
Pattern Recognition Letters 197 (2025) 195–201 

A
0
n

 

Contents lists available at ScienceDirect

Pattern Recognition Letters

journal homepage: www.elsevier.com/locate/patrec  

Benchmarking federated learning for semantic datasets: Federated scene 

graph generation
SeungBum Ha a ,1, Taehwan Lee a ,1, Jiyoun Lim c, Sung Whan Yoon a,b ,∗

a Graduate School of Artificial Intelligence, Ulsan National Institute of Science and Technology, Ulsan, Republic of Korea
b Department of Electrical Engineering, Ulsan National Institute of Science and Technology, Ulsan, Republic of Korea
c Electronics and Telecommunications Research Institute (ETRI), Daejeon, Republic of Korea

A R T I C L E  I N F O

Editor: Jiwen Lu
Keywords:
Scene graph generation
Panoptic scene graph generation
Federated learning
Distributed learning
Data privacy
Benchmark

 A B S T R A C T

Federated learning (FL) enables decentralized training while preserving data privacy, yet existing FL bench-
marks address relatively simple classification tasks, where each sample is annotated with a one-hot label. 
However, little attention has been paid to demonstrating an FL benchmark that handles complicated semantics, 
where each sample encompasses diverse semantic information, such as relations between objects. Because the 
existing benchmarks are designed to distribute data in a narrow view of a single semantic, managing the 
complicated semantic heterogeneity across clients when formalizing FL benchmarks is non-trivial. In this paper, 
we propose a benchmark process to establish an FL benchmark with controllable semantic heterogeneity across 
clients: two key steps are (i) data clustering with semantics and (ii) data distributing via controllable semantic 
heterogeneity across clients. As a proof of concept, we construct a federated PSG benchmark, demonstrating 
the efficacy of the existing PSG methods in an FL setting with controllable semantic heterogeneity of scene 
graphs. We also present the effectiveness of our benchmark by applying robust federated learning algorithms 
to data heterogeneity to show increased performance. To our knowledge, this is the first benchmark framework 
that enables federated learning and its evaluation for multi-semantic vision tasks under the controlled semantic 
heterogeneity. Our code is available at https://github.com/Seung-B/FL-PSG.
1. Introduction

Federated learning (FL) has drawn considerable attention as a key 
framework to enable decentralized deep model training from private 
data of numerous clients. The FL framework communicates the model 
parameters between the clients and the server; to keep the distributed 
local data private, the server cannot access data samples of clients [1]. 
The property that FL preserves data privacy makes it more crucial when 
deep models handle license- or privacy-sensitive data, e.g., clinical 
data from medical institutions, licensed content from providers, and 
broadcasting stations.

Along with the rapid algorithmic development of FL, significant 
efforts have been dedicated to constructing FL benchmarks that enable 
reliable and rigorous evaluations of methods. The existing FL bench-
marks mostly rely on the existing datasets, such as CIFAR [2] and 
Twitter [3], etc. Therefore researchers focus on devising a decentralized 
training setting with controllable factors, such as data heterogeneity 
across clients, number of clients, and participation ratio. Among the 
factors of FL settings, data heterogeneity works as the most crucial 
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factor that exhibits the efficacy of different FL algorithms; when the 
data distribution strongly deviates across clients, a federation of local 
models typically fail with drastic performance drops [4]. Researchers 
have mainly focused on data heterogeneity constructed by a single 
label, which is straightforward. Therefore, prior works diversify the 
distribution across clients via Dirichlet distribution [5] or shard- or 
chunk-wise assignment of data [1].

Herein, we point out two key limitations of the existing FL bench-
marks. Firstly, the current benchmarks mainly handle classification or 
regression tasks, where each sample consists of a single label. However, 
deep learning tasks are becoming far beyond classification or recogni-
tion, and complicated jobs are being considered to understand in-depth 
semantic information. Therefore, extending the current FL benchmark 
process to complicated semantics is necessary.

Second, there does not exist a task-agnostic FL benchmark process 
that devises controllable semantic heterogeneity. The classification task 
of FL focuses on a single semantic (the class label) in the left of Fig.  1 
and constructs heterogeneity based on the label. In contrast, devising 
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Fig. 1. Examples of single-semantic (Left: classification) and multi-semantic (Middle: scene graph generation) tasks, and the overview of the federated learning process (Right).
heterogeneity is non-trivial when each sample contains multiple seman-
tics. As shown in the middle of Fig.  1, Scene Graph Generation, which 
understands the complicated semantics of an image, a single image 
contains multiple objects (‘cat’, ‘keyboard’, ‘dog’ and ‘truck’), predicates 
(‘looking at’ and ‘sitting on’) and relations (‘cat’ → ‘keyboard’, ‘dog’ 
→ ‘truck’). It remains unexplored to construct the heterogeneity with 
controllable and complex semantics.

