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Appendix

A Notations

All notations used in this paper are summarized in Table [d We omit the superscript of symbols
indicating temporal information, e.g., J" refers to a set of participating clients in communication

round n.

Table 4: Symbols and notations in the paper.

Symbol

Explanation

J

S
QT O
e

=~
NU§Q.

7j

QaQ=

Ty, T

Set of clients

Set of local/representative samples of client j
Set of generated samples for client j

Tokens sequences/text captions from client j
Data pool maintained by server

Set of text prompts for class ¢

Weights of updated local model

Weights of aggregated/fine-tuned global model
Decision matrix for data generation

Set of classes of generated samples

Number of local SGD steps for client j
Number of communication rounds

Number of task-specific classes

Budget for the number of generated samples
Threshold for validation accuracy/text similarity

B Experimental Details

B.1 Visualization of the PACS and Office-Caltech dataset

We evaluate the performance of Flick and its counterparts on two benchmark image datasets:
PACS [23] and Office-Caltech [44]]. Each benchmark is a multi-class classification task, where
each class includes samples from different domains. The PACS dataset comprises seven classes: dog,
elephant, giraffe, guitar, horse, house, and person. The Office-Caltech dataset contains ten classes:

PN
R‘f,)“
Sketch [ ]
@u‘ \LY
Photo
Cartoon
Art Painting

Dog

Elephant

Horse House Person

Giraffe

Guitar

Figure 7: Example samples from different classes and domains in the PACS dataset [25].
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Figure 8: Example samples from different classes and domains in the Office-Caltech dataset [44].

backpack, bike, calculator, headphones, keyboard, laptop, monitor, mouse, mug, and projector. Fig-
ures[7]and [§]illustrate the diverse domains within individual classes in the two datasets. In the PACS
dataset, significant feature variations across domains within the same class are clearly observable,
making domain differences explicit. In contrast, domain differences in Office-Caltech are more latent,
for instance, variations with background, view, and clarity of the object, posing additional challenges
in effectively addressing the domain shift problem within this benchmark. To simulate heterogeneous
FL settings with domain shifts, we partition the data and assign data from one domain exclusively to
each client.

B.2 Hyperparameter Settings

Here, we provide more details about the experimental training parameter settings. All methods are
implemented in Python, with neural networks developed using PyTorch. In local training, local
epochs are set to 5, and the input data size is fixed at 224 x 224. We set the server-held data pool size
|G| to 25, and the data generation budget G to 5 for both datasets. We use “stable-diffusion-v1-5”
for the image generator and “gpt-4o-mini”” and out-of-the-box LLMs for generating text prompts by
analyzing the uploaded client-specific knowledge combined with embedded commonsense knowledge.
A comprehensive robustness evaluation of Flick under different image generators and out-of-the-box
LLMs is provided in Appendix [C.I] Additionally, for the PACS dataset, we set text similarity
threshold T, = 0.8 and validation threshold T°, = 0.9, which guide the construction of the decision
matrix D. For the Office-Caltch dataset, we adopt 75 = 0.7 and T;, = 0.8 as the default settings.

In baseline methods, FedProx uses a hyperparameter to control the proximal term’s weight in the
objective function. We tune this hyperparameter within the [0.001,0.01, 0.1, 1] following [9], and
report the best result. Specifically, the value of 0.1 is adopted in both datasets. For FedDyn, we
provide its best performance by fine-tuning the weight of penalized risk within [0.001, 0.01, 0.1]. We
set this value to 0.1 for PACS and 0.01 for Office-Caltech. For FGL, we adopt the multi-round-syn
variant, where the global model is initially trained on a synthetic dataset generated in the first round
and subsequently fine-tuned using synthetic data throughout the following communication rounds.
To ensure a fair comparison, we match the total amount of synthetic data to that produced by our
method, Flick, under each experimental setting. For other counterparts, we keep the default settings
they provided.

C More Results and Analysis

C.1 Sensitivity Analysis
In this section, we demonstrate that Flick consistently maintains superior performance across a range

of hyperparameter settings and model choices, indicating the robust generalization of Flick without
reliance on extensive tuning.
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Figure 9: The performance of Flick under varying hyperparameters on the PACS dataset.

Impact of text similarity T, validation accuracy T, and data pool size. Figure [J(a) shows the
model performance improvements with a larger text similarity threshold 7. The number of generated
samples required to reach the target accuracy (i.e., FedAvg’s best accuracy) rises with a higher T,
while #Sample decreases because fewer rounds are needed. When T reaches 0.9, no samples are
retrieved. For validation accuracy threshold 7}, a lower value generates fewer samples per round
but requires more rounds to reach the target accuracy. With a fixed number of rounds, the accuracy
is lower at smaller values of T),. As shown in Figure Ekb), T, = 0.9 or 1.0 serves as an effective
threshold, yielding better performance with fewer required samples. Figure [9(c) shows that the
accuracy performance does not change much across different sizes of the server-held data pool. Here,
x-axis denotes storage capacity per class in the data pool; we can observe that a larger pool size
significantly benefits the global model’s fine-tuning, greatly reducing #Sample. However, a larger
data pool size requires more storage.

