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Abstract

Scene Graph Generation (SGG) aims to capture the semantic
information in an image and build a structured representation,
which facilitates downstream tasks. The current challenge in
SGQG is to tackle the biased predictions caused by the long-
tailed distribution of predicates. Since multiple predicates
in SGG are coupled in an image, existing data re-balancing
methods cannot completely balance the head and tail predi-
cates. In this work, a decoupled learning framework is pro-
posed for unbiased scene graph generation by using attribute-
guided predicate features to construct a balanced training
set. Specifically, the predicate recognition is decoupled into
Predicate Feature Representation Learning (PFRL) and predi-
cate classifier training with a class-balanced predicate feature
set, which is constructed by our proposed Attribute-guided
Predicate Feature Generation (A-PFG) model. In the A-PFG
model, we first define the class labels of (subject-predicate-
object) and corresponding visual feature as attributes to de-
scribe a predicate. Then the predicate feature and the at-
tribute embedding are mapped into a shared hidden space by
a dual Variational Auto-encoder (VAE), and finally the syn-
thetic predicate features are forced to learn the contextual in-
formation in the attributes via cross reconstruction and dis-
tribution alignment. To demonstrate the effectiveness of our
proposed method, our decoupled learning framework and A-
PFG model are applied to various SGG models. The empirical
results show that our method is substantially improved on all
benchmarks and achieves new state-of-the-art performance
for unbiased scene graph generation. Our code is available
at https://github.com/wanglei0618/A-PFG.

Introduction

Scene Graph Generation (SGG) aims to capture the se-
mantic information in an image by detecting visual objects
and their relationships, as shown in Figure 1(a). The struc-
tured (subject-predicate-object) triplet of the scene graph
can bridge the gap between vision and language, which is
beneficial for many downstream visual understanding tasks,
such as image captioning (Zhong et al. 2020), visual ques-
tion answering (Hudson and Manning 2019), image retrieval
(Johnson et al. 2015), and image generation(Johnson, Gupta,
and Fei-Fei 2018).
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Figure 1: (a) The head (“has, wearing”) and tail (“riding”)
predicates are coupled in the image. (b) The long-tailed dis-
tribution of predicates in the Visual Genome (VG) dataset.
(c) Our approach constructs a class-balanced predicate fea-
ture training set by the attribute-guided predicate feature
generation model for unbiased scene graph generation.

However, the current scene graph generation suffers from
the problem of biased predictions due to the long-tailed dis-
tribution of predicates in the dataset. As shown in Figure
1(b), the annotations in the commonly used Visual Genome
(VG) dataset (Krishna et al. 2017) mainly concentrate on a
few head predicates and are much sparse on most tail pred-
icates. The long-tailed distribution results in coarse-grained
head classes (e.g., on/has) dominating the predictions, while
tail classes (e.g., wears/riding) containing more fine-grained
semantic information are difficult to be predicted.

Recently, many de-biasing strategies have been intro-
duced for unbiased scene graph generation, such as causal
analysis (Tang et al. 2020) and loss re-weighting (Yan et al.
2020; Yu et al. 2020). However, the data re-balancing meth-
ods commonly used in long-tailed recognition (Zhou et al.
2020), such as re-sampling and data augmentation, are rarely
applied to SGG. This is attributed to the fact that the head



and tail predicates are coupled in the image. As shown in
Figure 1(a), the tail predicate (“riding”) and multiple head
predicates (“has, wearing”) are coupled in the image. Conse-
quently, the image-level data re-balancing methods will in-
troduce more head predicates when enhancing the tail pred-
icate in that image and cannot obtain a balanced predicate
distribution. Therefore, we propose a decoupled learning
framework for unbiased scene graph generation to separate
the different predicates in an image to achieve predicate
features re-balancing. Specifically, the predicate recognition
is decoupled into Predicate Feature Representation Learn-
ing (PFRL) and predicate classifier training with a balanced
predicate feature set. We first learn the representation of
predicate features in the original imbalanced dataset based
on our PFRL model, and then construct a class-balanced set
by our predicate feature generation model to fine-tune the
predicate classifier. Equipped with our decoupled learning
framework, data re-balancing strategies for unbiased SGG
can be implemented based on the predicate features.