In this study, we propose a comprehensive FL benchmark process for 
evaluating FL algorithms on multi-semantic datasets while controlling 
semantic heterogeneity. To break the limitations of existing studies, 
our process encompasses two key steps: (i) discovering the semantic 
clusters by utilizing the collection of multiple annotations. and (ii) 
distributing data samples to multiple clients by considering the het-
erogeneity. The simulation results reveal that the methods tailored to 
tackle the long-tailed problem in the Panoptic Scene Graph Generation 
(PSG) task, where some objects and predicates are more dominant than 
others, are robust in handling semantic heterogeneity in FL.

2. Related works

2.1. Federated learning (FL) and benchmarks

FL has emerged as a framework for training deep learning models 
in a decentralized setting, enabling the preservation of data privacy for 
clients. We briefly introduce preliminaries by focusing on the founda-
tional baseline, i.e., FedAvg, [1]. FL setting contains the single server 
and 𝐾 clients. The training process proceeds iteratively in rounds. Each 
round follows the three-step procedure shown on the right of Fig.  1, 
summarized as follows: (a): The server distributes a global model to 
clients. (b): Each client initializes the local model with the distributed 
one and trains a neural network using their dataset (c): Clients upload 
the locally trained model parameters to the server. Then, the server 
averages the aggregated models and performs the step (a) again. The 
aggregation step is represented as 𝑤𝑡+1 =

∑𝑆𝑡
𝑘=1

𝑛𝑘
𝑛 𝑤𝑡

𝑘, where 𝑛𝑘 is the 
number of data samples on client 𝑘, 𝑆𝑡 is the set of selected clients at 
round 𝑡, and 𝑛 is the total number of data samples across 𝑆𝑡 clients. 
When 𝑆𝑡 equals 𝐾, all the clients participate in the aggregation step, 
and in the case of 𝑆𝑡 < 𝐾, partial clients participate in the aggregation 
step.

In FL systems, each user has independent data with different dis-
tributions, which can cause the trained local models to diverge, neg-
atively impacting the performance and convergence of FL. Therefore, 
researchers have mainly been dedicated to handling the case with a 
substantial heterogeneity of data across clients, resulting in diverse 
strategies.  For example, FedAvgM [6] leverages global-model updates 
as momentum. At each round, the server keeps a momentum vector 
formed by accumulating the difference between consecutive global 
models. FedAdam [7] treats update differences as gradients optimized 
by Adam. Recently, regularization-based methods such as 𝓁1-Fed [8], 
which alleviates similar distribution through the addition of an 𝓁1
sparsity constraint to the global model, have also been reported. And 
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FedGF [9], which resolves the difference between the local and global 
objectives by raising the generalization ability with Sharpness-Aware 
Minimization [10].

When we construct a heterogeneous distribution with a simple se-
mantics, such as a single target label, unified strategies exist to impose 
heterogeneity across clients by diversifying the prior distribution of the 
target label [11]. Specifically, two main strategies include (i) sampling 
the prior distribution of each client from Dirichlet distribution [5], and
(ii) chunking per-class data samples into multiple shards, where a fixed 
number of shards is allocated to each client, resulting in heterogeneity 
between clients [12,13].

2.2. Panoptic scene graph generation (PSG)

Scene graphs are crucial for scene understanding in computer vision 
tasks, representing objects (nodes), denoted by bounding boxes or pixel-
wise segmentation, and predicates (relationships, edges) in a graph 
structure [14–16]. Predicting the bounding boxes and relationships 
between bounding boxes constitutes scene graph generation. The PSG 
task has been proposed by [17,18], delving deeper into scene graph 
generation using panoptic segmentation masks instead of bounding 
boxes. The difference between PSG and classic scene graph genera-
tion is that PSG uses panoptic segmentation [19] masks rather than 
bounding boxes. Moreover, the scene graph generation tasks face the 
long-tailed problem [20,21]. Positional relationships among objects 
constitute the majority of the predicates, leading to a visual relationship 
complexity of (𝑁2𝑅) for 𝑁 objects and 𝑅 predicates [22]. This 
exacerbates the long-tailed problem in SGG datasets, prompting various 
approaches, such as utilizing self-attention to characterize complex 
interactions, thereby facilitating the understanding of object and rela-
tion semantics [23], and estimating confidence scores and weighting 
high-uncertainty cases more heavily during training [24]. Also, the 
self-supervised local pseudo-attribute is utilized to reinforce tail-class 
representations [25].