Impact of Data Generation Budget G. In our designed prompt illustrated in Figure[3] the server
hosting the LLM can generate text prompts of varying sizes for class ¢ under a specified hyperpa-
rameter GG. This design flexibility in our Flick allows the server to adapt to the practical deployment
with the given data generation budget. In the experiments, we evaluate the performance of Flick
under different data generation budgets G € {5,10,15}. We keep the experimental setup for the
two benchmarks consistent with the experiments in Table[T] with FedAvg as the baseline method,
except for varying G and the server-held data pool size fixed at |G| = 40. The results are shown in
Table[5] We can observe that a larger G indeed improves the global model accuracy in the long run by
generating more samples enriched with commonsense knowledge. Additionally, G = 10 and G = 15
speed up the model convergence on the Office-Caltech dataset compared to G = 5, as evidenced by
the enhanced round-to-accuracy performance (i.e., #Round). However, G = 5 requires the fewest
generated samples (i.e., #Sample) to reach the target accuracy, revealing a trade-off between training
performance (e.g., accuracy and latency) and data generation overheads. It underscores the impor-
tance of carefully selecting the GG to balance data generation costs and performance improvements in
practical applications. In the rest of the evaluations in this paper, we use G = 5 as the default setting.

Table 5: The performance of our proposed Flick under different data generation budget G on both
datasets.

- PACS
P A C S | AVGt #Round| #Sample |
G=5 [[91.99 9151 97.62 9327 | 93.60x017 7 188
G=10 || 9272 94.06 9643 93.65 | 9421+020 7 276
G=15 9393 9384 97.17 93.53 | 94.62+014 7 420
I Office-Caltech
A C D W | AVG?T #Round | #Sample |
G= 76.68 6578 88.10 80.56 | 77.78+012 33 146
G=10 || 7798 6356 94.64 79.17 | 78.84+022 24 253
G=15 || 7772 6533 9643 7833 | 79.45+018 24 317

Impact of different image captioning methods. In Flick, clients perform image captioning on a
small set of representative local samples during the summary phase. This summarization captures
essential local insights that play a crucial role in guiding the server to extract task-relevant, high-
quality commonsense knowledge from LLMs — an effect validated in our ablation study. To assess
the sensitivity of Flick to different image captioning strategies, we evaluate its performance using
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Figure 10: The performance of Flick over different image captioning methods: blip-image-captioning-
large, blip-image-captioning-base, and vit-gpt2-image-captioning.

three representative captioning models: “blip-image-captioning-large", “blip-image-captioning-base",
and “vit-gpt2-image-captioning”. As shown in Figure[T0} the results on both datasets indicate that
Flick is agnostic to the choice of captioning model and consistently maintains superior performance.
This demonstrates the flexibility and generalization of our approach.

Impact of different out-of-the-box LLMs. The server in Flick employs LLM to analyze the
collected local summary and generate text prompts for subsequent data generation. The designed
prompt template instructs the LLM to extract class-specific information from collected local captions
and fuse it with inherent commonsense knowledge, thereby enhancing the quality of the output text
prompts. To demonstrate the compatibility of the Flick workflow with out-of-the-box LLMs, we
use the same prompt template as illustrated in Figure [3] and evaluate the performance of Flick by
configuring the LLM to “gpt-3.5-turbo-0125”, “gpt-4”, “gpt-40”, and “gpt-40-mini” (default LLM in
this paper). The experimental results are given in Figure[IT} We can see that the choice of LLM has a
negligible impact on the text prompt generation, evidenced by the similar global model performance
and data generation decisions. These valuation results validate the compatibility of our designed
prompt template across a wide range of LLMs.
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@ 4001 [J]
= 56004 .
g 2 -
° ® 400
(%] (%)
4 200 &
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0— T T T 0L— T T T
40-mini 40 4 3.5 40-mini 40 4 3.5
(a) PACS dataset (b) Office-Caltech dataset

Figure 11: The performance of Flick over different out-of-the-box LLMs: gpt-4o-mini, gpt-4o, gpt-4,
and gpt-3.5-turbo-0125.

Impact of Image Generator V< (-). As a key component of the Flick workflow, a text-to-image
model is employed to generate synthetic samples taking input text prompts. Since the data generation
runs on the server side, the availability of rich computational resources allows for extending the
choice within advanced generative image models, thereby enabling the generation of high-quality
data points for further usage in Flick. To this end, Figure[T2]reports the performance of Flick when
using various generative models. We investigate the LDMs publicly available in HuggingFace,
including “stable-diffusion-v1-5" (default model in this paper), “stable-diffusion-v1-4”, and “stable-
diffusion-xl-base-1.0”. We also incorporate the “DALL-E-2” embedded in ChatGPT/OpenAl API
for comparison. The results indicate that synthetic samples provided by all four image generators
significantly enhance FL performance compared to the baseline FedAvg that achieves 83.06% on
PACS and 70.84% on Office-Caltech. Note that the models with more advanced designs improve the
global model’s performance better, at the cost of higher computational demands. E.g., “DALL-E-2”
model leads to higher accuracy, potentially due to its ability to produce samples in diverse artistic
styles [53]].
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Figure 12: The performance of Flick over different image generators: stable-diffusion-v1-5, stable-
diffusion-v1-4, stable-diffusion-xl-base-1.0, and DALL-E-2.

