This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

SGTR: End-to-end Scene Graph Generation with Transformer

Rongjie Li'**

Songyang Zhang '

4 Xuming He'?

'School of Information Science and Technology, ShanghaiTech University
2Shanghai Engineering Research Center of Intelligent Vision and Imaging
3Shanghai Institute of Microsystem and Information Technology, Chinese Academy of Sciences
“University of Chinese Academy of Sciences
{1irj2, zhangsy1, hexm } @shanghaitech.edu.cn

Abstract

Scene Graph Generation (SGG) remains a challenging
visual understanding task due to its compositional property.
Most previous works adopt a bottom-up two-stage or a point-
based one-stage approach, which often suffers from high
time complexity or sub-optimal designs. In this work, we
propose a novel SGG method to address the aforementioned
issues, formulating the task as a bipartite graph construction
problem. To solve the problem, we develop a transformer-
based end-to-end framework that first generates the entity
and predicate proposal set, followed by inferring directed
edges to form the relation triplets. In particular, we de-
velop a new entity-aware predicate representation based on
a structural predicate generator that leverages the compo-
sitional property of relationships. Moreover, we design a
graph assembling module to infer the connectivity of the
bipartite scene graph based on our entity-aware structure,
enabling us to generate the scene graph in an end-to-end
manner. Extensive experimental results show that our design
is able to achieve the state-of-the-art or comparable perfor-
mance on two challenging benchmarks, surpassing most of
the existing approaches and enjoying higher efficiency in
inference. We hope our model can serve as a strong baseline
for the Transformer-based scene graph generation. '

1. Introduction

Inferring structural properties of a scene, such as the
relationship between entities, is a fundamental visual under-
standing task. The visual relationship between two entities
can be typically represented by a triple <subject entity, pred-
icate, object entity>. Based on the visual relationships, a
scene can be modeled as a graph structure, with entities as
nodes and predicates as edges, referred to as scene graph.
The scene graph provides a compact structural representation

!'This work was supported by Shanghai Science and Technology Pro-
gram 21010502700. Code is available: https://github.com/
Scarecrow0/SGTR
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Figure 1. The illustration of SGTR pipeline paradigm. We
formulate SGG as a bipartite graph construction process. First, the
entity and predicate nodes are generated, respectively. Then we
assemble the bipartite scene graph from two types of nodes.

for a visual scene, which has potential applications in many
vision tasks such as visual question answering [8,25,31],
image captioning [42,43] and image retrieval [9].

Different from the traditional vision tasks (e.g., object
detection) that focus on entity instances, the main challenge
of scene graph generation (SGG) lies in building an effective
and efficient model for the relations between the entities. The
compositional property of visual relationships induces high
complexity in terms of their constituents, which makes it
difficult to learn a compact representation of the relationship
concept for localization and/or classification.

Most previous works attempt to tackle this problem using
two distinct design patterns: bottom-up two-stage [1,4,5,7,

, 18,40,44] and point-based one-stage design [6,23]. The
former typically first detects N entity proposals, followed by
predicting the predicate categories of those entity combina-
tions. While this strategy achieves high recalls in discovering
relation instances, its O(N?) predicate proposals not only
incur considerable computation cost but also produce sub-
stantial noise in context modeling. In the one-stage methods,
entities and predicates are often extracted separately from
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the image in order to reduce the size of relation proposal set.
Nonetheless, they rely on a strong assumption of the non-
overlapping property of interaction regions, which severely
restricts their application in modeling complex scenes”.

In this work, we aim to tackle the aforementioned lim-
itation by leveraging the compositional property of scene
graphs. To this end, as illustrated in Fig. 1, we first formulate
the SGG task as a bipartite graph construction problem, in
which each relationship triplet is represented as two types of
nodes (entity and predicate) linked by directed edges. Such a
bipartite graph allows us to jointly generate entity/predicate
proposals and their potential associations, yielding a rich
hypothesis space for inferring visual relations. More impor-
tantly, we propose a novel entity-aware predicate represen-
tation that incorporates relevant entity proposal information
into each predicate node. This enriches the predicate repre-
sentations and therefore enables us to produce a relatively
small number of high-quality predicate proposals. More-
over, such a representation encodes potential associations
between each predicate and its subject/object entities, which
can facilitate predicting the graph edges and lead to efficient
generation of the visual relation triplets.

