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Digital art platforms, AIGC systems, and cross-institutional design collaboration platforms continuously
generate multimodal artistic creation data that are privacy-sensitive and distributed across many clients.
Centralized modeling risks exposure while ordinary federated learning struggles with non-IID styles and
gradient leakage. This study proposes SAP-FL, combining local multimodal training with gradient clipping,
DP noise, secure aggregation, credibility-weighted aggregation, and compression for cross-node modeling
without raw data leaving devices. On non-IID data, SAP-FL achieves F1 of 84.01% (vs. 81.74%/79.11% for
FedAvg/DP-FedAvg), reduces membership inference success to 49.70% ( 20.10 points below FedAvg), and
retains F1 of 82.36% at 200 clients. Grad-CAM shows SAP-FL consistently attends to brushstroke-dense regions
and subject outlines.
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1. Introduction

Generative AI is reshaping business processes and human-
computer collaboration [1]. In art, text-to-image systems
lower creation barriers and significantly affect creator pro-
ductivity [2], forming new creative infrastructure that raises
ownership and governance issues [3] - making art data
complex multimodal information, not just static images.

Centralized machine learning aggregating artwork im-
ages, prompts, and logs conflicts with art data’s privacy
and copyright nature: sketches may contain unpublished
designs, and logs may reveal stylistic habits - making
privacy-preserving collaborative modeling a core issue for
digital art systems.

Federated learning offers a technical route, reducing
systemic privacy risk via distributed collaboration while
retaining local data [4, 5], providing a methodological basis
for modeling art platforms as scalable distributed informa-
tion systems.

Standard federated learning cannot directly meet art
data’s needs given significant non-IID characteristics [6]:
nodes differ substantially in work category and style, mak-
ing stable FedAvg aggregation difficult, while member-
ship inference and poisoning risks mean federated learning
could itself become a new leakage channel.

This study proposes SAP-FL, framing collaborative art-
data analysis and privacy protection within scalable infor-
mation systems, achieving cross-node modeling through
local multimodal training, differential privacy, secure ag-
gregation, credibility weighting, and compression.

Contributions: a scalable federated architecture
unifying images, prompts, and logs; a differential-
privacy/secure-aggregation mechanism limiting servers
to protected updates; a trustworthiness-aware aggrega-
tion strategy mitigating non-IID and anomalous-client ef-
fects; and an integrated experimental system spanning per-
formance, privacy, communication, scalability, robustness,
and interpretability.

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://dx.doi.org/10.6180/jase.202612_35.027
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Although federated learning avoids uploading raw data,
gradients and outputs may still carry sensitive informa-
tion [7]. For art data, attackers may infer whether specific
works were used in training or recover texture structure
from model updates even though images never leave local
devices.

Privacy-preserving federated learning combines differ-
ential privacy, secure multiparty computation, homomor-
phic encryption, and secure aggregation [8, 9], motivating
this paper’s inclusion of non-IID distribution and client
trustworthiness alongside DP noise.

Federated learning cannot easily achieve security and
privacy together [10]; secure aggregation and trusted exe-
cution reduce individual exposure [11].

Scalability is central to this study: communication cost
directly affects deployability [12] - informing this paper’s
compression module, since multimodal art models have
many parameters and full-gradient uploads scale poorly
with client count.

Art creation data is inherently multimodal, requiring
joint handling of fusion, missing modalities, and hetero-
geneity [13]: images reflect style, prompts reflect intention,
logs reflect process.

On privacy attacks and interpretability, gradient inver-
sion risks must be quantifiably assessed [14], and heatmap-
based interpretation helps assess visual focus reliability [15]
- motivating this study’s use of Grad-CAM and response
heatmaps.

2. Methods

2.1. Distributed Art Creation Data Scenario

This paper considers a federated system with a central
server and multiple clients (art schools, galleries, de-
sign companies, AIGC platforms) each storing local im-
ages, prompts, logs, and labels. The server initializes the
model, selects clients, and aggregates without accessing
any client’s original data. K = {1, 2, . . . , K}kDk

The local art-creation dataset of the k client is defined
as:

