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Abstract

Scene Graph Generation (SGG) aims to detect all objects
and identify their pairwise relationships existing in the scene.
Considering the substantial human labor costs, existing scene
graph annotations are often sparse and biased, which result in
confusion training with low-frequency predicates. In this work,
we design a Semi-Supervised Clustering framework for Scene
Graph Generation (SSC-SGGQG) that uses the sparse labeled
data to guide the generation of effective pseudo-labels from
unlabeled object pairs, thus enriching the labeled sample space,
especially for low-frequency interaction samples. We approach
from the perspective of clustering, reducing the problem of
confirmation bias in a self-training manner. Specifically, we
first enhance the model’s robustness to feature extraction via
prototype-based clustering, aggregating different relationship
augmented features onto the same prototype. Secondly, we
design a dynamic pseudo-label assignment algorithm based
on a mini-batch, which adjusts the detection sensitivity to
different frequency samples from the historical assignment.
Finally, we conduct joint training on the pseudo-labels and the
labeled data. We conduct experiments on various SGG models
and achieve substantial overall performance improvements,
demonstrating the effectiveness of SSC-SGG.

Introduction

A scene graph (SQG) is a graphical structure including all of
the objects and their pairwise relationships, thus providing a
comprehensive and hierarchical understanding of the scene.
The SGG model is characterized by interaction relationships,
which are symbolically represented through triplets of the
form <Subject-Predicate-Object>. The culmination of these
relationships generates a well-defined graph structure that
facilitates the solution of complex computer vision tasks,
such as VQA (Zhu et al. 2020), image retrieval (Johnson et al.
2015), and image generation (Yang et al. 2022b).

Existing SGG datasets (e.g. VG) commonly suffer sparse
and biased annotation problems. Due to the substantial human
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Figure 1: Confusion training caused by the long-tail distribu-
tion and the sparse annotations, thus hindering the correct pre-
diction of low-frequency samples. (a) Relationship frequency
distribution in VG (Krishna et al. 2017). (b) Due to the insuffi-
cient samples, the confidence of low-frequency relationships
can be easily influenced by background in similar scenarios.
(c) Image with dense objects. (d) Sparse annotations result in
rich interaction relationships existing in unlabeled samples.

labor costs and apparent human preferences, it is impractical
to develop a densely and consistently annotated SGG dataset.
As shown in Fig. 1(c)(d), the image contains dense objects,
but the annotator only identifies three relationships between
object pairs, yet the image still contains a wealth of obvious
interaction information, such as sign-attached to-building
and wheel-mounted on-bike. In previous research, the com-
mon approach is to simply treat these unlabeled samples as
background during training. In this paper, we argue that this
approach has two drawbacks: 1) Confuse the training pro-
cess. When conspicuous interaction samples are not labeled,
the model is prone to predict them as background. This sit-
uation restricts the model from generating high-confidence
predictions when faced with similar scenes, thereby affecting
the final prediction results; 2) Exacerbate biased predictions
of the model. Due to the sufficient samples, high-frequency



predicates (e.g. on) can easily attain high confidence, leading
to a skew in the model parameters space. Conversely, with
their scarcity of effective samples, low-frequency predicates
(e.g. mounted on) are often mistakenly predicted as the re-
lated high-frequency predicates during confusion training.
As shown in Fig. 1(b), wheel-mounted on-bike exists in the
bottom image but is not labeled. Therefore, the model tends
to increase its confidence in the background and reduce its
confidence in the mounted on after training. Due to the long-
tail distribution in SGG dataset, the high-frequency predicate
on always maintains high confidence. When the mounted on
is disturbed by background during training, the model tends
to predict it as on, thereby exacerbating biased predictions.
The core of alleviating these two problems is to find ef-
fective interaction samples from unlabeled object pairs, es-
pecially low-frequency samples. In this paper, we propose
a novel Semi-Supervised Clustering framework for Scene
Graph Generation (SSC-SGG). The primary goal of our
framework design is: Identify and utilize unlabeled obvious
low-frequency interaction samples to enhance the overall
sample richness of the dataset. Given that clustering focuses
more on the underlying structure of data and is less sus-
ceptible to dataset bias, we design our framework based on
clustering. Unlike previous SGG frameworks, we generate
different augmentations (or “views”) for each image during
the training phase, which are then input into the model to-
gether for feature extraction. We introduce the prototypes,
which can be trained by labeled data, to ensure the local con-
sistency of features in multiple views and global consistency
between labeled and unlabeled data. Then, we further use
these prototypes to calculate the predicted logits for each
view and design a dynamic pseudo-label assignment algo-
rithm to conduct pseudo-labeling based on a mini-batch. This
algorithm uses historical assignment information to enhance
the detection sensitivity of low-frequency samples. Finally,
we perform joint training with the soft pseudo-labels and
the labeled data and employ the swap-prediction on different
views to further strengthen the robustness of feature learning.
The main contributions are summarized as follows:

* We propose a semi-supervised framework for SGG, which
uses labeled data to guide the model to mine the effective
interaction sample from unlabeled object pairs.