To perform challenging vision tasks such as PSG, having more data 
typically leads to training better models. However, in reality, the photos 
held by different clients are unlikely to be similar, and collecting 
such data on the server for training poses a threat to data privacy. 
Despite this, no attempts have been made to apply FL to the PSG 
task, underscoring the necessity of this research. Moreover, the data 
heterogeneity issue in FL closely resembles the well-known long-tailed 
problem in scene graph generation tasks and real-world data [21].

3. A benchmark process for FL with multi-semantic datasets

For a given multi-semantic dataset, each data sample contains mul-
tiple annotations, i.e., (𝑥,) ∈ , where 𝑥 is an input,  = {𝑦1,… , 𝑦𝑀}
is a set of multi-semantic labels, 𝑀 is the possible number of labels 
for each data sample, and  represents the dataset. Here, we introduce 
our benchmark process to distribute the multi-semantic data samples 
to clients with controllable semantic heterogeneity. The key steps are 
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Fig. 2. Category tensor K-means clustering pipeline. (a) Construct a graph using the objects, subjects, and predicates of each image. (b) Map each label into the super-classes of 
fine-grained labels. (c) Convert categorized relations (subject, object, and predicate) into the category tensor. (d) Transform every input image into a category tensor and perform 
K-Means Clustering.
twofold: (i) discovering data clusters with different semantics and 
(ii) data partitioning with controllable semantic heterogeneity across 
clients.

3.1. Discovering data clusters: 𝐾-means clustering of category tensor

For a given multi-semantic  , we transform it to category tensor
 by allocating each label 𝑦𝑖 into an orthogonal axis of the tensor, 
i.e.,  () ∈ R𝑁1×⋯×𝑁𝐿 , where there are 𝑁1,… , 𝑁𝐿 possible categories 
for each respective label of  . We then apply 𝐾-means Clustering on 
the collection of  ()||

1  of overall dataset: 


(

 ()||

1

)

→ {1,…𝑛}, (1)

where 𝑛 is the number of clusters that can be determined depending 
on the dataset and 𝑖 indicates the collection of samples assigned to 
𝑖th cluster. With the obtained clustering, we can transform each data 
sample (𝑥,) into (𝑥,𝑖) to impose the cluster label with semantic 
information, which is a one-hot label with 1 for the assigned cluster. 
As a result of the clustering process, we can perform the label-based 
partition while fully utilizing the multi-semantic information of each 
data sample with its corresponding cluster label . We present the 
overall pipeline to Fig.  2.

3.2. Data partition with semantic heterogeneity

We acquire 𝑛 clusters from Eq. (1). It trivially raises the issue 
that the clusters are not evenly distributed, so the number of samples 
assigned to each cluster would deviate for different clusters, i.e., cluster 
imbalance. The cluster imbalance prevents rigorous evaluations of FL 
models to handle semantic heterogeneity because a model becomes 
overfitted to dominant clusters without balanced training across dif-
ferent semantics. The cluster imbalance stems from the long-tailed 
problem, a key challenge in scene graph generation datasets. In other 
words, we have to create data heterogeneity for FL, which further com-
plicates distinguishing it from the long-tailed problem. If the amount 
of data in each cluster is equalized, the long-tailed problem can be 
effectively alleviated. Furthermore, considering the FL scenario, this 
cluster imbalance will likely bias the update of the global model in 
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the direction of users belonging to the dominant cluster. It causes 
overfitting to a dominant cluster, which makes it difficult to fairly 
compare each method closely. Consequently, we need to equalize the 
data quantity of each cluster: ̂𝑘 = Sample(𝑘, 𝑚), for all 1 ≤ 𝑘 ≤ 𝑛, 
where 𝑚 = min𝑘∈[𝑛]{|𝑘|}, |𝑘| is the cardinality of the 𝑘th cluster 𝑘, 
and Sample(𝑘, 𝑚) functions to randomly select 𝑚 data samples from 
cluster 𝑘. We apply the label-based partition based on these clusters to 
impose semantic heterogeneity. Our benchmark suggests two partition 
strategies as follows.

Shard-based partition: Each client chooses 𝑝(≤ 𝑛) clusters. We then 
split each cluster into disjoint shards or chunks, where the number 
of shards equals the number of clients who selected the cluster. After 
splitting, the shards are distributed to the corresponding clients. If 𝑝 =
𝑛, all clients are assigned to all clusters, making the data distribution 
homogeneous. The distribution is close to heterogeneous for smaller 𝑝
values.