Dk =
{(

xk
i , pk
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Here the art image, text prompt, behavior log, and cate-
gory label together form the local sample, with client sam-
ple sizes summing to the global total; since clients differ
in creative themes and style preferences, the distribution
typically violates the IID assumption. xk
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Art creation samples span three modalities: an image
encoder extracts color, texture, brushstroke, and composi-

tion features; a text encoder extracts semantic features from
prompts and descriptions; and a behavior encoder extracts
edit counts, modification intervals, and version iterations.
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To avoid uneven modality contributions caused by sim-

ple concatenation, this study introduces modal attention
fusion. Let the modality set be M = {img, txt, log}, and
the m attention weight for each modality is:
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Fusion is represented as:
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m∈M
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i,mzk
i,m (4)

This design enables the model to dynamically adjust the
contributions of images, text, and behavior logs based on
the characteristics of the samples. For example, for works
with distinct styles, the image modality may have a higher
weight; for AIGC-generated works, the semantics of the
prompts and behavior logs may have more discriminative
value.

2.2. Federated Optimization Objectives

The local empirical risk of the k client is defined as:

Fk(θ) =
1
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)
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)
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where θ represents the model parameters, and ℓ(·) rep-
resents the cross-entropy or task loss function. The global
optimization objective is:

min
θ

F(θ) =
K

∑
k=1

nk
n

Fk(θ). (6)

Unlike conventional federated learning, this study’s ob-
jective jointly optimizes model performance, privacy, and
communication efficiency rather than simply minimizing
loss, evaluated through a joint view of prediction quality,
attack resistance, communication cost, and training stabil-
ity.

max
θ,ρ,ε

Ω = λ1F1(θ)− λ2 Amia(θ)− λ3 Ainv(θ)− λ4
Ccomm(ρ)

C0
− λ5

Ttrain
T0

(7)
Here the objective terms are membership-inference at-

tack success rate, model inversion risk, communication
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overhead, training time, compression ratio, and privacy
budget - reflecting focus on scalable systems: models
should maintain availability under large client scale and
strong privacy constraints, not just small-scale accuracy.
Amia Ainv Ccomm Ttrain ρε

2.3. Threat Model

This paper defines three threats: an honest-but-curious
server inferring data distribution from updates; external
attackers intercepting updates for inference or inversion at-
tacks; and anomalous clients uploading offset or poisoned
updates. Raw images, prompts, and logs stay local; at-
tackers only access model updates and outputs, not local
databases.

2.4. SAP-FL Method Design

SAP-FL’s architecture (Fig. 1) has a client layer, local multi-
modal training layer, privacy protection layer (clipping, DP
noise, masking, compression), trusted aggregation layer
(secure summation, credibility scoring), and application
layer (style recognition, recommendation, privacy auditing)
- keeping raw data local and each component replaceable.

Fig. 1. Scalable federated learning system architecture for
distributed art creation data

SAP-FL organizes multimodal modeling, privacy per-
turbation, secure aggregation, trustaware weighting, and
compression into a complete system process rather than
simply adding noise to FedAvg. New institutions join as
new client nodes without changing the central database or
migrating creative data.

SAP-FL addresses three constraints: unstable client
availability (random per-round selection); heterogeneous
computing resources (avoiding slow-node reliance); and
complex access boundaries (internal-only, anonymized, or
non-invertible data).

In the first r round of communication, the server selects a
subset of clients from the client set to participate in training
Sr. After receiving the global parameters, the clients θr

perform several rounds of training on their local dataset.
Considering the non-IID distribution of artistic creation
data, this paper incorporates a proximal constraint into the
local loss:

Lk(θ) = Fk(θ) +
µ

2
∥θ − θr∥2

2 + β
∥∥∥W f

∥∥∥2

F
. (8)

The regularization coefficient for the multimodal fusion
parameters controls the degree to which the local model
deviates from the global model. The proximal term µ mit-
igates β local model drift caused by differences in style
distribution across different clients. The client-side local
update is as follows:

θr+1
k = θr − η∇Lk (θ

r) . (9)

The update process is performed only within the client;
the server does not access Dk any of the original samples.

To reduce the identifiable impact of a single sample
on model updates, SAP-FL employs a differential privacy
mechanism combining gradient clipping and Gaussian per-
turbation. The client first computes the local gradient gr

k
and then performs ℓ2 norm clipping:

ḡr
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gr
k
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(

1, ∥gr
k∥2
C

) . (10)

Gaussian noise is then added to obtain the protected
gradient:

g̃r
k = ḡr

k +N
(

0, σ2C2 I
)

, σ =

√
2 ln(1.25/δ)

ε
. (11)

Here, the clipping threshold and privacy budget jointly
determine the strength of privacy protection. A smaller clip-
ping threshold provides stronger privacy protection but in-
troduces more noise, potentially reducing style-recognition
performance. This trade-off is examined through response
heatmap analysis relating the privacy budget ε, client count,
and model performance.