Since the predicates (e.g., “riding”) in scene graphs are
built within the context of subjects (e.g., “man’) and objects
(e.g., “motorcycle”), prevalent generative methods (Schon-
feld et al. 2019; Xian et al. 2019) that use only class la-
bels as conditions to generate predicate features are inade-
quate. Therefore, we propose an Attribute-guided Predicate
Feature Generation (A-PFG) model, which can guide syn-
thetic predicate features to learn the contextual information
of predicates via attributes. Specifically, the class labels of
(subject-predicate-object) and corresponding visual feature
are define as attributes to describe a predicate. Then, the
A-PFG model maps the predicate feature and the attribute
embedding into a shared hidden space by a dual Variational
Auto-encoder (VAE), and forces the predicate feature gener-
ator to learn the common information contained in predicate
features and attributes via cross reconstruction and distribu-
tion alignment.

We demonstrate the efficacy of our decoupled learning
framework and A-PFG model by applying them to multi-
ple representative SGG models. The results show that the
proposed method improves significantly on all benchmarks
and achieves new state-of-the-art performance on our PFRL
model for unbiased scene graph generation. The main con-
tributions of this work are summarized as follows:

* A decoupled learning framework is proposed to solve the
multiple predicates coupling problem. With our frame-
work, data re-balancing can be achieved based on predi-
cate features for unbiased scene graph generation.

* An attribute-guided predicate feature generation model
is developed to synthesize the tail predicate features to
alleviate the long-tail problem.

Related Works

Scene Graph Generation Early works (Xu et al. 2017;
Zellers et al. 2018; Tang et al. 2019) in scene graph gen-
eration were devoted to sophisticated architecture design or
contextual feature fusion strategies. However, those methods
suffer from the biased predictions induced by the long-tailed
distribution of predicates. Therefore, many recent works
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(Desai et al. 2021; Chen et al. 2022) attempt to address the
long-tail problem for unbiased scene graph generation, for
example, TDE (Tang et al. 2020) eliminates prediction bias
through causal analysis, Cogtree (Yu et al. 2020) utilizes
cognitive tree loss to achieve unbiased prediction, BGNN
(Li et al. 2021) balances the head and tail predicates by bi-
level re-sampling. Unlike the above works of unbiased SGG,
which directly recognize the predicates of object pairs in the
imbalanced dataset, we extract predicate features by pred-
icate feature representation learning, and then fine-tune the
predicate classifier with a balanced predicate feature set con-
structed by our generative model.

Imbalanced Learning Imbalanced learning methods can
be broadly divided into two categories: Data Re-balancing
is a prevalent strategy to balance the data by oversampling
and undersampling. Oversampling can be implemented with
duplicate samples (Zhou et al. 2020) or synthetic data (Xian
etal. 2019). Loss Re-weighting forces the classifier to focus
on tail classes by assigning higher costs to tail samples. The
weights for each class can be determined by prior knowl-
edge, for example, class balanced weight (Cui et al. 2019)
uses the inverse effective number of samples. In this work,
the proposed method lies in the data re-balancing, where a
decoupled learning framework is presented to address the
problem of inaccessible data re-balancing in SGG due to
multiple predicates coupled in the image. Then a balanced
training set can be constructed based on the predicate fea-
tures to achieve accurate recognition of the tail predicates.

Generative Model The generative model aims to learn the
probability distribution of data points to perform data aug-
mentation by random sampling. Then the imbalance classi-
fication problem can be solved with a balanced dataset con-
structed by the synthetic samples. The commonly used gen-
erative model consists of Generative Adversarial Networks
(GANs) (Goodfellow et al. 2014) and Variational Auto-
encoder (VAE) (Kingma and Welling 2013). Many gener-
ative models (Schonfeld et al. 2019; Xian et al. 2019) have
been applied to imbalance learning by synthesizing visual
features. All the above generative models use class labels
or fixed class attributes as conditions to synthesize images
or visual features, but since the predicate in SGG is built in
contextual information, an attribute-guided predicate feature
generation model is developed in this work, which synthe-
sizes predicate features that contain contextual information
by attribute guidance.