Dirichlet distribution-based partition: From the strategy sug-
gested in [5], the amount of data each client takes from cluster 𝑘 is 
governed by the sampling from the Dirichlet distribution. We design 
the non-IID data partition into 𝑈 clients by sampling a multinomial 
probability vector for each client 𝑢, denoted as: 𝐩𝑢 ∼ Dir𝑛(𝜶) where 
the probability vector is 𝐩𝑢 = (𝑝𝑢,1, 𝑝𝑢,2,… , 𝑝𝑢,𝑛), and the concentration 
parameter of Dirichlet distribution is 𝜶 = (𝛼1, 𝛼2,… , 𝛼𝑛), for 𝛼𝑖 >
0,∀𝑖 ∈ {1, 2,… , 𝑛}. Each 𝑢th client samples training data from a dataset 
according to the proportion 𝑝𝑢,𝑖 without replacement for each cluster 
𝑖. The data heterogeneity is controlled by 𝜶: As 𝜶 → ∞, the data 
distribution goes to IID; in contrast, as 𝛼 → 0, it goes to non-IID.

3.3. Proof-of-concept: FL benchmark for panoptic scene graph generation 
(PSG)

We provide a proof-of-concept of our FL benchmark process by 
constructing the FL benchmark for PSG dataset.

(i) Discovering data clusters: PSG dataset contains object, subject, 
and predicate labels for each image sample. For simplicity, we utilize 
13 object/subject categories and 7 predicate categories, which are the 
super-classes of fine-grained labels Therefore, the dimension of the 
category tensor is  () ∈ R13×13×7. We perform 𝐾-means Clustering 
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for the category tensor to obtain multiple semantic clusters, obtaining 
5 clusters with discriminated semantics.2: 

(

 ()||

1

)

→ {1,2,3,4,5}. (2)

(ii) Data partition: Based on the discovered 5 semantic clusters, 
our benchmark provides two options for data distribution: (i) Shard-
based partitioning and (ii) Dirichlet distribution-based partitioning. As 
partitioning becomes heterogeneous, the data distribution at clients 
strongly deviates in the sense of semantic clusters. Otherwise, the 
data distribution of clients becomes homogeneous, yielding evenly 
distributed semantic information.

4. Experiments: Benchmarks for PSG in FL

4.1. Experiment settings

We evaluate the existing panoptic scene graph generation (PSG) 
models on our benchmark with the following methods: IMP [26], 
MOTIFS [27], VCTree [28], and GPS-Net [29]. Because these PSG 
methods use the same pretrained object detector Faster R-CNN [30], 
and the communication cost is crucial in FL scenarios, we freeze the 
pretrained object detector and focus on predicate classification. There-
fore, each client trains and aggregates the relation head, responsible for 
processing predicates by capturing the semantic relationships between 
objects.

An imbalanced dataset contains a number of data points in each 
cluster that is not equal after clustering. We randomly sampled the 
data from each cluster to match the quantity of the smallest cluster to 
eliminate cluster imbalance. This process ensured that all clusters had 
the same data (2.2K images), resulting in a balanced dataset.

Experiment setups: We set up an FL scenario with one server 
and 100 clients, distributing the training data of the existing PSG 
dataset [17] to the 100 clients. The test data for our benchmark is the 
same as the PSG test dataset. Five active clients are randomly selected 
in each round, and the test data is evaluated using the aggregated 
global model from the server. Each client performs local training with 
one epoch and a batch size 16. The total number of training rounds 
is 100, and we report the R/mR@K performance of the final averaged 
model. Following the benchmark in [17], we set the SGD optimizer to a 
local optimizer with a learning rate of 0.02, momentum of 0.9, weight 
decay of 0.0001, and gradient clipping with a max L2 norm of 35.

Clustered PSG Dataset Description: By examining the samples for 
each cluster, we observe the following features for each cluster and the 
imbalance between clusters3:

• Cluster 1 (occupying 5% of datasets)
We observe that it contains a large number of animal objects
compared to others. The predicates are composed of actions that 
animals trivially perform.

• Cluster 2 (occupying 58% of datasets)
This cluster is dominated by daily photographs of people, which 
constitutes the largest portion of PSG dataset. This cluster is 
mainly related to daily activities by human beings that frequently 
appear in daily life.

• Cluster 3 (occupying 11% of datasets)
This cluster mainly includes urban landscape and transportation 
photos, which encompass many predicates related to vehicles, 
such as ‘parking on’ and ‘driving (on).’

• Cluster 4 (occupying 7% of datasets)
This cluster is composed of sports and kinetic images, contain-
ing predicates such as ‘playing,’ which are more prevalent than 
others.

2 We attach the detailed description in Appendix A.
3 The visualization of the clustering is in Appendix A.2.
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• Cluster 5 (occupying 19% of datasets)
This cluster corresponds to urban/nature-combined landscapes,
which typically include buildings, the sky, and a river in the 
images. Due to objects related to natural elements, the pred-
icates in this cluster are predominantly positional rather than 
action-oriented.

Notably, Clusters 2 and 4 contain somewhat similar images, mainly of 
‘people’. However, the predicates in Cluster 4 relate to sports, clearly 
distinguishing it from Cluster 2. Also, Cluster 3 and 5 look similar 
because of urban landscapes, but Cluster 3 tends to focus on cityscapes 
with transportation, and Cluster 5 focuses on urban/nature-combined 
views.