Specifically, we develop a new transformer-based end-to-
end SGG model, dubbed Scene graph Generation TRans-
former (SGTR), for constructing the bipartite graph. Our
model consists of three main modules, including an entity
node generator, a predicate node generator and a graph
assembling module. Given an image, we first introduce two
CNN-+Transformer sub-networks as the entity and predicate
generator to produce a set of entity and predicate nodes,
respectively. To compute the entity-aware predicate repre-
sentations, we design a structural predicate generator con-
sisting of three parallel transformer decoders, which fuses
the predicate feature with an entity indicator representation.
After generating entity and predicate node representations,
we then devise a differentiable graph assembling module
to infer the directed edges of the bipartite graph, which ex-
ploits the entity indicator to predict the best grouping of the
entity and predicate nodes. With end-to-end training, our
SGTR learns to infer a sparse set of relation proposals from
both input images and entity proposals adaptively, which can
mitigate the impact of noisy object detection.

We validate our method by extensive experiments on
two SGG benchmarks: We validate our method by exten-
sive experiments on two SGG benchmarks: Visual Genome
and Openlmages-V6 datasets, with comparisons to previous
state-of-the-art methods. The results show that our method
outperforms or achieves comparable performance on both
benchmarks and with high efficiency during inference.

The main contribution of our work has three-folds:

* We propose a novel transformer-based end-to-end scene

2¢.g., two different relationships cannot have largely overlapped area —
a phenomenon also discussed in the recent works on (HOI) [3,28]

graph generation method with a bipartite graph con-
struction process that inherits the advantages of both
two-stage and one-stage methods.

* We develop an entity-aware structure for exploiting the
compositional properties of visual relationships.

* Our method achieves the state-of-the-art or comparable
performance on all metrics w.r.t the prior SGG methods
and with more efficient inference.

2. Related Works

We categorize the related work of SGG/HOI according
to three research directions: Two-stage Scene Graph Gener-
ation, One-stage Scene Graph Generation, and One-stage
Human-Object Interaction.

Two-stage Scene Graph Generation Two-stage SGG
methods predict the relationships between densely con-
nected entity pairs. Based on dense relationship propos-
als, many previous works focus on modeling contextual
structure [10, 18=-20, 22, 24, 30, 35-38, 41, 46-51]. Re-
cent studies develop logit adjustment and other training
strategies to address the long-tail recognition in the SGG
task [1,4,5,7,13,14,18,26,29,35,39,40,44]. The two-stage
design is capable of handling complex scenarios encountered
in SGG.

However, as discussed in Sec. 1, the dense relation
proposal generation often leads to high time complexity
and unavoidable noise in context modeling. Many two-
stage works propose heuristic designs to address these is-
sues (e.g., proposal generation [4 1], efficient context model-
ing [18,19,24,30,36,43]). However, these sophisticated de-
signs often rely on the specific properties of the downstream
tasks, which limits the flexibility of their representation learn-
ing and is difficult to achieve end-to-end optimization.

One-stage Scene Graph Generation Inspired by the fully
convolutional one-stage object detection methods [2,27,33],
the SGG community starts to explore the one-stage de-
sign. The fully convolutional network [23, 32] or CNN-
Transformer [6] architecture is used in the one-stage methods
to detect the relationship from image features directly. These
one-stage frameworks typically can perform efficiently due
to their sparse proposal set. Nonetheless, without explicit
entity modeling, those designs may struggle to capture the
complex visual relationships associated with real-world sce-
narios. Moreover, the majority of one-stage methods ignore
entity-relation consistency as they predict each relationship
independently rather than a valid graph structure with con-
sistent node-edge constraint.

One-stage Human-Object Interaction Our work is also re-
lated to the Human-Object Interaction (HOI) task. There has
been a recent trend toward studying the one-stage framework
for Human-Object Interaction [3, 11,12,21,28,34,52,54]. In
particular, [3, 2] introduce an intriguing framework based on
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a dual decoder structure that simultaneously extracts the hu-
man, object, and interaction and then groups the components
into final triplets. This decoding-grouping approach provides
a divide-and-conquer strategy for detecting the human and
interacted object. Inspired by this design, we propose the bi-
partite graph construction method in our SGTR for the more
general SGG task. To further improve the association mod-
eling between entity and predicate, we propose a predicate
node generator with an entity-aware structure and a graph
assembling mechanism. With such a design, the SGTR is
able to handle the complex composition of relationships and
achieve strong performance on SGG benchmarks.

3. Preliminary

In this section, we first introduce the problem setting
of scene graph generation in Sec. 3.1, and then present an
overview of our approach in Sec. 3.2.