Method

Problem Formulation Given an image Z, the task of
scene graph generation is to predict a scene graph G =
{O, R}, where O = {o0;}, is a set of n objects in the
image and R = {ry} 7", is the set of relationships between
m pairs of objects. The set of objects O can be further de-
composed into a set of bounding boxes B = {b;}?_, and a
set of class labels C = {c¢;};, and then the possibility of
generating a scene graph G from an image Z can be formu-
lated as

Pr(G|T) = Pr(B|T)Pr(C|Z, B)Pr(RIZ,B,C) (1)



where Pr(B|Z) represents object proposals generation from
input image, Pr(C|Z,B) and Pr(R|Z,B,C) denote object
classification and relationship prediction, respectively. In ad-
dition, since each relationship 7, = (0;, pi,0;) is a triplet
(subject,predicate,object) format, the relationship prediction
Pr(R|Z, B,C) is equivalent to recognize the predicate label
pi. between subject o; and object 0;.

Method Overview We first use the Predicate Feature Rep-
resentation Learning (PFRL) model to extract predicate fea-
tures, and then synthesis tail predicate features based on
the Attribute-guided Predicate Feature Generation (A-PFG)
model to construct a balanced training set to fine-tune the
predicate classifier.

Predicate Feature Representation Learning

The architecture of our PFRL model is summarized in Fig-
ure 2, which is composed of the object detector, the object
encoder, the predicate encoder, and the predicate classifier.
We utilize a pre-trained Faster RCNN (Ren et al. 2015) as
object detector to generate a set of object proposals from im-
age Z. For each object proposal, it provides a visual feature
v;, the bounding box coordinates b;, and an initial object
label prediction Y.

Object Encoder (OE) Our object encoder used to pre-
dict object labels consists of a stack of transformer encoders
(Vaswani et al. 2017). Each transformer encoder accepts
input encodings and weighs their relevance to each other
to generate output encodings by self-attention mechanism.
With the object proposals, the refined object feature f; used
to predict the object labels is formulated as

f; = OE([vi, pos(b;), emb(c})]) 2

where [-,-] denotes the concatenation operation, pos is a
fully-connected layer for object position encoding, emb is
a pre-trained Glove language model to acquire the word em-
bedding. Subsequently, the final object label prediction ¢;
can be calculated by the refined object feature f;.

Predicate Encoder (PE) In order to encode the predicate
features, we first use the predicate encoder, which is also
composed of a stack of transformer encoders, to obtain the
context-aware object feature e; as follows:

Then the predicate feature ry between subject feature e; and
object features e; are given as

ri, = LeakyReLu(W,. [V, [e;, e;]u,;, e;, e;]) %)

where W, is a linear transformation layer used to compress
the predicate features, u,; is the union visual feature of sub-
ject o; and object o4, and W, is a fully-connected layer to
weight the union visual feature.

Predicate Classifier (PC) Finally, the predicate feature ry
is used to recognize predicate label pj, as follows:

By, = Softmax(Wo,ry) 5)

where W, is the parameter of predicate classifier.
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Since the prediction of the predicate classifier trained on
the original imbalanced dataset is dominated by the head
predicates, a balanced set of predicate features needs to
be built to fine-tune the classifier for unbiased prediction.
Therefore, we extract the set of all predicate features R/ =

{rk},iv:f 1 from the original dataset based on the PFRL model
to train the A-PFG model and construct the balanced set.

Attribute-Guided Predicate Features Generation

To provide contextual guidance for predicate feature gen-
eration, the labels of (subject-predicate-object) and corre-
sponding visual feature are defined as attributes to synthe-
size predicate features. Then, the attributes are compressed
as predicate attribute embedding input to the A-PFG model
as follows:

(6)

where py, is the label of predicate, ¢; and ¢; are the predicted
labels of subject and object, respectively, u;; is the union vi-
sual features, W, is a fully-connected layer to encode pred-
icate attributes, and ¢ is a one-hot function.