C.2 Extended Evaluation on Flick Variants

In Table |3} we conduct the ablation study on Flick by evaluating its performance without the Local
Summary (LS) phase or the Data Retrieval (DR) during the data generation phase. To further explore
the effectiveness of our LS and DR designs—specifically the loss-based LS and similarity-based DR
strategies—we compare Flick with its variants: random local sample captioning (Random Captioning)
and random historical sample retrieval (Random Retrieval). Table @ summarizes the results under the
setup of FedAvg as the baseline method for both benchmarks. For a fair comparison, the server in
the Random Retrieval retrieves the same number of samples as Flick but randomly selects from the
server-held data pool. This ensures that Random Retrieval maintains the same proportion of retrieved
samples Dretr and generated samples Dgen as Flick during the entire data generation phase across
all communication rounds. The experimental results clearly reveal the benefits of selective local
sample summarization and guided historical sample retrieval in Flick over their random counterparts.
Random local sample captioning results in inefficient extraction of client-specific knowledge, as it
lacks the focus on captioning the representative local samples provided by the loss-based criteria.
Furthermore, the negative impact of introducing randomness into data retrieval is even more severe
in Random Retrieval, where the central server randomly sends diverse synthetic samples that fail
to align with the specific requirements of local data compensation, thereby degrading the training
efficiency.

Table 6: Extended ablation study on the components of client-side local summary and server-side data
generation in Flick. We compare Flick with its variants: Flick with random local sample captioning
(Random Captioning) and Flick with random historical sample retrieval (Random Retrieval).

PACS

Method:

cHocs P A C S | AVGt #Round| #Sample |
Random Retrieval 89.81 9140 96.28 93.21 | 92.67+0.07 19 423
Random Captioning || 91.87 91.61 97.32 93.08 | 93.47+033 19 430
Flick 91.99 9459 97.74 9391 | 94.49+0.10 11 270

Office-Caltech

Method:

crocs A c D W | AVGT #Round| #Sample |
Random Retrieval 7824 6578 89.29 73.33 | 76.66+0.52 45 295
Random Captioning ([ 75.13 61.33 92.86 79.17 | 77.12+0.20 43 235
Flick 75.82 64.00 96.43 77.78 | 78.51+056 37 150

C.3 Detailed Evaluation under Domain Shift

The data generation process in Flick considers the class-wise performance of local models (i.e.,
through the decision matrix D) and the domain knowledge variations across clients (i.e., the collection
of local summaries 7 used in LLM prompt). This highlights the capability of Flick to solve domain
shift and label skew in heterogeneous FL jointly and therefore distinguishes Flick from other model-
driven [43} 16l 9] or data-driven [17, [18} 21} [22]] methods that solely address imbalanced local
datasets across clients. To validate the performance gain by Flick attributed to mitigating domain
shift, Table [/| reports experimental results where each client holds balanced local data in label
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Table 7: Global model accuracy performance (%) under domain shift only. AVG denotes the average
accuracy calculated across all domains, and A indicates the accuracy gain compared with vanilla
methods. Best in bold. Acronyms in the PACS dataset: Photo (P), Art Painting (A), Cartoon (C), and
Sketch (S); In the Office-Caltech dataset: Caltech (C), Amazon (A), Webcam (W), and DSLR (D).

Methods ” PACS Office-Caltech
P A C S | AVG At #Round] | A C D W | AVG A1 #Round]