3.1. Problem Setting

The task of scene graph generation aims to parse an input
into a scene graph Ggcene = {Ve, &}, where V, is the node
set denoting noun entities and &, is the edge set that repre-
sents predicates between pairs of subject and object entities.
Specifically, each entity v; € V. has a category label from
a set of entity classes C. and a bounding box depicting its
location in the image, while each edge e;_,; € &, between a
pair of nodes v; and v; is associated with a predicate label
from a set of predicate classes C,, in this task.

One possible way to generate the scene graph Ggcene is by
extracting the relationship triplet set from the given image.
In this work, we formulate the relationship triplet generation
process as a bipartite graph construction task [18]. Specif-
ically, our graph consists of two groups of nodes V., V),
which correspond to entity representation and predicate
representation, respectively. These two groups of nodes
are connected by two sets of directed edges Ec_sp, Epse
representing the direction from the entities to predicates
and vice versa. Hence the bipartite graph has a form as

gb = {Vea Vpa ge%pa 517%6}'
3.2. Model Overview

Our model defines a differentiable function Fyg4, that
takes an image I as the input and outputs the bipartite graph
Gs, denoted as G, = F44(I), which allows end-to-end train-
ing. We propose to explicitly model the bipartite graph con-
struction process by leveraging the compositional property
of relationships. The bipartite graph construction consists of
two steps: a) node (entity and predicate) generation, and b)
directed edge connection.

In the node generation step, we extract the entity nodes
and predicate nodes from the image with an entity node
generator and a predicate node generator, respectively. The
predicate node generator augments the predicate proposals
with entity information based on three parallel sub-decoders.

In the directed edge connection step, we design a graph
assembling module to generate the bipartite scene graph
from the entity and predicate proposals. An overview of
our method is illustrated in Fig. 2 and we will start with a
detailed description of our model architecture below.

4. Our Approach

Our model consists of four main submodules: (1) a back-
bone network for generating feature representation of the
scene (Sec. 4.1); (2) a transformer-based entity node genera-
tor for predicting entity proposals (Sec. 4.1); (3) a structural
predicate node generator for decoding predicate nodes
(Sec. 4.2); (4) a bipartite graph assembling module for
constructing final bipartite graph via connecting entity nodes
and entity-aware predicate nodes (Sec. 4.3). The model
learning and inference are detailed in Sec. 4.4.

4.1. Backbone and Entity Node Generator

We adopt a ResNet as the backbone network, which first
produces a convolutional feature representation for the sub-
sequent modules. Motivated by the Transformer-based de-
tector, DETR [2], we then use a multi-layer Transformer
encoder to augment the convolutional features. The result-
ing CNN+transformer feature is denoted as Z € R¥*"xd,
where w, h, d are the width, height, and channel of the fea-
ture map, respectively.

For the entity node generator, we adopt the decoder of
DETR to produce N, entity nodes from a set of learnable
entity queries. Formally, we define the entity decoder as
a mapping function F., which takes initial entity query
Q. € RYexd and the feature map Z as inputs, and out-
puts the entity locations B, € RMe** and class scores
P, € RNex(C+1) along with their associated feature repre-
sentations H, € RNe*d a5 follows,

BeapeaHe :-Fe(zaQe) (l)

where Be - {bla e 7bNe}a b = (xcv Ye, Wh, hb)’ TeyYe
are the normalized center coordinates of the instance, wy, hy,
are the normalized width and height of each entity box.

4.2. Predicate Node Generator

Our predicate node generator aims to generate an entity-
aware predicate representation by incorporating relevant en-
tity proposal information into each predicate node. Such a
design enables us to encode potential associations between
each predicate and its subject/object entities, which can fa-
cilitate predicting the graph edges and lead to efficient gen-
eration of the visual relation triplets.

As shown in Fig. 2, the predicate node generator is com-
posed of three components: (1) a predicate query initializa-
tion module for initializing the entity-aware predicate query
(in Sec. 4.2.2), (2) a predicate encoder for image feature
extraction (in Sec. 4.2.1), and (3) a structural predicate
decoder for decoding a set of entity-aware predicate nodes.
(in Sec. 4.2.3).
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Figure 2. An illustration of overall pipeline of our SGTR model. Left) We use a CNN backbone together with a transformer encoder for
image feature extraction. The entity and predicate node generators are introduced to produce the entity node and entity-aware predicate node.
A graph assembling mechanism is developed to construct the final bipartite scene graph. Right) The predicate node generator consists of
three parts: a) predicate query initialization, b) a predicate encoder, and c¢) a structural predicate decoder, which is designed to generate

entity-aware predicate nodes.
4.2.1 Predicate Encoder

Based on the CNN+transformer features Z, we introduce a
lightweight predicate encoder to extract predicate-specific
image features. Our predicate encoder, which has a similar
structure to the backbone Transformer encoder, employs a
form of multi-layer multi-head self-attention via the skip-
connected feed-forward network. The resulting predicate-
specific feature is denoted as ZP € R®¥*hxd,