* We design a method for prototype-based clustering of
relationships in different views of images, which ensures
the alignment of relationships across multiple views while
enhancing the robustness of the model’s feature learning.

* We propose a dynamic pseudo-label assignment algorithm,
which uses historical assignment to enhance the model’s
sensitivity to the detection of low-frequency samples.

* The proposed SSC-SGG framework merely mines effec-
tive interaction samples from unlabeled object pairs, yet
achieves superior overall performance on various SGG
datasets, proving the importance of enhancing the overall
richness of samples for SGG.

Related Work

Scene Graph Generation. SGG aims to use a comprehen-
sive graph structure to represent a scene image. Early works
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pay more attention to exploring different networks, such as
GNN (Li et al. 2017), CRF (Cong, Wang, and Lee 2018), and
RNN/LSTM (Tang et al. 2019), to model the message-passing
mechanisms between the entities and predicates. Follow-up
works (Suhail et al. 2021; Lin et al. 2022a; Zheng et al. 2023)
focus on extracting more powerful global contextual infor-
mation. Recently, more research has shifted the attention to
the severe long-tail problem of SGG datasets, like Visual
Genome (Krishna et al. 2017) and Open Image (Kuznetsova
et al. 2020). (Tang et al. 2020) proposes the first solution
for unbiased SGG model prediction. Most works mainly
utilize re-sample (Guo et al. 2021) or re-weight (Yan et al.
2020), and their variants (Min, Wu, and Deng 2023; Jiao
et al. 2024, 2022, 2021, 2023) to alleviate biased prediction.
(Zhang et al. 2022) proposes the first method for assigning
fine-grained labels to unlabeled data. However, this label
assignment method is based on t,he pre-trained model’s pre-
diction confidence for individual relationship samples, which
is easily influenced by dataset bias. (Kim et al. 2024) per-
forms pseudo-labeling in a self-training manner; however,
this approach requires complex manual design, yet results in
slight performance enhancements. In this work, we adopt a
prototype-based clustering assignment for pseudo-label gen-
eration. , We propose a dynamic label assignment algorithm
to simultaneously assign pseudo-labels to all unlabeled sam-
ples in a mini-batch. This strategy bypasses the influence of
dataset bias and enhances the model’s detection sensitivity
to low-frequency samples, thus increasing the sample size of
low-frequency predicates.

Semi-Supervised Learning. Semi-supervised methods aim
to exploit a limited amount of annotations and large volumes
of unlabeled data. The most intuitive approach is Pseudo-
Labels (Lee et al. 2013), which continually assigns pseudo-
labels to unlabeled data using a model trained on labeled data
in a self-training manner, but this can lead to confirmation
bias (Arazo et al. 2020). To overcome this issue, researchers
have shown benefits from soft labels and confidence thresh-
olding (Arazo et al. 2020) and designed different training
strategies like model distillation (Xie et al. 2020) and consis-
tency regularization (Sohn et al. 2020; Yang et al. 2022a) to
generate more balanced and effective pseudo-labels. In this
paper, we conduct prototype-based clustering to ensure the lo-
cal consistency of multi-view features and global consistency
between labeled and unlabeled data and assign pseudo-labels
to samples through prototypes similarity.

Problem Setting and Overview

Problem Setting. The task of scene graph generation is
to parse an image / into a scene graph G = {Esup, P, Eopj 1
where E,,p, and &, ; represent the set of subject and object en-
tities, respectively. P € RC*! denotes the set of predicates
for all entity-pairs and C, is the number of predicate cate-
gories with one category reserved for background. (For sim-
plicity, we use C' = Cp, + 1 in the following.) The mainstream
SGG framework is still two-stage: first detecting objects, then
predicting relationships between them. In the first stage, a
pre-trained object detector with fixed parameters is typically
used for proposal extraction from the image, which contains
spatial, semantic, and visual information. In the next stage,



the SGG model utilizes these features to generate relationship
candidates and make predictions. A common operation is to
calculate the cross-entropy loss between the predicted logits
and the ground truth labels:

Cp

1
Erel = - 6 ;} Yk log(SOftmax(fp(p))k)>

ey

where p represents the predicate feature and f,, is a classifier.