Benchmark setups: We randomly sampled data from each cluster 
to ensure an equal amount of data for each cluster to ease the cluster 
imbalance. We test 6 types of data partitioning as follows:

(1) Random: Data is distributed randomly among all clients, ensur-
ing nearly equal sizes for each.

(2) Shard-based partition IID: We set 𝑝 = 5, where 𝑝 is the 
number of clusters that client sample from. When 𝑝 equals the number 
of clusters, the data from each cluster is equally distributed among 100 
clients.

(3) Shard-based partition non-IID: We set 𝑝 = 1 for imposing 
semantic heterogeneity. Each cluster is assigned 20 clients, and all 
clients have the same amount of data.

(4), (5) and (6) Dirichlet distribution-based partition: We test 
three levels of semantic heterogeneity by using 𝛼 = [10, 1, 0.2] to 
simulate from an IID to a non-IID case.

Metrics: By following [17] which suggested the PSG task, we use 
‘Recall@K (R@K)’ and ‘mean Recall@K (mR@K)’ as the performance 
metrics, which calculate the triplet recall and mean recall for every 
predicate category, given the top 𝐾 ∈ [20, 100] triplets from a PSG 
method. Moreover, R@K is dominated by high-frequency relations, and 
mR@K assigns equal weight to all relation classes. In datasets with 
severe long-tailed problems, e.g., PSG dataset, mR@K can provide more 
meaningful insights into model performance.

4.2. In-depth analysis

Our intuition is that the performance of models is expected to show 
the following order: Centralized learning(CL) c≥ IID ≥ Random ≥ non-
IID, when our benchmark effectively imposes semantic heterogeneity in 
the FL setting. The experimental results also follow our intuition and 
validate the effectiveness of our benchmark.

Results: Table  1 shows the test accuracy on the test set of the PSG 
dataset.4 We have focused on the Mean Recall (‘mR’) performance. 
Also, we focus on the most challenging case with 𝐾 = 20.

(i) CL vs. IID. The performance has been mostly degraded when 
comparing CL and IID cases. The averaged gaps for mR@20 are −2.45%
and −2.71%, for ‘Shard-IID’ and ‘Dir(𝛼 = 10)’. Each client has approxi-
mately 114 images, and due to the limited data, there appears to be 
a performance difference between the CL and IID scenarios. CL can 
collectively form a mini-batch across clients, but IID forms a mini-batch 
per client in a decentralized manner.

(ii) IID vs. Random. When data is randomly divided, it will tend to 
have a distribution close to IID so that there is a minimal performance 
drop. The averaged gaps for mR@20 are −0.32% and −0.12%, for 
‘Shard-IID’ and ‘Dir(𝛼 = 10)’, respectively. The results confirm that the 
random partitioning naively conducted in prior studies is unsuitable 
for imposing semantic heterogeneity, showing similar results as the IID 
case.

4 In Appendix C we attach additional experiments including Convergence 
behavior, Communication cost, Cluster Imbalance effect, Extension to FL 
algorithms, and various FL scenarios.
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Table 1
Comparison of the performances of PSG methods on the proposed FL benchmark.
 R/mR
@K

Method CLa Random Shard Dirichlet distribution

 IID non-IID 𝛼 = 10(≈ IID) 𝛼 = 1 𝛼 = 0.2  
 
R/mR
@20

IMP 16.54/6.55 12.45/3.08 12.62/3.20 11.26/2.28 12.31/3.36 12.10/2.92 9.31/1.78  
 MOTIFS 16.97/7.56 13.54/4.60 13.26/4.64 13.33/4.06 13.33/4.39 13.34/4.09 13.25/4.28  
 VCTree 16.80/7.20 12.73/4.38 13.00/4.57 12.49/3.99 13.00/4.42 12.86/4.36 13.06/4.17  
 GPS-Net 18.00/7.83 13.93/5.98 14.83/6.90 14.57/5.90 14.88 /6.33 14.82/6.16 14.38 /5.91 
 
R/mR
@50

IMP 17.87/6.96 13.89/3.44 13.97/3.53 12.57/2.59 13.79/3.73 13.40/3.23 10.83/2.03  
 MOTIFS 18.59/8.01 15.07/5.05 14.82/5.06 14.92/4.48 14.77/4.71 14.63/4.44 14.77/4.64  
 VCTree 18.54/7.70 14.20/4.75 14.50/4.94 14.04/4.41 14.32/4.82 14.34/4.78 14.51/4.56  
 GPS-Net 19.69 /8.30 15.63 /6.51 16.42/7.37 16.37/6.36 16.46/6.74 16.34/6.62 16.01/6.36  
 