FedAvg [5] 91.85 94.16 95.98 87.88 [ 92.47+011 - 84 7147 63.33 70.37 88.56 | 74.93x070 - 59
+FedBN [28] 89.53 93.35 95.63 90.91 | 92.36+01 -0.13 - 77.60 64.22 72.22 88.98 | 7576035 0.83 45
+FedHEAL [27] || 91.00 94.69 95.09 91.37 | 93.04+022 0.57 79 76.43 65.11 75.93 91.10 | 77.14+118 221 38
+DynaFed [29 90.27 92.71 95.93 89.68 | 92.15+045 -0.32 - 79.69 6533 70.37 84.75 | 75.03x094 0.10 55
+FedFTG [19] 89.78 92.99 90.77 92.39 | 91.48=063 -0.99 - 82.29 65.00 67.96 78.03 | 73.32+090 -1.61 -
+FGL [20] 89.90 90.13 95.09 89.97 | 91.27+005 -1.20 - 61.04 62.22 85.19 81.19 | 72.41x040 -2.52 -
+Flick 91.48 94.48 96.88 92.20 | 93.76+007 1.29 24 81.60 65.48 87.65 91.53 | 81.56+054 6.63 21
FedProx [9] 88.56 93.63 94.05 91.50 | 91.94+025 - 84 78.52 62.56 75.00 90.68 | 76.69+034 - 59
+FedBN [28] 89.05 93.74 94.94 89.59 | 91.83x0.14 -0.11 - 74.35 64.11 78.70 88.56 | 76.43x1.65 -0.26 -
+FedHEAL [27] || 90.88 95.12 9539 90.99 | 93.09+0.11 1.15 41 79.95 67.33 74.07 91.53 | 78.22+071 1.53 66
+DynaFed [29 90.02 91.44 95.04 89.97 | 91.62+045 -0.32 - 82.30 64.44 7222 80.51 | 74.87<167 -1.82 -
+FedFTG [19] 87.23 93.95 91.52 89.21 | 90.48+034 -1.46 - 81.25 64.89 74.26 81.27 | 75.42+123 -1.27 -
+FGL [20] 90.43 89.53 94.94 89.47 | 91.09+031 -0.85 - 68.77 63.78 85.19 86.27 | 76.00+0.15 -0.69 -
+Flick 91.36 94.27 95.83 93.46 | 93.73+016 1.79 16 80.21 65.33 85.19 94.92 | 81.41+015 4.72 16
FedDyn [43] 83.94 91.93 92.11 91.75 | 89.93x044 - 22 79.17 62.44 83.33 88.14 | 7827x02 - 68
+FedBN [28 86.78 91.30 92.66 91.50 | 90.56+050 0.63 22 81.64 6544 84.26 90.68 | 80.51+043 224 79
+FedHEAL [27] || 87.59 92.57 94.94 91.56 | 91.67+010 1.74 16 73.44 61.11 87.04 94.92 | 79.13+026 0.86 73
+DynaFed [29 87.75 91.86 94.25 90.61 | 91.12+020 1.19 20 79.67 64.67 76.89 91.11 | 78.09+071 -0.18 -
+FedFTG [19] 86.62 93.10 93.45 91.62 | 91.20+047 1.27 20 80.73 65.44 80.18 84.14 | 77.62+069 -0.65 -
+FGL [20] 88.69 93.63 92.86 92.01 | 91.79+006 1.86 13 8229 67.85 82.72 93.22 | 81.52+076 3.25 89
+Flick 90.02 95.01 95.39 93.15 | 93.39+033 3.46 16 84.11 65.56 87.03 94.07 | 82.69+050 4.42 23
FedNAR [16] 80.86 92.92 96.03 89.81 | 92.16+0.13 - 84 77.99 63.00 75.93 92.80 | 77.43x086 - 66
+FedBN [28] 90.75 92.57 94.94 90.61 | 92.22+034 0.06 142 80.90 64.00 76.54 89.27 | 77.68+070 025 131
+FedHEAL [27] || 91.24 95.12 95.24 90.61 | 93.05+047 0.89 30 80.21 63.56 77.78 91.53 | 78.27+064 0.84 59
+DynaFed [29 89.90 92.94 94.72 89.88 | 91.86+039 -0.30 - 81.52 67.56 74.04 88.81 | 77.98+072 0.55 101
+FedFTG [19] 88.81 93.84 91.96 89.72 | 91.08+072 -1.08 - 82.73 65.11 73.81 81.34 | 75.75+106 -1.68 -
+FGL [20] 90.39 90.76 95.09 89.78 | 91.51+0.12 -0.65 - 72.99 6433 83.33 84.34 | 76.25+0.10 -1.18 -
+Flick 92.34 93.74 9598 92.70 | 93.69+01s 1.53 16 80.38 65.33 88.89 88.70 | 80.83+054 3.40 25

space but only from one domain. It shows that Flick consistently yields significant improvement
in model accuracy and reduces the number of communication rounds (#Round) to reach the target
accuracy—defined as the best accuracy of the baseline methods (i.e., FedAvg, FedProx, FedDyn,
FedNAR). Among generation-based counterparts, DynaFed and FedFTG have limited performance
gain under the heterogeneous settings with domain shift alone and even show inferior performance to
the baselines on the Office-Caltech dataset. For FGL, we match the synthetic data volume to that
of Flick. For example, under the FedAvg baseline on the PACS dataset, Flick generates only 300
synthetic samples in total. This limited amount of auxiliary data constrains the performance of FGL —
a finding consistent with its released paper. In contrast, the same amount proves sufficient for Flick to
deliver significant performance improvements. More importantly, compared to methods specifically
designed to address domain shift (i.e., FedBN and FedHEAL), Flick further improves the global
model performance and convergence by a large margin. Combined with the results from Table[T] it is
clear that Flick shows great performance in addressing data heterogeneity issues regarding label skew
and domain shift.

C.4 Scalability Analysis on DomainNet Dataset

To evaluate the scalability of Flick in large-scale federated settings, we experiment on the DomainNet
dataset [S1] with 100 clients, where 20% are randomly selected to participate in each communication
round. The DomainNet dataset consists of natural images with six different domains: Clipart,
Infograph, Painting, Quickdraw, Real, and Sketch. Following prior work [20} 28}, 152], we construct a
sub-dataset for our experiments by selecting the top ten most common classes: airplane, clock, axe,
basketball, bicycle, bird, strawberry, flower, pizza, bracelet. We partition each domain into 15 or 17
subsets using a Dirichlet distribution with concentration parameter o = 0.1. Each client receives data
from a single domain with a skewed label distribution, simulating a scenario with both label skew
and domain shift.