In the SGG dataset, we generally default object pairs with-

out relationship annotations to the background, i.e., yo, which
occupies the majority of the supervised categories. Therefore,
when conducting actual predictions, we should exclude this
category to predict effective predicate labels:
Overview. In this paper, our objective is to discover valuable
interaction information from unlabeled object pairs, espe-
cially for low-frequency samples, thus enhancing the overall
sample richness of the dataset. Due to the abundance of la-
beled samples, the model can train a robust feature space for
high-frequency labels. In contrast, low-frequency samples,
with their scarcity of annotation, are highly susceptible to
interference from other predicates during the feature training
process. Therefore, by providing new low-frequency sam-
ples from unlabeled samples, we enable the model to train a
relatively robust sample space for them.

We draw inspiration from clustering-based self-supervised
learning methods. We use prototypes trained with labeled
data to cluster different relationship augmented features of all
object pairs, thus enhancing the model’s feature learning ca-
pability. Then a dynamic pseudo-label assignment algorithm
is designed to assign pseudo-labels for the entire mini-batch
from the predicted logits based on historical assignment in-
formation. Finally, we conduct joint training between pseudo-
labels and labeled data. An overview of the framework is
shown in Fig. 2.

Multi-View Prototype-based Clustering Framework

Scene images always contain a large number of unlabeled
object pairs, brimming with effective interaction information.
To distinguish them and construct connections to labeled
data, one intuitive idea is to gather the same type of interac-
tion information together. Directly using the label propaga-
tion mechanism largely relies on predicate labels, presenting
over-confidence in high-frequency predicates. Based on this
consideration, we start with feature clustering that mainly
focuses on the inherent structure of data representation. We
construct a multi-view prototype clustering framework, aim-
ing to learn connections between labeled and unlabeled data
in the feature space.

Relationship Augmentation. To fully leverage the informa-
tion within the scene, data augmentation techniques have
been widely employed at the input level. For scene graph gen-
eration, since the union boxes of all object pairs in a scene
image contain an abundance of overlapping areas, directly
augmenting each relationship separately is computationally
redundant. To reduce these redundant computations, we in-
stead augment the input image as a whole. We generate dif-
ferent views for an image and predict the relationships for
each of them. In this way, the model only needs to extract
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relationship features on the corresponding feature maps, thus
greatly reducing the computation. However, this brings an-
other problem: how do we align the multi-view relationship
prediction results? Considering the randomness of image
augmentation, we only augment the image based on the pixel
level, like ColorJitter and GaussianBlur. In addition, for dif-
ferent augmented images, a detector with fixed parameters
might predict different object proposals, which influences
the alignment of multi-view relationships. To address this
issue, as shown in Fig. 2, we only predict the proposals of one
augmented view (e.g. the first view). Then, we use these pro-
posals to extract relationships on different augmented feature
maps through Rol module, thereby automatically aligning
the multi-view relationships. Through relationship augmen-
tation, we obtain consistent multi-view initial relationship
features. We then input these features into some common-
used message-passing network (MPN), like Motifs (Zellers
et al. 2018), to conduct feature refinement.

Although relationship enhancement produces doubling
views, adding an extra 33% training time, this method further
enhances the model robustness of feature training, thereby
improving the overall performance. Additionally, it does not
require multiple views during the inference phase, thus not
affecting the inference speed, making it effective.
Prototype-based Clustering. Given the refined representa-
tions of relationships and partially labeled data, our goal is to
exploit the interaction information for unlabeled object pairs.
To achieve this, we build a set of category prototypes, which
serve as cluster centroid within the feature space. These pro-
totypes can be linked to all object pairs by considering their
feature similarity and constraining the local consistency of
multi-view relationship features. To construct prototypes, we
simply allocate a prototype for each category, which is initial-
ized as a word vector from the pre-trained GloVe (Pennington,
Socher, and Manning 2014) with a 300-dimensional feature
vector and undergoes fine-tuning with labeled data during the
pre-training phase of the model:

ar = M LP(Embed(ly)), 2)

where [}, denotes the k" relationship label and M L P is used
to map from word vector space to relationship feature space.

In our design, the prototype essentially provides a cluster
centroid for each category. To ensure the effectiveness of
clustering, we adopt prototype regularization (Zheng et al.
2023) to make the cluster centroids far apart from each other
in the feature space, which use £ ;-norm to minimize the
cosine similarity between different prototypes:

L,=1Q-Q"|21,

where Q € R*% is a {5 normalized prototype matrix.