A-PFG Model As shown in Figure 3, the A-PFG model
contains two Variational Auto-encoder (VAE) (Kingma and
Welling 2013). The attribute VAE uses the Predicate At-
tribute Encoder (PAE) to receive the attribute embedding a
to map into an attribute latent variable z, = PAE(a) and
reconstruct attribute embedding a, = PAD(z,) by the Pred-
icate Attribute Decoder (PAD). The feature VAE uses Pred-
icate Feature Encoder (PFE) to receive the predicate feature
r to map into a feature latent variable z, = PFE(r) and re-
construct predicate feature ¥, = PFD(z,., a) by the Predicate
Feature Decoder (PFD) conditioned on a.

To capture the common information between predi-
cate features and attributes, the A-PFG model uses cross-
reconstruction and distribution alignment to learn the rep-
resentation of cross-modal data in the shared latent space.
Therefore, each decoder in A-PFG decodes the latent vari-
able from another modal encoder to obtain the cross recon-
struction. The cross-reconstructions of predicate attribute
embedding and predicate feature are denoted as a,
PAD(z,) and t, = PFD(z,, a), respectively.

ag = Wa[@(pk)v (P(éi)> @(éj)’ uij]

A-PFG Training All predicate feature set and corre-
sponding attributes are used to train the A-PFG model. The
training loss £ 4.pprg is composed of the basic VAE loss
Lv AEg, the cross-reconstruction loss £c_g. and the distribu-
tion alignment loss L£p 4 as follows:

)

where « and § are hyper-parameters weighting Lo g. and
Lpa, respectively. The basic VAE loss is the sum of attribute
VAE loss and feature VAE loss as follows:

Laprc=Lvag+YLc-re +0LDA

Lyap =lla— || + r £
— (D1 (PAE(zala) |po (2.)

+ Dici (PFE(z, 1) [po(2,)))

®)
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Figure 2: Overall pipeline of our decoupled learning framework. (a) The Predicate Feature Representation Learning (PFRL)
model; (b) The predicate classifier fine-tuning for unbiased scene graph generation by using a balanced predicate feature training
set. The Predicate Feature Generator (PFG) corresponds to the Predicate Feature Decoder (PFD) in Figure 3.
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Figure 3: Overview of the Attribute-guide Predicate Feature Generation (A-PFG) model. The colors orange and blue indicate
the feature generation based on the latent variables of attribute embedding a and predicate feature r, respectively.

where the first two terms is the reconstruction error £ g, and
the last term indicates the unpacked Kullback-Leibler (KL)
divergence, the prior py(z,) and py(z,) are assumed to be
N(0,1), and the hyper-parameter 3 provides a trade-off be-
tween reconstruction loss and the KL-divergence. The cross-
reconstruction loss Lo ge is calculated as:

&)

The A-PFG also aligns the latent variable distributions of
predicate features and attributes by minimizing the Wasser-
stein distance. Since the latent variables z,. and z,, are Gaus-
sian distribution, the distribution alignment loss £ 4 can be
simplified (Schonfeld et al. 2019) and written as:

Lore = [la—ap[| + [r =¥

Loa= (It — o, |2+ loz — 022 (10)

where p and o are, respectively, the mean and variance of
the latent variables z,. and z,,.
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Predicate Feature Generation Since predicate and at-
tribute are one-to-one correspondence, as shown in Figure
2 (b), we first randomly sample a predicate attribute embed-
ding a(P*) from the class pj, as condition, and then input it
into the Predicate Feature Generator (PFG) along with ran-
dom noise € ~ N(0,1) to synthesize a predicate feature of
py. as follows:

#"*) = PFG(e,a®)) (11)

Decoupled Training Strategy

Our proposed method decouples the SGG training into a
two-stage process:

PFRL Training The PFRL model is trained with the orig-
inal imbalanced dataset, and the training loss £, is formu-
lated as:

Lrep = Lor(c,€) + Lop(p,P) (12)



where Log(c,€¢) and Log(p, p) are the cross-entropy loss
functions of object classification and predicate classifica-
tion, respectively.