Table [8| reports the model performance across various baselines. Flick consistently achieves superior
performance in both Top-1 accuracy and round-to-accuracy (#Round), demonstrating its robustness
in large-scale heterogeneous FL. Specifically, Flick improves model accuracy by up to 11.63% and
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Table 8: Global model accuracy performance (%) under both domain shift and label skew on
DomainNet dataset. AVG denotes the average accuracy calculated across all domains, and A
indicates the accuracy gain compared with vanilla methods. Best in bold.

Methods DomainNet

Clipart Infograph Painting Quickdraw Real Sketch | AVG A1 #Round |
FedAvg (5] 82.59  46.99 71.60 77.63 8595 80.00 | 74.13+038 - 144
+FedBN [28] 83.64  52.00 72.41 69.78  91.30 77.36 | 74.41+017 0.28 94

+FedHEAL [27] 86.50  53.18 74.33 7242 90.65 80.00 [ 76.18+030 2.05 53
+DynaFed [29] 86.13  50.31 69.22 8590  87.16 81.40 | 76.68+127 2.55 100
+FedFTG [19] 84.31  50.00 71.20 80.87  87.69 74.69 | 74.79+032 0.66 114

+FGL [20] 91.09  55.56 79.71 79.07 9221 84.80 [ 80.41+o039 6.28 5
+Flick 92.11  63.90 83.88 9140 9291 90.34 | 85.76+0.07 11.63 11
FedProx 9] 8532 52.59 72.99 8337  88.15 80.76 | 77.20+060 - 144
+FedBN [28] 83.48 5273 72.34 66.63 9149 77.66 | 74.06+002 -3.14 -

+FedHEAL [27] 8736  54.84 74.88 7591  92.33 81.86 | 77.86+0.12 0.66 58
+DynaFed [29] 86.94  53.94 73.18 82.60 87.56 81.79 | 77.67+011 0.47 115
+FedFTG [19] 86.82  51.79 73.86 86.07  89.72 81.45 | 78.28+030 1.08 114

+FGL [20] 91.40  54.98 80.98 81.00 9279 85.03 | 81.03+04s 3.83 14
+Flick 92.81 64.94 84.94 91.60  93.07 89.66 | 86.17+005 8.97 21
FedDyn [43] 88.06  55.39 77.08 75.60  90.32 81.03 | 7791+022 - 34
+FedBN [28] 87.22 5479 78.82 7790  89.72 80.48 [ 78.16+033 0.25 45

+FedHEAL [27] 86.51 56.97 74.66 75.03  91.89 82.68 [ 77.96+021 0.05 93
+DynaFed [29] 84.41 53.53 74.11 81.73  89.46 81.03 | 77.38+021 -0.53 -
+FedFTG [19] 86.13  54.05 74.50 8220  88.80 81.93 | 77.94+059 0.03 31

+FGL [20] 87.35  54.67 76.55 80.17  89.99 8276 | 78.58+0.13 0.67 31
+Flick 89.68  60.37 83.09 87.87 91.14 87.03 | 83.20+0.13 5.29 26
FedNAR [16] 89.88  56.85 75.36 86.10  91.69 81.93 | 80.30+040 - 150
+FedBN [28] 8550  58.22 76.50 7890 9333 81.17 | 78.94+014 -1.36 -

+FedHEAL [27] 88.43  57.05 71.37 77.87  93.87 83.69 | 79.71x002 -0.59 -

+DynaFed [29] 89.77  56.08 77.16 83.63  92.60 84.38 | 80.60+021 0.30 150
+FedFTG [19] 90.72  53.10 74.63 8450 9471 84.41 | 80.34+0.10 0.03 114
+FGL [20] 90.38  57.47 81.11 83.83  92.65 85.24 | 81.78+007 1.48 79
+Flick 9130 64.73 84.02 90.40 93.11 89.10 | 85.44+0.17 5.14 36

reduces the number of rounds required to reach the target accuracy from 144 to 11. Although FGL
performs fast convergence on FedAvg and FedProx baseline methods by fine-tuning the global model
on a large IID synthetic dataset, the significant overhead required for data generation limits its
scalability in practical federated settings.

We fix the synthetic data volume for FGL at 1500, while the total number of generated samples
(#Total Sample) in Flick is lower — 1457, 1133, 1412, and 1299 for FedAvg, FedProx, FedDyn, and
FedNova, respectively. Besides, the number of samples required to reach the target accuracy is only
427,414, 417, and 477, highlighting that Flick achieves superior performance with substantially less
generative overhead. Figure[T3]shows that Flick outperforms all counterparts in model accuracy by
up to 11.35%, 12.11%, 5.82%, and 6.50%, and accelerates convergence by up to 10.36x, 5.48x,
3.58 %, and 4.17 x across four baseline methods.

Flick A FGL X1 FedFTG [C7 DynaFed F_Z] FedHEAL FedBN
86- 140 .
X 834 6.50% . .