To link samples with prototypes, we cluster the multi-view
relationship features by calculating their similarity to the pro-
totype matrix Q. Specifically, for each view, by calculating
the cosine similarity with each prototype and then conducting
normalization, we obtain the predicted logits:

3

k_ _ exp([p] ll2llakll2/7)

7’. =
C e exp(Ip] ll2llawll2/7)

“
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Figure 2: Overview of the proposed SSC-SGG framework.

where ¥ denotes the logits output of the 7** sample on the
kth category, || - ||o represents fo-norm and T is a scalar
temperature parameter. Using Eq. 4, we obtain the prototype-
based probability distributions of the two views:

0o .1 c

Tyl = [rvl’rvl’ ""T’ulp]7 (5)
0 .1 C,

Ty2 = [T1127T1;25 "'arv2p]'

These multi-view predicted logits supervise the clustering
process using a swap-prediction mode (Caron et al. 2020),
keeping prediction probability distribution consistent of the
model across different views.

Our vanilla multi-view prototype-based clustering frame-
work improves the robustness of feature learning, and links
labeled and unlabeled data in the feature space. In the next,
we further utilize these robust features to mine effective inter-
action information from a large number of unlabeled object
pairs, enhancing the diversity of samples across different
categories, especially for low-frequency samples.

Dynamic Pseudo-Label Assignment
Given the predicted logits of relationships for each view from
Eq. 5, a direct strategy to conduct pseudo-label assignment is
to choose the category with the highest confidence. However,
under the long-tail data distribution of SGG datasets, this
approach inevitably exacerbates the model’s preference for
high-frequency predicates. A common way to alleviate this
phenomenon is threshold controlling, but it usually requires
tedious manual design. To automatically and reasonably se-
lect effective and balanced unlabeled interaction samples, we
consider a pseudo-label assignment in a holistic way and
conduct it across the entire samples in a mini-batch instead of
individual ones. To guarantee a balanced assignment across
samples, we impose regularization constraints.

The pseudo-label assignment is formulated as the follow-
ing optimal transport problem (Cuturi 2013):

argmax Tr(YTX) + AH(Y),
Yeu

where X € RV*¢ is a predicted logits matrix, Y € RV*¢ is
exactly the optimal assignment matrix what we need to solve
for. H(Y) = —>_,; Yi;log Y;; is an entropy regularization
term used to constrain smooth category assignment and avoid
trivial solutions. { is the constraint conditions defined as:

N
U={Y eRY* | Y1c=1n,Y 1y = C1C}, (7

(6
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Algorithm 1: Dynamic Label Assignment Algorithm

Input: X € RNVxC. predicted logits; ¢: iteration times;
Output: Y € RV*C: assignment soft pseudo-labels;
1Y = exp( )\T)
Y =Y/sum(Y)
set = ones(N), ¢ = ones(C)
calculate w from Eq. 8
for i from 1 to ¢ do
u="TY.sum(l) xw
Y =Yx*c/u
Y =Y *x7/Y.sum(0)
end for
return Y7

N
C

VXN E LD

—_

where 1, denotes the ones vector in dimension V. Eq. 7 en-
forces that on average each category is selected N/C' times in
a mini-batch while the assignment for single sample satisfies
the probability distribution.

Under long-tail data distribution, the assignment rule sat-
isfying Eq. 7 improves the detection sensitivity of low-
frequency samples. After pre-training the SGG model with
biased data, the model is prone to generating higher con-
fidence for high-frequency predicates. For high-frequency
predicates, the constraint of Eq. 7 forces the algorithm to
assign an average lower value to these samples. For low-
frequency predicates, this constraint amplifies interaction
samples that probably contain this type of relationship. Since
other samples hardly have this relationship and the predicted
confidence is extremely low, the algorithm needs to increase
its assignment weight to satisfy Y71y = X 1¢.

Although Eq. 6 ensures the detection sensitivity to low-
frequency samples, we find that this static assignment method
still harbors some biases. In Fig. 4, we intuitively demon-
strate this bias: it lacks the ability to correct itself and will
only assign an increasing number of samples to the preferred
categories, leading to another form of data bias. To over-
come this issue, we further propose a dynamic assignment
mechanism. We consider dynamically adjusting the weight
constraint of Eq. 7 based on historical assignment statistics:

®)

w

wk:(sz*fk—i—l)”, w:%,

h

sy represents the average assignment count for the Eth



Baseline | Methods | PredCls | SGCls | SGDet

| |R@50/100 mR@50/100 M@50/100 | R@50/100 mR@50/100 M@50/100 | R@50/100 mR@50/100 M@50/ 100

Baseline 65.2/67.5 153/17.0 40.3/42.3 | 39.1/39.9 8.0/8.5 23.6/24.2 | 32.1/36.9 55/6.8 18.8/21.9

TDE (Tang et al. 2020) 46.2/51.4 25.5/29.1 3597403 | 27.7/29.9 13.1/14.9 20.4/224 | 16.9/20.3 8.2/9.8 12.6/15.1

NICE (Li et al. 2022) 55.1/57.2 29.9/32.3 42.5/44.8 | 33.1/34.0 16.6/17.9 249/26.0 | 27.8/31.8 12.2/14.4 20.0/23.1