Predicate Classifier Fine-tuning The predicate classifier
is fine-tuned using the balanced predicate feature training set
Dbal a5 follows:

Dbal — {RSy",ﬁf,Rb} (13)

where R*Y™ is a synthetic predicate feature set generated by
the A-PFG model, R/ is the pruned predicates feature set,
which removes the instances beyond threshold N, of each
class in the set R Since background relations (i.e., the clas-
sification of a predicate is irrelevant) need to be recognized
in SGG, the background feature set R” = {r} }kNil, which is
extracted by the PFRL model based on the original dataset,
is used to balance the predicates and background, wherein
Ny, is the number of background features. Finally, the pred-
icate classifier is fine-tuned in D% with the cross-entropy
loss function L = Log(p, P).

Experiments
Experimental Settings

Dataset Following previous works (Zellers et al. 2018;
Tang et al. 2019; Yu et al. 2020; Li et al. 2021), the proposed
method and recent methods are evaluated on the widely
used subset of Visual Genome dataset (i.e., VG150) (K-
ishna et al. 2017), which includes the most frequent 150 ob-
ject classes and 50 predicate classes. Then, we divide it into
70% training set, 30% testing set, and 5k images selected
from the training set for validation.

Task & Evaluation Metrics The SGG contains three
tasks (Xu et al. 2017): 1) Predicate Classification (PredCls)
predicts the pairwise predicates with the ground-truth object
labels and bounding boxes. 2) Scene Graph Classification
(SGCls) predicts the object labels and their pairwise predi-
cates with the ground-truth bounding boxes. 3) Scene Graph
Detection (SGDet) detects all the objects in an image and
predicts their bounding boxes, labels, and predicates.

Due to the imbalanced distribution of predicates in the
VG dataset, the early evaluation metric Recall@K (R@K)
is easily dominated by the head classes. Therefore, we fol-
low (Tang et al. 2020) to adopt mean Recall@K (mR @K)
to evaluate the unbiased SGG, mR@K calculates R@K for
each class independently, and then average the results. The
results of Recall@K are reported in the Suppl.

Implementation Details We employ the widely used pre-
trained Faster RCNN with ResNeXt-101-FPN provided by
(Tang et al. 2020) as object detector. For the PFRL model,
the number of object encoder layers and predicate encoder
layers are 4 and 2, respectively, the dimension of the pred-
icate feature is 1024. For classifier fine-tuning, the num-
ber of instances for each predicate class IV, is 5000, and
the number of background features N, is 5 x 106. For
the A-PFG model, the encoders and decoders are 3-layers
fully-connected network, with each layer followed by the
LeakyReLu activation function, the dimension of the predi-
cate attribute embedding is 1024, and the dimensions of the
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latent variables z,. and z, are 256. The hyperparameter - is
1, 8 and § are increased 0.5 per epoch. The PFRL is im-
plemented on two NVIDIA 3090 GPUs with batch size 16
and learning rate 0.001, and the classifier is fine-tuned with
batch size 16 and learning rate 2 x 107, The A-PFG model
is traine(éll for 200 epochs with batch size 64 and learning rate
2 x 107=.

Comparison with State of the Arts

In this subsection, the biased scene graph generation meth-
ods that focus on feature representation learning is first com-
pared, including KERN, Motif, VCTree, SG-Trans and our
PFRL. However, the performance of them are unsatisfactory
due to the imbalanced distribution of predicates, and their
mean recall is relatively low as shown in Table 1.