4.2.2 Predicate Query Initialization

A simple strategy for initializing the predicate queries is to
adopt a set of learnable vectors as in the DETR [2]. However,
such a holistic vector-based query design ignores not only
the compositional property of the visual relationships but
also the entity candidate information. The resulting represen-
tations are not expressive enough for capturing the structured
and diverse visual relationships.

To cope with this challenge, we introduce a com-
positional query representation that decouples predicate
queries, denoted as Qf, € RNrx3d into three compo-
nents {Q;s; Qio; Qp}, Where subject/object entity indica-
tor Qis,Qio € RN"*4 3 and predicate representation
Q, € RN~*d_Concretely, we generate the predicate query
Qj in an entity-aware and scene-adaptive manner using a
set of initial predicate queries Q;,;; € RN"*? and enti-
ties representation B., H.. To achieve this, we first build
a geometric-aware entity representation as in [45], which
defines a set of key and value vectors € R™Ve*? as follows:

Kinit = Vinit = (He + Ge)a Ge = ReLU(BeWg)y (2)

3The subscripts ’s’, "0’ stand for the subject and object entity, respec-
tively.

where G, € RMe* i a learnable geometric embedding
of entity proposals, W, € R**? is a transformation from
bounding box locations to the embedding space.

Given the augmented entity representations, we then com-
pute the predicate queries Q; using a multi-head cross-
attention operation on the initial predicate queries Q;,,;; and
Knit. For clarity, we use A(g, k,v) = FEN(MHA(q, k, v))
to denote the multi-head attention operation. As such,
we have Qp = A(Qinit, Kinit, Vinit)We, where W, €
R4X34 = [Wis ‘Wi WP] are the transformation matrices
for the three sub-queries Q;s, Qi0, Qp, respectively. In this
way, we obtain a structural query that incorporates the en-
tity information into the predicate query. The sub-queries
Qis, Q;, are referred to as entity indicators as they will be
used to capture predicate-entity associations below.

4.2.3 Structural Predicate Node Decoder

Given the predicate query Qg, we now develop a structural
predicate node decoder that leverages the compositional
property and decodes all the predicate triplets from the en-
tity/predicate feature maps.

Our structural decoder consists of three modules: a) pred-
icate sub-decoder; b) entity indicator sub-decoders; c) pred-
icate indicator fusion. The two types of decoders take the
encoder feature map ZP and entity features H, respectively
and update the three components of the predicate query
independently. Based on the updated predicate query com-
ponents, the predicate-indicator fusion refines the entire
predicate queries, aiming to improve the entity-predicate
association within each compositional query.

Specifically, we adopt the standard transformer decoder
structure below. For notation clarity, we focus on a single de-
coder layer and omit layer number [ within each sub-decoder,
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as well as the notation of the self-attention operation.
Predicate Sub-decoder. The predicate sub-decoder is de-
signed to refine the predicate representation from the im-
age feature map ZP, which utilizes the spatial context in
the image for updating predicate representation. We imple-
ment this decoding process using the cross-attention mecha-
nism: Q, = A(q = Q,, k = ZP,v = ZP), where Q,, is the
updated predicate representation.

Entity Indicator Sub-Decoders. The entity indicator sub-
decoders refine the entity indicators associated with the pred-
icate queries. Instead of relying on image features, we
leverage more accurate entity features in the given scene.
Specifically, we perform cross-attention operation between
entity indicators Q;s, Q;, and entity proposal features H,
from the entity node generator, aiming to enhance the repre-
sentation of the entity associations.We denote the updated
representation of the entities indicator as Q;s, Q;,, Which
are generated with standard cross-attention operation:

Qis = A(Qisa Hea He), Qio = A(Qioa Hea He) (3)

Predicate-Indicator Fusion To encode the contextual
relation between each predicate query and its entity in-
dicators, we perform a predicate-indicator fusion to cal-
ibrate the features of three components in the query.
We explicitly fuse the current [-th decoder layer outputs

