performance among clients. (4) Worst Accuracy (Worst) reports the
lowest test accuracy among all clients. The closer this value is to Local Acc, the better the worst-case
generalization. (5) Average reports the average of both Local Acc and Global Acc, providing a better
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understanding of the tradeoff between personalization (local performance) and generalization (global
performance). All metrics, except C-Std., are averaged over the number of clients, and higher values
are preferable. For C-Std., lower values are better.

Results. Our results are presented in Tab. 2] where the best method is highlighted in bold. Datasets
with the same distribution shift pattern are grouped into the same colors as detailed in the caption.
Tab. [2] shows that LP-FT consistently achieves the highest global and average accuracy across
most datasets, demonstrating strong generalization and personalization performances, particularly in
challenging conditions like CIFAR100-C and CIFAR10-C. Sparse FT also performs well, especially in
Digitsb and DomainNet, but generally lags behind LP-FT. LSS FT, Soup FT and Proximal FT show
mixed results, with stronger performance in specific datasets such as CheXpert but weaker overall
compared to LP-FT. Standard fine-tuning consistently underperforms, highlighting the limitations of
basic fine-tuning methods in heterogeneous data scenarios.

3.5 Insight and Explanation on the Observations

Given the unique design of LP-FT, we hypothesize that its superior performance in PFT stems from
its ability to mitigate federated feature distortion — a phenomenon where client-specific fine-tuning
disrupts the global model’s learned representations. We empirically validate this hypothesis through
a systematic analysis of feature space dynamics across diverse data heterogeneity scenarios.

Federated Feature Distortion. Consider a feature extraction function f : X — RF, which
maps inputs from the input space X' to a representation space R*. Let 6 denote the global pre-
trained model and 6; the fine-tuned model after local fine-tuning for client 7. Assume there are C'
clients in total, each with n samples. Let x. ; represent the j-th data point of the c-th client. The
federated feature distortion A.(f) quantifies the change in features after fine-tuning for the c-th
client, defined as the average /- distance between the representations produced by the global model
and the locally fine-tuned model over all data points across all clients. Formally, it is expressed as:
A(f) = %2?21 I f(Oc:we;) — f(Oc;cj)ly , where || - |2 is the £ distance in the representation
space R¥. We compute the average of A.(f) across all clients to represent the feature distortion in
the PFT setting, as shown in Fig. 3]

Empirical Validation. To quantify federated feature distortion, we measure the /5 distance between
global and locally fine-tuned feature representations using DomainNet and Digit5. As shown in
Fig.B[a), the full FT method induces severe feature distortion, correlating with a significant drop in
global accuracy, whereas LP-FT maintains stable global performance with lower distortion.

To further isolate the effect of feature distortion from local loss magnitude, we apply loss flooding [19]]
to control local training loss levels (0.1, 0.5, 1.0). Fig. Ekb) shows that at fixed local loss levels, LP-FT
consistently outperforms FT in global accuracy, confirming that its advantage stems from reduced
feature distortion rather than differences in local optimization dynamics.
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Figure 3: Observations of( t)he feature distortion in PFT setting, wl(lere (a) presents the positive
correlation between global performance drops and feature distortion intensity on DomainNet and
(b) presents the ablation study on preserving federated features with controlled local train loss on
Digit5. We set local loss thresholds (0.1, 0.5, and 1.0) and used gradient ascent when the loss fell
below, ensuring training loss fluctuated around these points.

4 Theoretical Analysis of the LP-FT in FL

Building on our empirical observations in Sec. 3} where LP-FT consistently outperforms baseline
PFT methods and demonstrates a significant reduction in federated feature distortion, we now present
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a theoretical analysis to uncover the mechanistic principles underlying its success. To understand
how feature learning impacts generalization error in PFT, we decompose the data-generating function
and the model into two components: a feature extractor and a linear head. This decomposition allows
us to distinguish between the learned features and their influence on performance. Specifically, in
Sec.[.T]and Sec.[d.2] we formalize concept and covariate shifts within a two-layer linear network
and examine how LP-FT effectively adapts to these shifts, outperforming full-parameter fine-tuning
(FT) in FL.

Overview of Theoretical Analysis: To compare the performance of LP-FT and FT, we make
assumptions about the data-generating function for clients (Assumptiond.1)) and a specific model
structure (Assumptiond.Z). Based on these assumptions, we analyze the global performance of LP-FT
and FT under concept shift (Theorem .4) and combined concept-covariate shift (Theorem §.5).