Then, an in-depth comparison between proposed method
and several debiasing methods is performed to further
demonstrate the effectiveness. The proposed decoupled
learning framework and A-PFG model are applied to
four baseline models: Motif, VCTree, SG-Trans, and our
PFRL. Compare to other debiasing approaches (TDE, EBM,
BPL+SA, GCL, and RTPB) in Table 1, our method can
achieve consistent improvement in all benchmarks. For
example, the improvement on the Motifs for mR@ 100
across three tasks are 143% (from 17.3 to 42.0), 154%
(from 9.3 to 23.6) and 126% (from 8.1 to 18.3), respec-
tively. The A-PFG outperforms on most of the metrics
with the same representation model. Compared to specific
benchmark methods, such as PCPL, GAN+Gra-N, BGNN,
Trans+BPL+SA, PCL, SHA+GCL, and DTrans+RTPB, our
approach can also achieve outperforming performance. In
addition, GAN+Gra-N also uses a generative model to syn-
thesize visual features for zero-/few-shot SGG, but it does
not achieve satisfactory performance on the mean Recall
metric. Importantly, our full model PFRL+A-PFG achieves
new state-of-the-art performance with mR@100 of 44.3,
25.8, and 21.7 in PredCls, SGCls, and SGDet, respectively.

Class-Wise Performance Improvement To analyze the
performance improvement of different frequency classes,
the 50 predicate classes are divided into three parts based
on their counts: Head (16), Body (17), and Tail (17). Fig-
ure 4 shows the mR @ 100 performance comparison between
PFRL and PFRL+A-PFG on these partitions. Comparing the
performance improvements across all tasks, it can be ob-
served that PFRL+A-PFG gains a huge boost in body and
tail classes with only a slight sacrifice of the head classes.
For example, in task SGDet, Body and Tail boost 16.5 (from
6.3 to 22.8) and 21.5 (from 0.1 to 21.6), respectively, while
Head only drops 1.6 (from 22.1 to 20.5). This demonstrates
that the proposed method can achieve a balance among all
the classes for unbiased SGG.

Ablation Studies

Decoupled Learning Framework Comparing the data
generation methods PFG- and the re-sampling method Rs-bi
in Table 2, PFG- is significantly better than Rs-bi. For exam-
ple, the mR @ 100 of PFG-p on task SGDet is 21.4, while Rs-
bi is only 14.9. This is because Rs-bi is an image-based bi-



PredCls SGCls SGDet
Method mR@20 mR@50 mR@100 | mMR@20 mR@50 mR@100 | mMR@20 mR@50 mR@100
KERN(Chen et al. 2019) - 17.7 19.2 - 9.4 10.0 - 6.4 7.3
PCPL(Yan et al. 2020) - 35.2 37.8 - 18.6 19.6 - 9.5 11.7
GAN+Gra-N(Knyazev et al. 2021) - 28.6 - - - 18.3 - - 9.9
BGNN(Li et al. 2021) - 30.4 32.9 - 14.3 16.5 - 10.7 12.6
Trans+BPL+SA(Guo et al. 2021) 26.7 31.9 342 15.7 18.5 19.4 11.4 14.8 17.1
PCL(Tao et al. 2022) 33.2 36.3 39.2 17.9 20.7 21.8 11.1 15.2 18.3
SHA+GCL(Dong et al. 2022) 35.6 41.6 44.0 19.6 23.0 24.3 14.2 17.9 20.9
DTrans+RTPB(Chen et al. 2022) 30.3 36.2 38.1 19.1 21.8 22.8 12.7 16.5 19.0
MOTIFS(Zellers et al. 2018) 12.7 16.0 17.3 7.0 8.7 9.3 5.0 6.8 8.1
+TDE(Tang et al. 2020) 18.5 25.5 29.1 9.8 13.1 14.9 5.8 8.2 9.8
+EBM(Suhail et al. 2021) 14.2 18.0 19.5 8.2 10.2 11.0 5.7 7.7 9.3
+BPL+SA(Guo et al. 2021) 24.8 29.7 31.7 14.0 16.5 17.5 10.7 13.5 15.6
+GCL(Dong et al. 2022) 30.5 36.1 38.2 18.0 20.8 21.8 12.9 16.8 19.3
+RTPB(Chen et al. 2022) 28.8 353 37.7 16.3 19.4 20.6 9.7 13.1 15.5
+A-PFG (ours) 33.5 39.9 42.0 19.8 22.7 23.6 11.9 15.8 18.3
VCTreet(Tang et al. 2019) 13.2 16.6 17.9 6.6 8.1 8.6 5.2 7.0 8.2
+TDE(Tang et al. 2020) 18.4 25.4 28.7 8.9 12.2 14.0 6.9 9.3 11.1
+EBM(Suhail et al. 2021) 19.9 26.7 30.0 13.9 18.2 20.5 7.1 9.7 11.6
+BPL+SA(Guo et al. 2021) 26.2 30.6 32.6 17.2 20.1 21.2 10.6 13.5 15.7
+GCL(Dong et al. 2022) 31.4 37.1 39.1 19.5 22.5 23.5 11.9 15.2 17.5
+RTPB(Chen et al. 2022) 27.3 334 35.6 20.6 24.5 25.8 9.6 12.8 15.1
+A-PFG (ours) 34.6 41.7 43.8 17.3 20.4 21.8 12.3 16.6 19.1
SG-Trans(Yu et al. 2020) 14.8 19.2 20.5 8.9 11.6 12.6 5.6 7.7 9.0
+CogTree(Yu et al. 2020) 22.9 28.4 31.0 13.0 15.7 16.7 7.9 11.1 12.7
+A-PFG (ours) 32.2 38.2 40.7 19.5 229 24.5 13.9 17.9 20.2
PFRL (ours) 14.5 18.4 20.0 7.9 9.8 10.4 5.8 8.0 9.3
+A-PFG (ours) 354 41.9 44.3 20.9 24.5 25.8 14.6 18.9 21.7