< 5:/ higher | 2 95 i T foster
9 % 1% .82% S . 3 .
& 801 T 1211% 1] igher L3 358 .
8 =i 3# 504 faster N .
771 Ml ]_ : l : ! 2
741 . | 54 . L m i

Fed'Avg FedProx Fedbyn FedNar Fed'Avg FedProx Fedbyn FedNar
(a) Model accuracy. (b) Round-to-accuracy.

Figure 13: Model performance across various baseline methods on the DomainNet dataset.
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Figure 14: Evaluation on the temporal scale: (a) Wall-clock training time of Flick and its model-
driven counterparts on the PACS dataset, running on an NVIDIA A40 GPU; (b) Wall-clock local
latency of a specific client, running on an NVIDIA Jetson AGX Orin, across participating rounds,
including training on both original and synthetic data points, as well as local captioning.

D Overheads

Compared to the model-driven methods for heterogeneous FL, the data-driven Flick introduces
additional overheads to the clients, including extra training and captioning latency. However, the
performance gain from Flick remains significant: it facilitates the model convergence, as reflected in
both reduced round-to-accuracy (#Round) and training time, while also improving the top-1 accuracy
of the global model in the long run. Figure[I4[a) shows the learning curves of Flick and counterparts,
integrated into the baseline method FedAvg, with time-to-accuracy performance evaluated on an
NVIDIA A40 GPU. The faster convergence offered by Flick significantly counteracts the negative
impact from additional overheads. Besides, we also trace local latency variation over communication
rounds by measuring the time consumption of a single client running on an NVIDIA Jetson AGX Orin,
as shown in Figure[I4|b). We break down the additional overheads into training on synthetic data and
captioning the representative samples, which employs the “Salesforce/blip-image-captioning-large"
with ViT and BERT as image and text encoders. It is obvious that the local overheads of Flick stabilize
over time and constitute only a small fraction of the overall local latency as training proceeds. In
contrast, FGL — the best-performing counterpart — incurs substantial delay in the first communication
round due to the extensive preparation of synthetic data, leading to a longer time to reach the target
accuracy.

E Privacy Analysis

Flick can ensure the e-DP guarantee by adding noise sampled from the Laplace distribution to the
token sequences, with the scale parameter in the Laplace mechanism set to 1/e. It provides stronger
privacy protection as € decreases. Table [9]shows the trade-off between system utility (i.e., Flick
performance) and privacy level, with the € ranging from 0.05 to 0.5. Note that the performance
gradually degrades towards the Flick w/o Local Summary variant as the € decreases. Even under strict
privacy constraints, Flick maintains promising model performance.

Table 9: The performance of Flick across different e values.

PACS Office-Caltech
€ AVGT A1 #Round) | AVGT A1 #Round |
c=05 [] 94324021 1126 11 78.24+015 740 38
e=0.1 || 93.78+024 10.72 25 77.61+033 6.77 43
€e=0.05 || 92994031 9.93 31 77.05+032 621 43

Besides, we assess the potential information leakage in local summaries from a different angle: the
difficulty for the server to infer raw data from collected token sequences. To this end, the central
server feeds the local summaries (in the textual format) to a text-to-image model, and we evaluate five
different models. Table [T0]reports the reconstruction quality based on three widely used metrics—peak
signal-to-noise ratio (PSNR) [54]], structural similarity index measure (SSIM) [55]], and learned
perceptual image patch similarity (LPIPS) [S6]-which measure the similarity between reconstructed
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Table 10: Privacy assessment of local summary phase in Flick. The server utilizes five image
generation models to reconstruct the data from collected local summaries. The similarity between
original raw local data and reconstructed data is measured by three widely used metrics, with reference
ranges provided to indicate the threshold below/beyond which pair-wise images can be considered
dissimilar. PSNR [54)]: peak signal-to-noise ratio; SSIM [55|]: structural similarity index measure;
LPIPS [56|]: learned perceptual image patch similarity.

Metrics dall-e-2 dall-e-3 v1.5 vl14 xl-base-1

PSNR (< 20) 7.717 8.11 7.79  7.80 9.37

SSIM (< 0.3) 0.20 0.16  0.17 0.14 0.20

LPIPS (> 0.6)  0.72 074 078 0.77 0.72

images generated by server-held models and the original raw local images. For PSNR and SSIM,
higher values indicate greater similarity, whereas for LPIPS, lower values indicate higher similarity.
The results across all five image generators show that reconstructed images remain significantly
dissimilar to the original raw data across three metrics, demonstrating that uploading local summaries
in Flick presents a low privacy risk.

F Data Generation Details

In Section [3.3] we have introduced the data generation process in Flick. In this section, we provide
some more details — specifically for the LLM usage and data retrieval — by showing the intermediate
results.