Differential privacy primarily limits the impact at the
sample level, but if a server can observe individual client
updates over a long period, it may still infer the style distri-
bution of that client. To address this, SAP-FL introduces se-
cure aggregation. Clients k generate paired random masks
for other clients mr

k,j and upload them:

sr
k = g̃r

k + ∑
j>k

mr
k,j − ∑

j<k
mr

j,k. (12)

After receiving all sr
k values uploaded by participating

clients, the server performs a summation:

∑
k∈Sr

sr
k = ∑

k∈Sr

g̃r
k. (13)
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Because the pairwise masks cancel each other out during
summation, the server can only obtain aggregate updates
and cannot directly see the independent gradients of any
individual client. For scenarios such as art schools, digital
art galleries, and design firms, this mechanism can enhance
the trust among institutions participating in collaborative
training.

Standard FedAvg primarily weights data based on sam-
ple size, but artistic creation clients exhibit differences in
data quality, category distribution, update stability, and
anomaly risk. SAP-FL calculates a credibility score for each
client:

qr
k = sigmoid (λ1ar

k + λ2sr
k + λ3cr

k − λ4br
k) . (14)

where ar
k represents local verification performance, sr

k
represents update stability, cr

k represents consistency be-
tween the client update direction and the global direction,
and br

k represents anomaly risk. The aggregate weight is
defined as:

wr
k =

nkqr
k

∑j∈Sr
njqr

j
(15)

The global model is updated as follows:

θr+1 = ∑
k∈Sr

wr
kθr+1

k (16)

Credibility-weighted aggregation assigns greater weight
to stable and high-contributing clients, while mitigating
the impact of anomalous clients or low-quality updates.
This mechanism directly addresses the robust aggregation
problem in non-IID artistic creation data scenarios.

To accommodate large-scale client expansion, SAP-FL
performs sparsity and quantization compression on pro-
tected updates. Let a compression function Qρ(·) represent
the compression ratio ρ, then the client-uploaded update
is:

ur
k = Qρ (g̃r

k) , Cr = ∑
k∈Sr

bits (ur
k) . (17)

Total communication volume is:

Ctotal =
R

∑
r=1

Cr =
R

∑
r=1

∑
k∈Sr

bits
(
Qρ (g̃r

k)
)

. (18)

Moderate compression ratios significantly reduce com-
munication volume with stable performance, but excessive
compression loses key gradient information, slowing con-
vergence

• so this paper treats compression ratio as a simulation
variable alongside privacy budget and client count.

2.5. Algorithm Flow

Fig. 2 shows the SAP-FL workflow: the server initializes the
model and selects clients; each client trains locally; gradi-
ents are clipped, DP-perturbed, compressed, and securely
uploaded; the server computes credibility scores and com-
pletes weighted aggregation, repeating until convergence.

Fig. 2. SAP-FL Privacy-Preserving Federated Training
Flowchart

Algorithm 1: the server initializes the model; each round
selects clients that train locally; gradients are clipped, DP-
perturbed, compressed, and uploaded; the server computes
credibility scores and updates aggregate weights; the global
model is returned. KRεCρηθ0SrθR

2.6. Datasets and Federated Partitioning

This paper constructs a distributed multimodal art creation
dataset: image data from public art style images (Impres-
sionism, Cubism, Expressionism, Ukiyo-e, Realism, Ab-
stract, Baroque, Surrealism); text from titles and prompt
fragments; and behavioral logs (edit counts, redraw counts,
version iterations) for style recognition and category classi-
fication.

To simulate cross-institutional scenarios, samples are
divided across 10-200 clients with Dirichlet parameters
1.0-0.1 controlling non-IID degree; 30% of clients are se-
lected per round over 150 communication rounds, 5 local
rounds, batch size 64, learning rate 0.001, with all methods
following the same settings so differences reflect privacy,
aggregation, and compression mechanisms. α

Images are resized and standardized via crop-
ping/padding; prompts are tokenized and semantically
encoded; behavior logs are normalized into editing inten-
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sity and rhythm features, with all three modalities retained
throughout training.