R/mR
@100

IMP 18.37/7.11 14.46/3.56 14.45/3.65 13.06/2.68 14.48/3.89 13.92/3.35 11.25/2.10  
 MOTIFS 19.15/8.14 15.64/5.16 15.38/5.20 15.43/4.65 15.33/4.86 15.15/4.62 15.18/4.71  
 VCTree 19.02/7.82 14.69/4.87 14.97/5.05 14.62/4.54 14.87/4.97 14.90/4.90 15.03/4.68  
 GPS-Net 20.28/8.47 16.34/6.66 17.08/7.55 16.91/6.49 17.10/6.91 16.84/6.77 16.55/6.51  
Bold refers the best performance and underline denotes the 2nd performance.
a For centralized learning (CL) is with a centralized dataset without considering the FL settings.
 

(iii) IID vs. non-ID. We confirm large performance degradations 
in most cases. First, in the case of a shard-based partition, the aver-
aged gap for mR@20 is −0.77%. Second, in the case of the Dirichlet 
distribution-based partition, i.e., comparing Dir(𝛼 = 10) and Dir(𝛼 =
0.2), the averaged gap for mR@20 is shown to be −0.64%. The perfor-
mance drops from IID to non-IID reveal that PSG methods struggle to 
aggregate a global model under strong semantic heterogeneity. MOTIFS 
shows the outliers in mR, where the moderate non-IID case (𝛼 = 1) 
compared to the non-IID case (𝛼 = 0.2) shows minimal differences: 
4.09% vs. 4.28% in mR@20, and 4.62% vs. 4.71% in mR@100. It looks 
unexpected, but it is not a considerable amount. Also, we want to point 
out that when 𝛼 = 10, which is the IID case, the performance becomes 
maximized: 4.39% in mR@20 and 4.86% in mR@100, which coincides 
with our expectations. We conjecture that the behavior at the moderate 
non-IID can be a little shaky in a few cases, but it finally behaves as 
expected in the IID case. Although the results may seem unexpected, the 
differences are not significant. Notably, when 𝛼 = 10, corresponding to 
the IID case, shows the best performance: 4.39% in mR@20 and 4.86% 
in mR@100, aligning with our expectations. Based on this observation, 
we conjecture that the behavior at the moderate non-IID can be a little 
shaky in a few cases, but it behaves as expected in the IID case.

PSG Model comparisons: We discuss the robustness of the existing 
PSG methods against semantic heterogeneity. We conclude that IMP is 
relatively vulnerable in handling semantic heterogeneity in FL, i.e., a 
large gap of −1.58% for mR@20 is observed when comparing Dir(𝛼 =
10) and Dir(𝛼 = 0.2). It has a smaller model architecture and suffers 
from the long-tailed problem in the PSG dataset. We conjecture that 
the aspects of IMP lead to notable performance drops in our non-IID 
testing. VCTree includes a tree construction process trained via rein-
forcement learning, resulting in a more complex model structure than 
MOTIFS. Consequently, in the FL scenario with small-scale client data, 
its performance is degraded. Because GPS-Net employs key elements, 
e.g., DMP, NPS-loss, and ARM, to resolve the long-tailed problem, we 
conjecture that it yields the outperforming results of GPS-Net in our FL 
benchmarks.

4.3. Extension to FL algorithms

Next, we verify whether the improvements in FL algorithms stay 
valid in our benchmark. We conducted additional experiments on two 
FL algorithms employing momentum. Momentum-based update strate-
gies prove effective in maintaining local training closer to the global 
update direction. By mitigating the adverse effects of data distribution 
discrepancies, these algorithms can enhance both convergence stability 
and model performance.
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Table 2
Comparison of the FedAvg, FedAvgM, and FedAdam performances of PSG methods.
 R/mR@K Method FedAvg FedAvgM [6] FedAdam [7]
 Shard non-IID Shard non-IID Shard non-IID  
 
R/mR@20

IMP 11.26/2.28 13.23/3.83 (+1.55%) 13.32/4.78 (+2.50%) 
 MOTIFS 13.33/4.06 15.47/5.80 (+1.74%) 15.89/5.56 (+1.50%) 
 VCTree 12.49/3.99 15.39/5.66 (+1.67%) 15.53/5.09 (+1.10%) 
 GPS-Net 14.57/5.90 16.18/5.91 (+0.01%) 15.66/5.98 (+0.08%) 
 
R/mR@50

IMP 12.57/2.59 14.73/4.24 (+1.65%) 15.03/5.41 (+2.82%) 
 MOTIFS 14.92/4.48 17.23/6.23 (+1.75%) 17.66/6.01 (+1.53%) 
 VCTree 14.04/4.41 17.02/6.10 (+1.69%) 16.95/5.40 (+0.99%) 
 GPS-Net 16.37/6.36 18.00/6.33 (−0.03%) 17.31/6.42 (+0.06%) 
 