Table 1: Performance comparison of different methods on VG150 with respect to mean Recall. fdenotes our reproduced model.

PFRL [ PFRL+A-PFG

40 3 20
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10 I I 5 I
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PredCls SGCls SGDet

v

o

Figure 4: Performance comparison between PFRL and
PFRL+A-PFG on mR @100 for head, body, tail classes.

level re-sampling method, which firstly oversamples the im-
ages containing tail predicates and then randomly discards a
portion of the head predicates. The distribution of predicates
in Rs-bi is still imbalanced due to the multiple predicates
coupling problem. However, the PFG- models are all based
on predicate features to construct a balanced training set.
Hence the excellent performance of PFG- are mainly con-
tributed to the decoupled learning framework that separates
the coupled predicates in an image into individual predicate
features.

Attribute-Guided Predicate Feature Generation To in-
vestigate the influence of attributes, ablation tests of differ-
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ent components contained in the attributes are conducted in
Table 2, where PFG-p, PFG-(s,p,0), and PFG-(p,u) are the
label of predicate, labels of (subject-predicate-object), and
the label of the predicate combined with union visual fea-
ture as attributes to guide the generative model, respectively,
and A-PFG is the full model contain all components.

For predicates in scene graph generation, even the same
predicate (“riding”) in different contexts, e.g., “man riding
motorcycle” and “woman riding horse”, features may ex-
hibit significant variations. Therefore, PFG-p has a lower
performance than others because the predicate label contains
too little guidance information. The results of PFG-(p,u) are
better than PFG-(s,p,0), for example, the mR @ 100 of PFG-
(p,u) are improved by 0.2 and 0.3 over PFG-(s,p,0) in the
PredCls and SGCls, respectively. That’s because the specific
union visual feature includes more information exclusive to
the predicate feature than broad class labels. Since the at-
tributes in A-PFG contain all the details of the predicate, A-
PFG achieves optimal performance, where A-PFG improves
0.6, 0.4, 0.3 on mR@100 across three tasks compared to
PFG-p. In summary, both the class labels and union visual
feature provide detailed descriptions of the predicate, thus
the attributes in the A-PFG can guide the synthetic predicate
features to learn the contextual information.

Component Analysis of A-PFG Loss To better analyze
the A-PFG model, the ablation experiments of A-PFG loss
are also performed in Table 2, where Ly 4p is the ba-
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Figure 5: T-SNE visualization of predicate features on SGCls task.