Motifs IETrans* (Zhang et al. 2022) | 54.7/56.7 30.9/33.6 42.8/45.2 | 32.5/33.4 16.8/17.9 24.7/25.7 | 26.4/30.6 12.4/149 19.4/22.8
CFA (Li et al. 2023) 54.1/56.6 35.7/38.2 449/474 | 349/36.1 17.0/18.4 26.0/27.3 | 27.4/31.8 13.2/155 20.3/23.7

ST-SGG* (Kim et al. 2024) | 63.4/654 22.4/24.1 429/448 | 36.8/37.8 12.1/12.8 2457253 | 29.7/34.8 8.5/10.1 19.1/22.5
SSC-SGG* 59.7162.0 31.5/34.0 45.6/48.0 | 37.4/38.5 17.8/18.9 27.6/28.7 | 28.6/33.0 12.3/144 20.5/23.7

Baseline 66.2/68.1 14.9/16.1 40.6/42.1 | 4057414 75179 24.0/24.7 | 31.5/36.2 57769 18.6/21.6

TDE (Tang et al. 2020) 47.2/51.6 25.4/28.7 36.3/40.2 | 25.4/279 12.2/14.0 18.8/21.0 | 19.4/23.2 9.3/11.1 144/17.2

NICE (Li et al. 2022) 55.0/56.9 30.7/33.0 42.9/45.0 | 37.8/39.0 19.9/21.3 28.9/30.2 | 27.0/30.8 11.9/14.1 19.5/225

VCTree IETrans* (Zhang et al. 2022) | 53.0/55.0 30.3/33.9 41.7/45.0 | 32.9/33.8 16.5/18.1 24.7/26.0 | 254/29.3 11.5/14.0 18.5/21.7
CFA (Li et al. 2023) 547/575 345/372  446/474 | 424/435 191/208  308/322 | 27.1/312  13.1/155  20.1/23.4

ST-SGG* (Kim et al. 2024) | 64.2/66.2 21.5/229 429/446 | 37.5/38.4 12.0/12.5 24.8/25.5 | 30.4/34.7 8.7/10.1 19.6/22.4
SSC-SGG* 59.5/61.7 31.1/334 45.3/47.6 | 429/443 21.7/23.2 32.3/33.8 | 28.2/325 12.7/14.6 20.5/23.6

Baseline 65.1/66.8 16.1/17.7 40.6/42.3 | 38.4/39.1 9.2/10.0 23.8/24.6 | 31.2/35.6 72/84 19.2/22.0

CogTree (Yu et al. 2020) 38.4/39.7 28.4/31.0 33.4/354 | 22.9/234 15.7/16.7 19.3/20.1 19.5/21.7 11.1/12.7 153/17.2
Transformer | I[ETrans* (Zhang et al. 2022) | 51.8/53.8 30.8/34.7 413/443 | 32.6/335 14.7/19.1 23.7/26.3 | 255/29.6 12.5/15.0 19.0/22.3
CFA (Li et al. 2023) 59.2/61.5 30.1/33.7 44.7/47.6 | 36.3/37.3 157/17.2 26.0/27.3 | 27.7/32.1 12.3/14.6 20.0/234
SSC-SGG* 60.1/62.3 31.5/33.8 45.8/48.1 | 37.3/38.4 18.6/19.9 28.0/29.2 | 28.9/33.0 1237144 20.6 /23.7

Table 1: Comprehensive comparison on VG150 with state-of-the-art methods based on ResNeXt-101-FPN backbone. The best
and second-best is highlighted in bold and underlined, respectively. * denotes pseudo-labeling-like method.

category in the most recent h mini-batches. fi
—log(nk /niotal) is a frequency factor used to give lower-
frequency categories larger weight and o is a smooth factor.
In order to make the two constraints in Eq. 7 compatible after
re-weighting, we need to normalize the weights to have an
average of 1.0.

After replacing % with w% in Eq. 7, Eq. 6 will adjust the
assignment weight based on the historical assignment infor-
mation of the current mini-batch. A portion of low-frequency
samples will gradually reduce their weight as the number
of assignments increases, thus allowing other low-frequency
samples to be assigned. The solution Y* of Eq. 6 can be
solved by the iterative Sinkhorn-Knopp algorithm (Cuturi
2013) shown in Algorithm 1. Y* € RVX® is exactly the
normalized soft pseudo-labels to all samples in a mini-batch
after assignment. We take the top-n samples with the high-
est confidence for pseudo-labeling and keep the remaining
samples as background.