4.1 LP-FT’s Global Performance Under Concept Shift

In this section, we analyze LP-FT’s performance compared to FT under concept shift. To facilitate a
rigorous theoretical study, we define the data-generating process and model structure across clients,
assuming both are represented by two-layer linear networks, as in [27].

Assumption 4.1 (Data-Generating Process). The data-generating function for client ¢ is given by
y; = VT B,x; for all i € [C], where y; € R, C' is the number of clients, z; € R?, B, € RF*4, and
Ve R¥. All clients share a common feature extractor B, assumed to have orthonormal rows, while
their linear heads V;* differ. Each V;* decomposes as V;* = [V* T Ael'] T, where V} € R™is

com com
shared across clients, e; € R€ is a unit vector, and \ controls heterogeneity. Here, m 4+ C = k.

This assumption distinguishes between a shared and client-specific component in the data-generating
functions, allowing analysis of both global and local performance of PFT methods after fine-tuning.

Assumption 4.2 (Model Structure). The training model is a two-layer linear network defined as
y = VT Bx, where V € R is the linear head and B € R¥*? is the feature extractor. The dimensions
of V and B match Assumption 4.1} allowing the model to learn both shared and client-specific data
components.

In PFT settings, our objective is to evaluate the performance of a model on both global and local data.
By local data, we refer to the data of a specific client undergoing fine-tuning (e.g., client ¢). The local
and global losses are defined using the Mean Squared Error (MSE) as follows:

1 1
L1V, B) = Ey)on,[5 (VI Br = )°] = Eoup, [5 (V! Br - Vi Bua)),

1 or 2 1 1.7 «T 2
1€[C]
Since this section focuses on concept shift, we assume all clients’ data is drawn from similar distribu-
tions. Accordingly, we assume for every client i € [C], the input features satisfy E,.p, [xzT] = I,.

With the theoretical framework established by Assumptions .1 and .2] we compare the global
performance of LP-FT and FT, highlighting cases where LP-FT outperforms FT. As demonstrated
in [6]] FedAvg learns a shared data representation among clients if such a common representation
exists. In a PFT setting, the initial model is trained on data from all clients to capture their shared

components. Thus, we initialize the model parameters as By = B, and Vj = [VC*;mT O]T. In
LP-FT, a step of linear probing first updates V} using local data while keeping B fixed, followed by
full fine-tuning to update both V' and B. In contrast, FT performs only the second step. The following

lemma characterizes B after one gradient descent step in FT, forming the basis for our comparison.
Lemma 4.3. Under Assumptions and and assuming that B, .p,[xzT] = I, for all clients

. L . T
i € [C), let the initial parameters before starting FT be By = B, and Vy = [VC’ZmT 0] . Assume
fine-tuning is performed locally on the data of the i-th client. Let Brr denote the feature extractor
matrix after a single gradient descent step (processing the entire dataset once) with learning rate n.

If(bfT)T is the j-th row of Bpr, then:
E[0fT)T] = 607 +nA(Vo); (by) T
where (b;)T is the j-th row of B, , and (Vy); is the j-th element of V,, for j € [k].
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This lemma examines the impact of FT on the feature extractor Brr, highlighting the deviations from
the pre-trained matrix By = B,. Given that all clients share the same B, in their labeling functions,
substantial changes to the feature extractor can degrade global performance. Since the matrix B
functions as the feature extractor in our framework, significant feature distortion occurs when Bpp
deviates considerably from B,. Building on Lemma[4.3] Theorem #.4]offers a comparative analysis
of the global performance of LP-FT versus FT in the context of concept shift.

Theorem 4.4. Under Assumptions and and assuming E,p,[xxT] = I, for all clients
i € [C], let the initial model parameters be By = B, and Vy = [V* T O]T. Let Bpr and Vi

com
denote the parameters of the FT method after one gradient descent step (processing the entire dataset
once). For LP-FT, let Brprpr and Vi prr denote the parameters after (i) linear probing, which

optimizes V with B fixed at By, and (ii) one gradient descent step with learning rate n. Then:
Le(Veprr, Buerr) < La(Ver, Brr).

This theorem characterizes the global performance of LP-FT, suggesting that under concept shift,
LP-FT achieves better performance on global data than FT. When starting from a model initialized
to capture the shared feature extractor and linear head among clients, LP-FT is more effective in
minimizing global loss, aligning with common FL scenarios where the initial model leverages shared
client structure.