PredCls SGCls SGDet ments. More hyper-parameter analysis and discussion about
Model mR@50/100 mR@50/100 mR@50/100 the design choice are shown in the Suppl.
PFRL 18.4/20.0 10.1/10.8 8.0/9.3
+RS-bi 30.7/32.9 19.4/20.4 12.6/14.9 Visualization of Predicate Features
ST o MR BT RIS ook ne e s n o ead o
+PFG-(pu) | 41.5/439 244257  18.5/215 wearing”), body (“parked on”, “walking on”, “watching™),
+A-PFG 41.9/443 24.5/25.8 18.9/21.7 and tail ( palnteq on”, made of’ 3 playing”), r§sp§ct1vely,
Lvan 11/433 33.0/25 4 185721.0 and then t-SNE visualized the predicate features in Figure 5.
Lvapic-re | 41.5/43.9 24.1/25.4 18.8/21.2 The visualization results demonstrate that the PFRL model
LvAB+pA 41.7/44.0 24.2/25.5 18.7/21.3 learns good feature representations, as shown in Figure 5(a),
Laprc 41.9/44.3 24.5/25.8 18.9/21.7 “on”, “parked on”, “painted on” and “walking on” contain-

Table 2: Ablation study. PFRL is the baseline model that
combines different re-sampling and data generation strate-
gies, Rs-bi is a bi-level re-sampling strategy in (Li et al.
2021), and PFG- is the generative model guided by different
information. £ is the A-PFG loss with different components.

PredCls SGCls SGDet
Model | mR@50/100 mR@50/100 mR@50/100
L-1 41.8/43.9 24.1/25.4 18.4/21.1
L-2 41.4/44.0 24.2/25.6 18.8/21.5
L-3 41.9/44.3 24.5/25.8 18.9/21.7
L-4 41.8/44.0 24.2/25.6 18.8/21.4
L-5 41.3/43.7 24.2/25.5 18.6/21.2

Table 3: Parameter analysis of the number of VAE layers in
A-PFG. L- is the number of layers.

sic VAE loss, Lc.ge is the cross reconstruction loss, and
Lpa is the distribution alignment loss. The results of
Ly ap+c-rRe and Ly ap4+p 4 indicate that both cross recon-
struction and distribution alignment contribute to the model
performance. The improvements of full model £ prg
compared to Ly 4 on mR@50/100 are 0.8/1.0 (PredCls),
0.6/0.4(SGCLs), 0.4/0.7(SGDet). Thus, the dual VAE in A-
PFG contributes to the model’s performance improvement.

Parameter Analysis of the Number of VAE Layers Ta-
ble 3 provides the parameter analysis for the choice of VAE
layers in A-PFG. Comparing the results for different number
of layers, L-3 achieves the optimal performance. Therefore,
this work sets the number of VAE layers to 3 for all experi-
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ing similar semantics are distributed relatively close together
in the feature space, while “wearing” and “walking on” with
different semantics are distributed far away.

From Figure 5(b), it can be observed that the features of
PFG-p are all concentrate in the class centers because the
guidance information is only independent predicate classes,
resulting in the PFG-p losing semantic information of pred-
icates. However, the feature distribution of PFG-(s,p,0) is
close to the semantic distribution as shown in Figure 5(c),
but it lacks diversity due to the broad class information of the
subject and object. Further, the A-PFG introduces the union
visual feature containing more predicate details, which can
make the synthesized features not only obey the semantic
distribution but also have diversity, as shown in Figure 5(d).
Therefore, our proposed A-PFG model synthesizes predi-
cate features based on attributes, which can provide the clas-
sifier with diverse predicate features while preserving con-
textual information.

Conclusion

In this work, a decoupled learning framework is proposed
for unbiased scene graph generation using attribute-guided
predicate features to construct a balanced training set.
Our proposed decoupled learning framework enables SGG
to solve the long-tail problem by implementing data re-
balancing based on predicate features. Our attribute-guided
predicate features generation model can construct a bal-
anced training set by synthesizing features containing con-
textual information via attributes. Extensive experiments
confirm the effectiveness of our proposed method and our
full model achieves new state-of-the-art performance for un-
biased scene graph generation.
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