Swap-Joint Training
Finally, we conduct multi-task joint training with the pseudo-
labels and the labeled data:

k k k k
Lu(z) = _(Z y1(12) log 331(;1) + Z 3/1(;1) log xq(;z))a (€))
k k

L=Ly+Li+ Ly, (10)

where £, and £, represent the loss of unlabeled and labeled
data respectively, which optimize with the same cross-entropy
loss. In Eq. 9, we leverage the swap-prediction (Caron et al.
2020) to ensure the local consistency of multi-view relation-
ship features during the clustering process.

Experiments
Experimetal Setup

Dataset. We evaluate our proposed SSC-SGG frame-
work on two common-used SGG datasets, i.e., Visual
Genome (VG) (Krishna et al. 2017) and Open Image
(OI) V6 (Kuznetsova et al. 2020). Following previous

Models | mR@50 R@50 | WMAP | pne
| | rel phr |

RelDN (Zhang et al. 2019) 33.98 73.08 | 32.16 33.39| 40.84
RU-Net (Lin et al. 2022b) - 76.90 | 3540 3490 | 43.50
PE-Net (Zheng et al. 2023) - 76.50 | 36.60 37.40 | 44.90
SGTR+ (Li, Zhang, and He 2023) | 42.70  72.16 | 39.54 41.53| 45.59
Baseline 32.68  71.63 |29.91 31.59| 38.93
+TDE 35.50  69.30 | 30.70 32.80 | 39.30
Motifs +ST-SGG 34.10 71.80 | 31.10 32.50 | 39.80
+MPC 39.83 76.62 | 38.13 39.53 | 46.21
+SSC-SGG 42.48 75.11 | 36.97 38.20 | 44.69
Baseline 32,12 7478 | 33.71 34.59| 42.19
Transformer +MPC 38.51  76.03 |39.27 4038 | 47.02
+SSC-SGG 44.26 7490 | 38.07 39.08 | 45.61

Table 2: SGDet comparison on Open Image V6 dataset.

work (Zellers et al. 2018; Tang et al. 2019), We adopt the most
popular pre-processed VG150 including 108k images, the
most frequent 150 object classes, and 50 predicate categories.
For OI V6, we follow the same data pre-processing and eval-
uation protocols utilized in (Li et al. 2021; Lin et al. 2022a),
including 602 object classes and 30 predicate categories.

Tasks and Evaluation Metrics. The scene graph generation
is divided into three sub-tasks with the acquisition of objects:
Predicate Classification (PredCls) that takes ground truth ob-
ject detection as inputs; Scene Graph Classification (SGCls)
gives ground truth bounding boxes; and Scene Graph Detec-
tion (SGDet) detect the whole scene graph from the scratch.
To estimate the performance, we use Recall@K (R@K),
mean Recall @K (mR@K), and M@K as evaluation met-
rics. The M@K is defined as the mean of R@K and mR@K,
which reflect the comprehensive performance of the model.

Implementation Details: For the object detector selection,
we utilize the pre-trained Faster R-CNN (Ren et al. 2015)
with ResNeXt-101-FPN (Xie et al. 2017) and freeze the
model parameters during training. In dynamic pseudo-label
assignment algorithm, we set the regularization coefficient
A = 0.05, the number of iterations ¢ = 3, and the smooth fac-
tor o = 0.5. Then, we pseudo-label the top-5 samples (n = 5)
with the highest assignment confidence scores for each image
on average. The model is trained by an SGD optimizer with
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Module | PredCls |

SGCls \ SGDet

MPC DLA | R@50/100 | mR@50/100 | M@50/100 | R@50/100 | mR@50/100 | M@50/100 | R@50/100 | mR@50/100 | M@50/100

65.2/67.5
65.7/67.8
59.77162.0

15.3/17.0
20.2/22.1
31.5/34.0

40.3/42.3
43.0/45.0
45.6/48.0

X
v
v

X
X
v

39.1/39.9
40.4/41.4
37417385

8.0/8.5 23.6/24.2 | 32.1/36.9 55/6.8 18.8/21.9
12.1/132 | 263/27.3 | 31.8/36.2 79793 19.9/22.8
17.8/189 | 27.6/28.7 | 28.6/33.0 | 123/144 | 20.5/23.7

Table 3: Ablation study of the framework components. None of them denotes the vanilla Motifs (Zellers et al. 2018).
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Figure 3: The performance of predicate classes on Re-
call@100 (bar graph) and the assignment times in the whole
semi-supervised training process (line graph).

60k iterations. The initial learning rate is 1.0 x 103 with
being decayed by a factor of 10 at 28k and 48k iterations. The
pre-training process is executed for the 50k iterations using
proposed multi-view prototype-based clustering framework
without pseudo-labels, followed by semi-supervised training
for the subsequent 10k iterations. The batch size is set to 8.
All our experiments are conducted using a RTX A5000 GPU.