2.7. Comparison Methods and Indicators

Seven methods are compared: Centralized Training (upper-
bound reference, no privacy); Local Training (independent,
no collaboration); FedAvg (basic averaging); FedProx (prox-
imal constraints for non-IID); DP-FedAvg (differential pri-
vacy); Secure Aggregation FL (secure aggregation with-
out trust-weighting/compression); FedAvg-Compression
(compression added); and SAP-FL.

Evaluation metrics span model performance (Accu-
racy, Precision, Recall, F1), privacy/security (membership-
inference success, inversion similarity), scalability (client
count, communication overhead, convergence, training
time), robustness (F1 under anomalous-client ratio), and
interpretability (Grad-CAM overlap with annotated style
regions).

This paper distinguishes "performance improvement"
from "system usability": high F1 at small scale with rapidly
growing communication cost or fluctuation under anoma-
lous clients remains impractical. SAP-FL incorporates pri-
vacy, communication efficiency, and robust aggregation
into system constraints simultaneously for practical de-
ployability.

3. Results and discussion

3.1. Results and Analysis

Table 3 shows non-IID results: Centralized training has
highest performance but fails privacy; Local Training
reaches only 70.94% F1; FedAvg has high attack suc-
cess; DP-FedAvg drops to 79.11% F1 from noise; SAP-FL
achieves 84.01% F1 with attack success reduced to 49.70%
and communication overhead ratio 0.42.

SAP-FL doesn’t simply trade performance for privacy:
versus FedAvg, F1 improves 2.27 points while attack suc-
cess drops 20.10 points; versus DP-FedAvg, F1 improves
4.90 points, showing trusted aggregation and multimodal
fusion mitigate noise-induced degradation.

4. Convergence analysis under iid and non-iid con-
ditions

Fig. 3 shows convergence on non-IID data: FedAvg acceler-
ates early but oscillates later; DP-FedAvg converges slower
from noise; FedProx improves stability via proximal con-
straints; SAP-FL stabilizes after ˜90 rounds with the highest
F1. Client-level style bias affects standard federated learn-
ing convergence stability. SAP-FL’s advantages stem from

Fig. 3. Convergence curves of different federated learning
methods on non-IID artistic creation data

local proximal constraints reducing style drift and credibil-
ity weighting reducing low-quality/directionally-shifted
update impact - suiting cross-institutional art-data training.

Response Heatmap Analysis Based on Privacy Budget
and Client Scale

Fig. 4’s response heatmap shows privacy budget (hor-
izontal) versus client count (vertical) with F1-score color,
comparing DP-FedAvg and SAP-FL as a system-level di-
agnostic tool linking privacy budget and scale to model
behavior. ε

Fig. 4. Heatmap of F1-score response of different
algorithms under varying privacy budgets and number of

clients

Both methods perform well with few clients and large
privacy budgets, but DP-FedAvg deteriorates more as
clients increase and budget decreases; SAP-FL stays more
stable in the 50-100 client region, adapting better to the
privacy-scale trade-off. ε = 2ε = 4

Table 4 shows FedAvg, DP-FedAvg, Secure Aggregation
FL, and SAP-FL under membership inference/model inver-
sion attacks: FedAvg has highest success with no privacy
mechanism; DP-FedAvg reduces success but lowers post-



6 Chen Jiang & Xiaotao Luo

Table 1. Experimental data and federated training parameter settings

Parameter categories Settings
Number of clients 10, 30, 50, 100, 200

Participation percentage in each round 30%
Communication rounds 150

Local training rounds 5
Batch size 64

Learning rate 0.001
Non-IID partitioning Dirichlet α = 1.0, 0.5, 0.3, 0.1

Privacy Budget ε = 0.5, 1, 2, 4, 8No DP / varied privacy budget
Gradient clipping threshold 1.0

Communication compression rate 0%, 50%, 70%, 90%
Evaluation task Artistic style identification and work category classification

Table 2. Comparison Methods and Evaluation Indicators

Category Content

Comparison Methods Centralized Training, Local Training, FedAvg, FedProx, DP-FedAvg, Secure Aggregation
FL, FedAvg-Compression, and SAPFL

Performance Indicators Accuracy, Precision, Recall, and F1-score
Privacy Metrics Membership inference attack success rate and model inversion similarity
Scalability Metrics Number of clients, single-round communication volume, total communication volume,

and convergence rounds
Robustness Metrics Performance changes under anomalous client conditions of 5%, 10%, and 20%
Interpretability Metrics Overlap ratio between Grad-CAM focus regions and annotated regions