The data generation phase bootstraps the server to obtain the class-wise decision matrix D. After
that, an LLM is employed to generate text prompts for each class. Figure[I3]provides a detailed
case example to supplement Figure [3]in the paper, illustrating how the LLM produces G = 5 text
prompts for the class dog, using a collection of local captions 7 as reference. Recall that, for
privacy considerations, our design in the local summary phase only requires participating clients to
report captions of representative local samples while omitting class information. Consequently, the
LLM has to first identify and select class-related captions from the pool 7. From the LLM output in
Figure[T3] it is evident that the LLM can effectively select captions relevant to the class dog, extending
beyond simple keyword matching. For instance, it also identifies captions containing terms like

/@ Input Prompt [~~~ "7 T mmmmmm s nnn s e A /ﬁ Local Captions \

"there is a black and white drawing of a dog with a stick in its mouth"

"drawing of a man sitting on a bench with his arms crossed"

"an image of a black and white drawing of a person ' s hand holding a toothbrush"
"there is a black and white drawing of a horse on a white background"

"drawing of an elephant with a bow on its head"

"four cartoon dogs with wings and bones in different poses"

Given a list of captions: {7}, select those that are relevant to the main subject {dog}. Then, o
analyze the selected captions, which depict various scenes and contexts but consistently *
center around the main subject {dog}. -
Based on this analysis, generate {5} new text prompts that still focus on the main subject of *
{dog}. You may fuse domains, styles, entities, or contexts from the provided captions, but -
ensure that any new elements introduced do not detract from or obscure the main subject, *
which must remain the central focus. Introducing new elements is encouraged, but they * "an image of a cartoon house with a basketball hoop in front of it"
should enrich the context rather than shift the focus away from the main subject. -], * "animage of a brown cow with a hat on its head"
Your response should use the following format: ["prompt1"™, ..., "prompt {5}"]. If none of * "there is an elephant that is standing in the middle of the picture"
the captions are related to the category {dog}, return an empty list: []. * "avibrant painting of a golden retriever lounging on a sunny patio"

\ * "there is a painting of a group of people sitting on the grass"

# "there is a giraffe that is standing next to another giraffe"

* "there is a painting of a cottage with a thatched roof"

# "there is a painting of a white horse that is standing on its hind legs"

* "A playful puppy chasing butterflies in a sunny park filled with flowers"

# "there is a man that is standing in the middle of a crowded bus"

* "there is a picture of a guitar on a wooden table"
"there is a painting of an elephant that is walking in the water" /

J
/E[J LLM Response N
<Selecting target class-related captions>
The relevant captions that focus on the subject of "dog" include:
1. "there is a black and white drawing of a dog with a stick in its mouth"
2. "four cartoon dogs with wings and bones in different poses"
3. "a vibrant painting of a golden retriever lounging on a sunny patio" k
4. "A playful puppy chasing butterflies in a sunny park filled with flowers"
<Reasoning>
These captions depict various scenes involving dogs, st ing their i playful
nature, and different poses.
Based on this analysis, I will create new captions that maintain the focus on dogs while

Retrieval
introducing new elements that enhance the context.
<Generating text prompts>
Output the 5 new captions strictly in the following format:
["there is a colorful painting of a dog wearing a party hat surrounded by balloons", “m}
"an image of a dog playing fetch with a frisbee in a sunny park", am? I]DDD[”]
"a cartoon dog dressed as a superhero flying through the sky with a cape", am}
"there is a whimsical drawing of a dog sitting on a cloud with a rainbow in the background", <+ m; Generation
Qhere is a black and white sketch of a dog lying on a cozy rug next to a fireplace"] “ "Q

Figure 15: Detailed illustration of LLM-based text prompt generation: given cross-client-specific
knowledge 7", the central server obtains the text prompts for the class dog in the PACS dataset. The
underlined words are recognized by LLM as related to class dog.
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"an image of a laptop computer with a small screen on top of it"

"an image of a white and blue mini - sketch machine on a white background"
"there is a cell phone that is laying on the ground surrounded by leaves"
"there is a bike with a bag on the back of it and a bag on the back of it"
"there is a pair of headphones sitting on a table with a brick wall in the background"
"there is a computer mouse that has a message on the back of it"

"the coffee mug is black and has a handle on it"

"there is a laptop computer sitting on a wooden desk with a white chair"
"there is a man with a red backpack walking on a trail in the mountains"
"this is an image of a laptop with a keyboard on top of it"

"there is a computer desk with a keyboard, mouse, and monitor on it"

"a close up of a calculator on a white background"

"there is a white bicycle with a basket of flowers on the back of it"

"there is a pair of red headphones sitting on a gray surface"

"there is a computer keyboard and a mouse on a desk"

"there is a plate with a picce of pastry on it next to a plate with a spoon and a plate”
"there is a white laptop computer sitting on top of a white table"

"there is a white laptop with a black keyboard on a white surface"

"this is an image of a computer monitor and keyboard on a desk"

"this is an image of a portable device sitting on a wooden table"

"there is a calculator sitting on a wooden table with a calculator in front of it"
These captions consistently depict headphones in various contexts, such as being placed on "there is a bike that s leaning against a wall in a room"

surfaces, or in a workspace setting. "there is a pair of black headphones on a wooden table"

Given a list of captions: {7}, select those that are relevant to the main subject {headphones}. :
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*
*

Based on this analysis, I will generate new captions that maintain the focus on headphones * "there is a coffee cup that is sitting on a wooden table"
*
*
.
*
*
.

(

Then, analyze the selected captions, which depict various scenes and contexts but consistently
center around the main subject {headphones}.