Performance Comparisons

Visual Genome. We apply our semi-supervised frame-
work to various popular baseline models including Mo-
tifs (Zellers et al. 2018), VCTree (Tang et al. 2019), and
Transformer (Vaswani et al. 2017). As shown in Table 1,
compared with vanilla baseline models, the SSC-SGG frame-
work average outperforms with 13.4%, 24.7%, and 8.4%
increment on M@ 100 across PredCls, SGCls, and SGDet
tasks in three baseline models. SSC-SGG achieves signifi-
cant improvements in mR@XK while maintaining relatively
high R@K performance, which indicates that SSC-SGG pro-
vides a beneficial boost to the prediction results, i.e., achiev-
ing model de-biasing without sacrificing the performance of
high-frequency predicates.

Furthermore, our proposed SSC-SGG framework
doesn’t apply any de-biasing operations to the labeled
data, but merely mines effective interaction samples from
unlabeled object pairs, yet it achieves state-of-the-art com-
prehensive performance, i.c., M@K, in most sub-tasks.
In particular, compared with the previous SOTA method
CFA (Li et al. 2023), the SSC-SGG average outperforms
with 2.7%, 5.7%, and 0.7% increment on M@ 100 across all
sub-tasks. In addition, compared with SOTA pseudo-labeling
methods, i.e., [ETrans (Zhang et al. 2022) and ST-SGG (Kim
et al. 2024), SSC-SGG shows a huge performance gain with
average 10.2% and 11.8% on M@ 100, which powerfully
proves that SSC-SGG possesses a strong ability to mine ef-
fective interaction samples from unlabeled object pairs.
Open Image. We further verify the generalization of our
proposed method on Open Image V6 (OI V6) (Kuznetsova
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et al. 2020). Following (Li et al. 2021), we use the mean
Recall@50 (mR @50), Recall@50 (R@50), weighted mean
AP of relationships (wmAPrel), and weighted mean AP of
phrase (wmAPphr) as evaluation metrics. Following stan-
dard evaluation metrics of Open Images, the weight metric
Scoreqyiq 1s computed as scoreqyig = 0.2 X RQ50 + 0.4 X
wmAPye; + 0.4 X wmAPy,. As shown in Table 2, our
Multi-view Prototype-based Clustering (MPC) framework
shows superior performance compared with baseline models,
Motifs and Transformer, demonstrating good generalization
of MPC framework. After applying the dynamic pseudo-label
assignment algorithm, the framework achieves significant im-
provements on mR @50, which indicates that our proposed
pseudo-labeling algorithm can effectively exploit useful low-
frequency interaction samples.

Ablation Study and Model Analysis

We further conduct a detailed ablation study over components
in our framework and show the performance gain in Table 3.
MPC and DLA are the abbreviation of Multi-view Prototype-
based Clustering framework, and Dynamic pseudo-Label
Assignment, respectively. None of them denotes the vanilla
Motifs (Zellers et al. 2018).

Analysis on Components. As shown in Table 3, we quantita-
tively verify the effectiveness of each component. Compared
to the vanilla Motifs, utilizing the proposed MPC framework
achieves an average improvement of 40.7% and 7.8% on
mR@K and M@K respectively, and maintains equal or even
better performance on R@K. It convinces that the proposed
MPC framework constrains the local feature consistency of
multi-view samples and the distinctiveness of features among
samples of different categories through the prototypes, en-
hancing the robustness of the feature learning. We then apply
the proposed dynamic pseudo-label assignment algorithm
to this framework. As shown in Fig. 3, the performance of
low-frequency predicates has significantly improved, which
further improves the overall performance on M@K by 5.2%
on average. This proves that our method successfully mines
effective low-frequency samples from unlabeled object pairs,
enhancing the overall sample richness while hardly interfer-
ing with the training of high-frequency samples.

Discussion on Label Assignment Methods. We discuss the
impact of different pseudo-label assignment methods on the
overall performance in Table 4. We design three strategies.
Static hard label indicates that we convert the soft pseudo-
labels into one-hot encoded hard labels, while static soft
label retains the obtained soft labels. Dynamic soft label is
our proposed DLA algorithm, adjusting weights based on
historical assignment information. Compared to the use of
hard pseudo-labels, soft labels show a huge advantage in
performance. This may be because soft labels provide more



Method | PredCls

| R@50/100 | mR@50/100 | M@50/100
no assignment | 65.7/67.8 | 20.2/22.1 | 43.0/45.0
static hard label 57.6/60.9 | 27.2/29.6 | 42.4/453
static soft label 60.8/63.5 | 28.2/30.8 | 44.5/472
dynamic soft label | 59.7/62.0 | 31.5/34.0 45.6 / 48.0

Table 4: Performance on different label assignment methods.