Table 3. Comparison of overall performance and privacy security of different methods

Metho Accuracy Precision Recall F1-score Members Communi
d (%) (%) (%) (%) hip cation

inference
attack success rate (%) overhead ratio

Central ized Trainin g 86.42 86.10 85.73 85.91 73.20 -
Local Trainin g 71.83 71.40 70.56 70.94 58.10 0.00

FedAv g 82.36 82.05 81.44 81.74 69.80 1.00
FedPr ox 83.41 83.12 82.65 82.88 68.90 1.00

DPFedAv g 79.92 79.50 78.86 79.11 55.30 1.00
Secure Aggreg ation FL 81.65 81.20 80.75 80.97 62.40 1.12
FedAv gCompr ession 80.74 80.36 79.86 80.05 66.20 0.38

SAPFL 84.58 84.27 83.76 84.01 49.70 0.42

attack F1; Secure Aggregation FL limits server observation
but has weak output defense; SAP-FL combines all three
for lowest attack success.

SAP-FL’s inversion similarity is 0.261 , lower than Fe-
dAvg’s 0.354 , showing better suppression of image/style
leakage, with stronger post-attack F1 stability too.

Fig. 5 shows F1 as clients grow from 10 to 200: Fe-
dAvg, DP-FedAvg, and FedAvg-Compression decline sig-
nificantly, while SAP-FL declines only slightly, showing
trust-aware weighting and compression improve large-
scale scalability.

Standard FedAvg is susceptible to distribution/quality
variation at scale; DP-FedAvg is further hurt by noise at
200 clients; SAP-FL maintains F1 above 82% at 200 clients,

suiting both small experiments and large-scale deployment.

Table 5 shows SAP-FL’s performance and overhead
across compression ratios: at 70% compression, overhead
ratio drops to 0.42 while F1 stays at 84.01%; at 90% com-
pression, overhead drops further but F1 falls to 81.38% with
convergence epochs rising to 120.

Higher compression isn’t always better - ˜70% balances
efficiency and performance for this scenario; excessive com-
pression loses gradient information, degrading style recog-
nition, so compression ratio should be chosen by band-
width, client scale, and privacy budget.

Table 6 shows F1 under anomalous-client ratios
(noise/direction-offset updates simulating low-
quality/malicious nodes): at 20% anomalous clients,
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Table 4. Privacy Attack Defense Results

Method Membership Inference
Attack Success Rate (%)

Model Inversion Similarity F1-Score (%) After Attack

FedAvg 69.80 0.354 79.20
DP-FedAvg 55.30 0.274 76.84
Secure Aggregation FL 62.40 0.316 78.65
SAP-FL 49.70 0.261 82.57

Table 5. Performance and Communication Overhead of SAP-FL at Different Compression Ratios

Compression
Ratio

F1-Score (%) Communication
Overhead Ratio

Convergence
Rounds

Membership Inference
Attack Success Rate

(%)

0% 84.92 1.00 82 51.30
50% 84.61 0.56 85 50.40
70% 84.01 0.42 92 49.70
90% 81.38 0.19 120 48.90

Fig. 5. Comparison of F1-score scalability under different
numbers of clients

FedAvg drops to 68.90%, FedProx to 70.55%, DP-FedAvg
to 70.12%, while SAP-FL remains at 79.73%, with only the
anomalousclient ratio varied to isolate robustness from
privacy noise.

Credibility-weighted aggregation identifies clients with
unstable or directionally-deviant updates and reduces their
weight - crucial for open art platforms where device, data-
quality, and behavior differences are inevitable.

Table 7’s ablation isolates each component: removing
DP slightly improves F1 but raises attack success; remov-
ing secure aggregation also raises attack success; removing
trust-aware weighting reduces performance at 20% anoma-
lous clients; removing compression restores overhead to
1.00.

Differential privacy mainly reduces attack success; se-
cure aggregation reduces single-client exposure; trust-

aware weighting mainly contributes robustness; compres-
sion mainly contributes scalability. Full SAP-FL isn’t high-
est on F1 alone but achieves the most balanced result across
privacy, communication, and robustness.