4.2 LP-FT’s Global Performance under Combined Concept and Covariate Shifts

In the previous section, we assumed all clients’ data came from the same distribution with
Ey~p,[z2zT] = I;. However, this may not hold in many practical scenarios. To address this,
we introduce covariate shift, where each client’s data is generated as x; = e; + €z, with z ~ N (0, I),
e; as a client-specific shift, and e controlling the noise level. This extension captures the non-iid
nature of data among clients and provides a framework to model data heterogeneity. The model struc-
ture and data-generating assumptions remain consistent with Sec. This section thus considers
both concept and covariate shifts. Theorem 4.5 analyzes the impact of heterogeneity on the global
performance of LP-FT and FT.

Theorem 4.5. Under Assumptions 41| and let each client’s data be x; = e; + €z, where
z ~ N(0,1) and e; is a client-specific shift. Assume the initial parameters are By = B, and

Vo = [V:;mT O]T. Let Brr, Vir be the FT parameters after one gradient descent step, and

Brprr, Vi prr be the LP-FT parameters after linear probing and one gradient descent step (with
learning rate n). Then, there exists a threshold \* such that for all A < \*:

Lo(Veprr, BLprr) < Lo(VFr, BFT)-

Remark 4.6. In Theorem [4.3] the parameter \ characterizes the level of heterogeneity among clients.
The theorem shows that under both covariate and concept shifts, LP-FT outperforms FT in low
heterogeneity settings (A < \*), highlighting its advantage in maintaining generalization. To further
reinforce the theoretical insights and cover more extensive settings, App. [D.3| provides extensive
empirical validation, confirming the global superiority of LP-FT over FT under combined concept-
covariate shifts. While the theoretical analysis in Theorem [4.5] focuses on the low heterogeneity
regime, the experiments in App.[D.3]explore a broader range, including both high and low heterogene-
ity levels. Notably, LP-FT consistently outperforms FT across all heterogeneity regimes, aligning
with our theoretical results in Sec.[d.2] particularly for deep neural networks in realistic PFT settings.
These findings validate and extend our theoretical insights, demonstrating LP-FT’s robustness and
superiority in diverse distribution shift scenarios (see also App. [F).

5 Conclusion

In this work, we studied an important PFL paradigm — PFT and tackled its key challenge of balancing
local personalization and global generalization. We establish LP-FT as a theoretically grounded and
empirically robust solution for PFT. Our work demonstrates that LP-FT effectively mitigates federated
feature distortion, balancing client-specific adaptation with global generalization under extreme data
heterogeneity. Methodologically, we are the first to adapt LP-FT to post-hoc PFT; empirically, we
validate LP-FT’s superiority across seven datasets; theoretically, we formalize its advantages in FL’s
unique covariate-concept shift regime. This work advances lightweight, deployable personalization
for real-world FL systems.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes] , ,or [NA] .

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We have explicitly defined the scope of the paper is to establishes LP-FT as an
effective strategy both theoretically and empirically in PFT. This claim is provided in both
the abstract and the introduction.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: We have discussed our limitation in the end of the paper (Appendix), where its
theoretical focus is currently only on the two distribution shifts.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The full set of assumptions and the proof is included both in the paper and in
the appendix.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have detailed our implementation in the experiment section and in the
appendix. Our code will be open-sourced upon acceptation.
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Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Our code will be open-sourced upon accepting. The detailed implementation
is detailed in the appendix and the experiment section.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.
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* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Yes, the training data and test details are provided in the appendix.
Guidelines:

» The answer NA means that the paper does not include experiments.
* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Yes, the standard deviation is provided for statistical significance.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Yes, the computational information is provided in the experiment section.
Guidelines:

* The answer NA means that the paper does not include experiments.
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9.

10.

11.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Yes, we have followed the code of ethics to conduct all experiements.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Yes, the broader impact is provided at the end of this paper (Appendix).
Guidelines: Yes, the broad impact is discussed at the end of the paper.

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
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Justification: This paper does not provide a pretrained model or dataset, thus this item is not
applicable.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification: This paper has not used the assets from the original ower.
Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This paper will not release any new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
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15.

16.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This paper does not include any crowdsourcing experiments nor research with
human subjects.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: This paper has not conducted any experiment with the human subjects, thus
this item is not applicable.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: LLM is only used for revising the manuscript for us and it does not involve
into any stages described in this item.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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