Based on this analysis, generate {5} new text prompts that still focus on the main subject of
{headphones}. You may fuse domains, styles, entities, or contexts from the provided captions,
but ensure that any new elements introduced do not detract from or obscure the main subject,
which must remain the central focus. Introducing new elements is encouraged, but they should
enrich the context rather than shift the focus away from the main subject.

Your response should use the following format: ["prompt1":, ..., "prompt {5}"]. If none of the
captions are related to the category {hcadphones}, return an empty list: [].

N/~
AN

EI] LLM Response

<Selecting target class-related captions>

The relevant captions that focus on the subject of " headphone" include:

1. "there is a pair of headphones sitting on a table with a brick wall in the background"
2. "there is a pair of red headphones sitting on a gray surface"

3. "there is a pair of black headphones on a wooden table"

<Reasoning>

while introduce different contexts and elements to enrich the descriptions. "there is a backpack that is sitting on the floor next to a wall"
<Generating text prompts> "there is a laptop computer sitting on top of a wooden desk next to a cup of coffee"
Output the 5 new captions strictly in the following format: "there are two calculators sitting next to each other on a white surface"
["a vibrant pair of headphones rests on a sleek black desk, illuminated by soft natural light", < m! “this is a picture of a mouse and a badge on a mouse pad"
"a pair of headphones lying on a sandy beach, with ocean waves in the distance", «mf "there is a computer with a stethoscope next to a keyboard and mouse"
"a pair of noise-canceling headphones with a soft cushion on a cozy couch", “m "there is a colorful backpack sitting on a bench in the park"
"a pair of wireless headphones floating above a city skyline at sunset", am} “there is a picture of a laptop with a picture of people on the screen” /
"a pair of headphones positioned next to a laptop, with colorful sound waves illustrated in the _
\backgruuud"]

m§

Retrieval

o) (PR

Generation

Figure 16: Detailed illustration of the LLM-based text prompt generation for the class headphones in
the Office-Caltech dataset.

“golden retriever” or “puppy”’. During the reasoning phase, the LLM analyzes the selected captions
and recombines extracted features (i.e., cross-client-specific knowledge) with new elements (i.e.,
commonsense knowledge embedded in the LLM) to generate text prompts for the subsequent text-to-
image model. Besides, Figure[I6]illustrates the text prompts generation for the class headphones in the
Office-Caltech benchmark where the LLM showcases similar capabilities in extracting class-related
knowledge and instilling commonsense knowledge.

To reduce the data generation overheads, the server in our Flick does not directly feed all text prompts
into a generative model for new data points. Instead, it first retrieves historically generated samples
from the server-held data pool G;. The qualified historical samples are retrieved based on the pairwise
similarity between the historical text prompt m? € M, and the generated text prompt m; € M.
Specifically, each prompt pair (m?, m{) is transformed into SBERT embeddings used for calculating
cosine similarity. In Figure [I7] we provide more examples of the data retrieval step across two
benchmarks and their respective four domains. For detailed illustrations, Figure [I7] presents the text
prompt pairs (m?, m?) and their SBERT similarity scores, as well as the sample corresponding to the
historical text prompt m? that the server retrieves.

Similarity(m, m{) = 0.8014

M m!:"a vibrant artwork of a
S giraffe surrounded by colorful

flowers in a field"
m{:"a giraffe wandering

B through a vibrant meadow filled

with colorful blooms”

similarity(m}, m) = 0.9257

mP:"a sleek monitor displaying a
vibrant landscape on a modern
desk”

m{:"there is a computer monitor
displaying a vibrant landscape
image on a sleek desk”

Similarity(m?, m{) = 0.9253
m:"a quirky cartoon horse
sporting a bright blue mohawk
and a cheeky grin”

m{:"a whimsical cartoon horse
sporting a bright green mane
and a cheerful expression”

Similarity(m?, m{) = 0.7783

m¥:"there is a projector displaying
a presentation in a dimly lit room
with a coffee cup nearby”
m{:"there is a projector on a table
surrounded by notebooks and a
cup of coffee”

Similarity(m?, m{) = 0.9146
m}:"a man gazing thoughtfully
out of a large window"

m:"a man standing by a
window, lost in contemplation”

Similarity(m¥, m) = 0.8105
m?:"a vibrant gaming keyboard
® illuminated in neon colors on a
dark background”

m{:"there is a mechanical
keyboard with vibrant RGB
lighting on a wooden table”

Q

similarity(m}, m{) = 0.8657
m}:"a monochrome sketch of a
horse galloping across a blank
canvas”

m{:"a monochrome sketch of a
horse's profile against a plain
backdrop”

similarity(m?, m{) = 0.8372
m?:"a blue jansporter backpack
resting on a white table next to
a laptop”

m:"there is a blue backpack
resting on a desk next to a
laptop and a notebook"

Figure 17: Illustration of the retrieved samples in two datasets: PACS (fop) and Office-Caltech
(bottom). In each example, m? and m represent historical text prompt and generated text prompt,
respectively. In Flick, the server retrieves samples from the data pool for which the corresponding
text prompts show high similarity to the generated text prompts.
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