Fig. 6 compares Grad-CAM visualizations across meth-
ods: Local Training’s attention is dispersed toward back-
ground; FedAvg captures some style areas with local bias;
DP-FedAvg shows diffuse regions from noise; SAP-FL con-
centrates on brushstroke-dense regions, texture variation,
and subject outlines.

Fig. 6. Comparison of Grad-CAM regions of interest for
different algorithms in the art style recognition task

SAP-FL performs well numerically while maintaining
reasonable visual attention - focusing on brushstrokes, tex-
tures, and composition is more interpretable than raw cate-
gory output, supporting effective style discrimination un-
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Table 6. F1 score under anomalous client ratio changes

Abnormal client ratio FedAvg FedProx DP-FedAvg SAP-FL
0% 81.74 82.88 79.11 84.01
5% 79.06 80.23 77.85 83.28
10% 75.41 77.10 75.34 82.14
20% 68.90 70.55 70.12 79.73

Table 7. Results of SAP-FL Ablation Experiments

Method F1-Score (%) Membership
Inference Attack
Success Rate (%)

Communication
Overhead Ratio

F1-Score (%) When
20% of Clients Are

Abnormal

SAP-FL w/o DP 85.04 66.70 0.42 80.06
SAP-FL w/o SA 84.36 58.90 0.42 80.48
SAP-FL w/o Trust 81.92 50.30 0.42 72.41
SAP-FL w/o
Compression

84.92 51.30 1.00 80.38

der DP perturbation.
Fig. 7 shows privacy budget and compression jointly af-

fect attack success: lower compression reduces success and
limits exploitable information, but excessive compression
only slightly reduces success while significantly impairing
performance. εε

Fig. 7. Heatmap of attack success rate response of different
algorithms under changes in privacy budget and

communication compression rate

Combining Fig. 4 and Fig. 7, a 70% compression rate
and 30% client participation rate balance F1-score, attack
success, and communication overhead for this scenario - a
recommended configuration for the simulated setting, not
a universal optimum. ε = 2

4.1. Discussion

This paper’s core challenge is privacy-preserving collab-
orative modeling within scalable distributed information
systems: clients scale horizontally, training uses local com-
putation, and metrics cover performance, privacy, commu-
nication, and robustness - aligning with scalable informa-

tion systems rather than art theory alone.
This framing also distinguishes the study from ordinary

image-classification papers: the work focuses on secure
collaborative training in multi-node information systems,
rather than offline recognition models on a single dataset.

SAP-FL applies broadly: schools train recognition with-
out sharing student artwork; galleries train classification
without exposing high-resolution images; AIGC platforms
protect prompts/logs; design companies join training with-
out disclosing commercial sketches; and Grad-CAM helps
verify the model focuses on style rather than watermarks
or background.

Limitations: DP noise affects performance especially at
small privacy budgets, motivating future adaptive alloca-
tion; this study uses only image, text, and behavior modal-
ities, not audio/video/3D; Grad-CAM interprets visual
models only; and experiments simulate a distributed envi-
ronment, with real deployment and dynamic client joining
left for future work on real multi-institutional datasets. ε

5. Conclusions

- This paper proposes SAP-FL, a scalable, privacy-
preserving federated learning method for distributed,
multimodal art-creation data that models images, text
prompts, and creative behavior logs locally on each
client and enables cross-node collaborative analysis
without uploading raw data, through differential pri-
vacy, secure aggregation, credibility-aware weighting,
and communication compression.

- On non-IID art-creation data, SAP-FL achieves a
higher F1-score than FedAvg and DP-FedAvg while
substantially reducing the success rate of membership
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inference and model inversion attacks, achieving a bet-
ter balance between model performance and privacy
protection.

- SAP-FL remains stable and scalable as the number
of clients grows from 10 to 200, as privacy budgets
and communication compression ratios change, and
when anomalous clients are injected, confirming its
suitability for large-scale, heterogeneous collaborative
deployments.

- Grad-CAM comparisons show that SAP-FL continues
to focus on key artistic-style regions under privacy per-
turbation, and the Response Heatmap analysis reveals
how privacy budget, client scale, and communication
compression jointly shape system performance and
attack resistance.

- Overall, SAP-FL provides digital art platforms, AIGC
creation systems, digital art galleries, and cross-
institutional art-data collaborations with a practical
technical pathway for jointly achieving collaborative
data analysis, privacy protection, and system scalabil-
ity.
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