R/mR@100

IMP 13.06/2.68 15.32/4.38 (+1.70%) 15.63/5.57 (+2.89%) 
 MOTIFS 15.43/4.65 17.83/6.38 (+1.73%) 18.21/6.14 (+1.49%) 
 VCTree 14.62/4.54 17.58/6.30 (+1.76%) 17.42/5.53 (+0.99%) 
 GPS-Net 16.91/6.49 18.68/6.52 (−0.03%) 17.90/6.55 (+0.06%) 
(⋅) indicates the difference in mR@K when each algorithm is applied compared to 
FedAvg.

4.3.1. FedAvgM
We present the result of applying FedAvgM [6] in Table  2. FedAvgM 

utilizes the momentum in updating a global model on the server side 
and relieves the varying directions of local updates due to the stochastic 
variance across clients. FedAvgM updates the global model as follows:
𝑤𝑟+1

𝑔 = 𝑤𝑟
𝑔 − 𝑣𝑟, (3)

𝑣𝑟 = 𝛽𝑣𝑟−1 +
𝐾
∑

𝑘=1

𝑛𝑘
𝑛
𝛥𝑤𝑟

𝑘 (4)

where 𝛽 is the momentum hyperparameter for FedAvgM, 𝑛𝑘 is the 
number of examples, 𝛥𝑤𝑟

𝑘 is the weight update from 𝑘’s client, and 
𝑛 =

∑𝐾
𝑘=1 𝑛𝑘.

Results: FedAvgM sufficiently improves the performance of all 
methods. For R/mR@20, R/mR@50, and R/mR@100, there are aver-
age performance improvements of +1.24%, +1.27%, and +1.30% in 
the Shard-nonIID case, respectively. These performance improvements 
under FedAvgM can be attributed to FedAvgM’s momentum-based 
updates which help stabilize training by reducing local update oscil-
lations in the optimization process, leading to faster convergence and 
better generalization across heterogeneous client data. IMP, MOTIFS, 
and VCTree showed noticeable performance increases, while GPS-Net 
did not. GPS-Net in the Shard non-IID case shows a negligible gap 
(i.e., ≤ 0.03%), indicating that GPS-Net already incorporates factors that 
mitigate the effects of heterogeneity.

4.3.2. FedAdam
FedOpt [7] provides a framework for improving optimization, which

supports server-side optimization algorithms (e.g., Adam) to enhance 
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Table 3
Comparisons of FL algorithms on CelebA emotion classification (Smiling vs. Not smiling) 
task.
 Method Shard Dirichlet distribution
 IID non-IID 𝛼 = 10 𝛼 = 1 𝛼 = 0.2  
 FedAvg 90.94 (32) 90.43 (52) 91.56 (32) 91.65 (37) 91.03 (47) 
 FedAvgM 92.93 (27) 91.22 (32) 93.4 (27) 92.93 (27) 91.32 (37) 
 FedAdam 91.84 (52) 91.03 (52) 91.71 (52) 91.77 (52) 90.79 (52) 
(⋅) is the communication rounds to reach 85% Acc.

convergence and stability. This approach deals with divergent client 
data distributions and fluctuations in client participation rates. FedOpt 
uses different optimizers in local and global updates. In our case, we 
utilize the Adam [31] optimizer for global updates:

𝑚𝑟+1 = 𝛽1𝑚
𝑟 + (1 − 𝛽1)𝛥𝑤𝑟, (5)

𝑣𝑟+1 = 𝛽2𝑣
𝑟 + (1 − 𝛽2)(𝛥𝑤𝑟)2, (6)

𝑤𝑟+1
𝑔 = 𝑤𝑟

𝑔 − 𝜂 𝑚𝑟+1
√

𝑣𝑟+1 + 𝜖
, (7)

where 𝛽1 and 𝛽2 are the momentum hyperparameters, 𝜖 is a small 
constant added to the denominator to ensure numerical stability and 
prevent division by 0. We present the result of applying FedAdam in 
Table  2.

Results: FedAdam demonstrated a marginally superior performance 
improvement compared to FedAvgM. For R/mR@20, R/mR@50, and 
R/mR@100, there are average performance improvements of +1.30%, 
+1.35%, and +1.36% in the Shard-nonIID case, respectively. Interest-
ingly, FedAdam shows a noticeable performance improvement when 
combined with IMP, as shown in the table. IMP has a lower initial 
performance (based on R/mR@20, R/mR@50, and R/mR@100) when 
compared to other methods (MOTIFS, VCTree, GPS-Net). However, 
when combined with FedAdam, it showed the greatest performance 
improvement (+2.89% in R/mR@100 case). IMP simply learns by iter-
atively updating relationships between objects. IMP is prone to learning 
by being overly head-class-biased in class imbalances, and performance 
degradation is inevitable in tail classes. In this environment, FedAdam 
has most likely improved its model effectively in the tail class, where 
losses are concentrated due to the long-tailed problem. Contrary to IMP, 
GPS-Net has various strategies to solve the long-tailed problem. Similar 
to the FedAvgM experimental result, GPS-Net showed no significant 
change in performance.