Static Label Assignment Times Dynamic Label Assignment Times
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Figure 4: Statistics on the assignment times of the selected
typical high (on, in), medium (riding, watching), and low-
frequency (mounted on, flying in) predicates using static (left)
and dynamic (right) label assignment methods.

probabilistic information, which is more in line with the rela-
tionship prediction environment. In addition, our proposed
DLA algorithm significantly improves the mR @K while re-
taining the R@K. Fig. 4 shows the statistics of the label
assignment times for each category in the semi-supervised
training process both in static and dynamic methods. The
static assignment method, as training proceeds, assigns more
frequently to some predicates with medium-frequency, like
riding and watching, but rarely caters to low-frequency sam-
ples. This results in another form of data bias, where the
medium-frequency predicates upgrade to high-frequency, but
the low-frequency samples remain unchanged. However, the
dynamic method effectively avoids this problem. As shown in
Fig. 4 (right), it can cater to low-frequency predicates, while
reducing the assignment times for high-frequency predicates.
Fair comparison with other pseudo-labeling methods in
SGG. To fairly compare with other pseudo-labeling methods
in SGG, we also test the proposed dynamic label assignment
(DLA) algorithm on vanilla Motifs framework. As shown
in Table 5, compared with existed SGG pseudo-labeling
methods, IETrans (Zhang et al. 2022) and ST-SGG (Kim
et al. 2024), DL A shows the best overall performance in
all sub-tasks and exhibits significant marginal gains on
PredCls and SGCls tasks. We attribute this to our designed
holistic assignment scheme, which not only shows more
flexible and balanced assignment but also reduces the manual
design of algorithmic strategies. We conduct detailed ablation
studies on DLA algorithm in the supplementary materials.

Discussion on Multi-View Setting. In the SSC-SGG frame-
work, we enhance the features of the relationships by in-
troducing multi-view clustering, thereby improving the ro-
bustness of model training. To validate the effectiveness of
this scheme, we maintain the contrastive learning of relation-
ship features and prototypes but only enhance the features
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Method | PredCls | SGCls | SGDet

| M@50/100 | M@50/100 | M@50/100
vanilla \ 40.3/42.3 \ 23.6/24.2 \ 18.8/21.9
IETrans 42.8/45.2 24.7125.7 19.4/22.8
ST-SGG 42.9/44.8 24.5/25.3 19.1/22.5
DLA (Ours) | 44.9/47.6 | 26.8/27.9 | 19.6/22.9

Table 5: Comparison with other pseudo-labeling methods in
SGG under vanilla Motifs.

Method | PredCls | SGCls | SGDet
| M@50/100 | M@50/100 | M@50/100
multi-view pre-trained 43.0/45.0 | 26.3/27.3 | 19.9/22.8
pseudo-label | 45.6/48.0 | 27.6/28.7 | 20.5/23.7
single-view Pre-trained 43.0/45.1 | 262/273 | 19.7/22.6
& pseudo-label | 44.5/47.0 | 27.1/28.5 | 19.6/22.8

Table 6: Performance of no relationship augmentation (single-
view) compared with multi-view scheme.

in a single view. In Table 6, we present the performance of
pre-trained model and after pseudo-labeling. Firstly, only con-
ducting multi-view feature enhancement on the framework
almost has no performance gain. We argue the reason as two
folds: 1) All unlabeled samples are assumed to come from the
background in the pure framework, consequently, there are
no distinctive features that need to be learned. 2) Since the
background has a very large number of samples, multi-view
clustering does not bring much value. Secondly, when we
apply the multi-view framework in a semi-supervised envi-
ronment, we obtain an obvious performance gain compared
to the single-view framework. This is mainly because the
objects of clustering are not just the background, but also a
certain proportion of pseudo-samples. These samples con-
tain a lot of low-frequency interaction information, which
helps the model train a robust feature space for low-frequency
categories, thus improving the final performance.

Conclusion

In this paper, considering the biased and sparse annota-
tion problems existing in the SGG dataset, we construct a
clustering-based semi-supervised framework for SGG, which
utilizes the labeled data to mine effective interaction infor-
mation from a large number of unlabeled object pairs. These
pseudo-labels enrich the original sparse labeled sample space,
especially for low-frequency samples. We first design a multi-
view prototype-based clustering framework to enhance the
robustness of feature learning and ensure the feature con-
sistency between unlabeled and labeled data through proto-
types. Then, we propose a dynamic pseudo-label assignment
algorithm, which adjusts the detection sensitivity to low-
frequency interaction samples based on historical assignment
information, thereby discovering more balanced and effective
low-frequency samples. Finally, we use a swap-joint training
strategy to guide the clustering process with labeled data.
The results show that our proposed framework significantly
improves the comprehensive performance of SGG.
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