We can conclude that the enhancement of FL algorithms is effective 
when dealing with scenarios involving diverse semantic information 
across clients. Furthermore, the experimental outcomes with IMP and 
GPS-Net reveal an intriguing connection: the long-tailed problem en-
countered in scene graph generation tasks shares notable similarities 
with the data heterogeneity issues faced in FL. In scenarios where scene 
graph generation tasks must be addressed in a distributed data environ-
ment, selecting a scene graph generation method with a strong strategy 
for handling long-tailed problems or choosing an FL algorithm that 
effectively deals with data heterogeneity would significantly increase 
the likelihood of simultaneously tackling both challenges.

5. Additional experiments on CelebA

To demonstrate the generalizability, we also applied our clustering 
method to the CelebA dataset, which comprises 40 attributes (e.g., Eye-
glasses, Wearing hat, Wavy hair), not a specific label.5

5 We attach the details on CelebA experiments in Appendix E.
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5.1. Construction of non-IID CelebA dataset

In prior works, the CelebA dataset is distributed only according to 
identity in a non-IID case, e.g., each client has pictures of the same 
person, which limits the method for representing a kind of non-IID 
setting. It also cannot represent practical cases, such as the contents 
of CCTV or broadcast systems. Therefore, we build a non-IID dataset 
with the following steps. First, we perform K-Means clustering with 
5 clusters. Since the attributes consist of binary values (−1, 1), we 
do not apply super-classes to preserve the meaning of each attribute. 
Second, we cluster images and allocate the cluster index to each image. 
Based on the cluster index of each image, we build non-IID cases by 
applying data partitioning methods such as shard-based and Dirichlet 
distribution-based partitions. We evaluate the classification task to 
check whether each person is smiling in Table  3.

5.2. Analysis

Similar to the result of the PSG task, it shows degradation of 
performance and a slow convergence rate in the shard non-IID case. 
For non-IID cases, including shard non-IID and Dirichlet 𝛼 = 0.2, it 
shows a slower convergence rate than IID cases. For FedAvg, a non-IID 
environment, including shard non-IID and Dirichlet 𝛼 = 0.2, leads to 
slower convergence than the IID cases, evidenced by slow convergence 
of 32→52 under Shard and 32→47 under Dirichlet-based partitions. 
For FedAvgM, it can also solve non-IID problems, where it reduces the 
communication cost by 20 more than FedAvg, especially in the Shard 
non-IID case 52→32. For FedAdam, it shows the slowest convergence 
rate, conjecturing that it is because of the global learning rate of 1𝑒−4. 

6. Conclusion

Our work takes a decisive step toward closing the gap between 
federated learning (FL) research and high-level visual understanding 
by introducing the first benchmark framework for multi-semantic vi-
sion tasks under controlled data heterogeneity. Existing approaches for 
generating data heterogeneity rely on single-label datasets and cannot 
be extended to multiple semantic collections. To overcome this limita-
tion, we propose a clustering-based scheme that groups samples based 
on the semantics of the images. This design naturally accommodates 
datasets with multiple labels per image, such as PSG and CelebA. We 
validate our framework on the PSG dataset and CelebA by partitioning 
the data according to cluster assignments and measuring convergence 
behavior. As the data heterogeneity increases, i.e., from non-IID to 
IID, training converges more slowly and shows lower final accuracy 
for both datasets, confirming the ability to construct heterogeneity. 
Furthermore, our benchmark demonstrated consistent trends with prior 
FL studies, even when extended to various FL scenarios, i.e, changes in 
participation rates and number of clusters.

While the proposed approach shows significant results, it has lim-
itations. First, determining the optimal number of clusters remains 
challenging. Second, the method assumes the availability of semantic 
annotations, which may not always be accessible.

Nevertheless, the proposed benchmark can be adopted in practical 
use. It can be extended to multi-label and structured data tasks such 
as multimodal learning, visual question answering, and relation extrac-
tion. The framework is highly applicable to domains such as broadcast-
ing and media, where centralized learning is often impractical due to 
stringent requirements regarding raw data confidentiality, intellectual 
property, and content ownership. FL with semantic-aware partitioning 
offers a collaborative model training without compromising sensitive 
media assets.
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