é, L., Ql, to update each component of as the query for
next layer Qé+17 Qéjl, ijl Specifically, we adopt fully
connected layers for updating the predicate by fusing entity

indicator representations as Eq. 4:
+1 _ (&1 Al Al
Q= (Q,+(QL+QL) W)W, @

where W;, W,, € R?*4 are the transformation parameters
for update. For the entity indicators, we simply adopt the
previous layer output as input: Q.7 = Ql,, Q! = QL.
Based on the refined predicate queries, we are able to gen-
erate the geometric and semantic predictions of the predicate
node, as well as the location and category of its associated

entity indicator as follows,

P, = Softmax(Q, - W?, ) € RNV-*(Cr+1) (5)
B, =0(Q, - WZ,,) = {(z5,45,22,y2)} € RN (6)

where P, are the class predictions of predicates, and B,, =
{(z3,y5,22,y2)} are the box center coordinates of its sub-
ject and object entities. The entity indicators are also trans-
lated as location prediction of entities B;, B, € RVrx4
and their classification predictions Py, P, € RNrx(Cet1)
which are similar to the entity generator.

Overall, each predicate decoder layer produces the loca-
tions and classifications for all the entity-aware predicate
queries. Using the multi-layer structure, the predicate de-
coder is able to gradually improve the quality of predicate
and entity association.

Bipartite Graph Assembling

™M? c ]RN,XNC M € RN,XNe
Subject Object
. Correspondence  Correspondence
Entity Nodes @p 7 Scene Graph

¥ @
Function = @
L) @
0OE @
Entity-aware
Predicate Nodes

Figure 3. The illustration of Bipartite Graph Assembling.
4.3. Bipartite Graph Assembling

In our formulation, we convert the original scene graph
into a bipartite graph structure which consists of V. entity
nodes and N, predicate nodes, as shown in Fig. 3. The
main goal of the graph assembling is to link the entity-aware
predicate nodes to the proper entity node.

To achieve this, we need to obtain the adjacency matrix
between the N, entity nodes and N, predicate nodes, which
can be encoded into a correspondence matrix M € RV-xNe,
Concretely, we define the correspondence matrix by the dis-
tance between the entity indicators of predicate nodes and
the entity nodes. Taking the subject entity indicator as ex-
ample, we have: M® = d;,.(Bs, B.) - deis(Ps, Pe), where
dioc(+) and ds(+) are the distance function to measure the
matching quality from different dimensions*. The correspon-
dence matrix of object entity M° € RM~*Ne is obtained
following the same strategy. The empirical analysis of dif-
ferent distance metrics will be discussed in the experiment
section. Based on the correspondence matrix, we keep the
top-K links according to the matching scores as the edge
links for each predicate node:

R® = Fipp(M*, K) € RV-E (7)
R? = Fiop(M?, K) € RV ¥K (8)

where F,, is the top-K index selection operation, R* and
R are the index matrix of entities kept for each triplet from
the two relationship roles of subject and object, respectively.

Using the index matrix R® and R°, we are able
to generate the final relationship triplets as 7 =
{(b27p2abgvpgappabp)}' Here bzvbg € R1X4 and
p:,p? € R+ are bounding boxes and class pre-
dictions of its subject and object entity respectively, p, €
R'*(CpH1) s the class prediction of each predicate P, and
b, € B, are the centers of the predicate’s entities. In the
end, the graph assembling module generates the final scene
graph as the output of our SGTR model.

4e. g., cosine distance between the classification distribution, GIOU and
L1 distance between the bounding box predictions, detailed illustration is
presented in the supplementary.
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4.4. Learning and Inference

Learning To train our SGTR model, we design a multi-task
loss that consists of two components, including £*¢ for
the entity generator and L£P"¢ for predicate generator. The
overall loss function is formulated as:

L= L4 L0e, Le= LV + L0 (9)

As we adopt a DETR-like detector, the £¢™¢ follows a similar
form as [2], and the detailed loss equation is reported in the
supplementary material. We mainly focus on £P"¢ in the
remaining parts of this section. To calculate the loss for the
predicate node generator, we first obtain the matching matrix
between the prediction and the ground truth by adopting the
Hungarian matching algorithm [16]. We then convert the
ground-truth of the visual relationships into a set of triplet
representations in as similar form as 7, denoted as 7 9%. The
cost of the set matching is defined as:

C = 2\Cp + AeCe (10)

The two components in the total cost correspond to the costs
of predicate and subject/object entity, respectively °. The
matching index I"? between triplet predictions and ground
truths is produced by: I'"* = argmin +,.C, which is used
for following loss calculation of predicate node generator.
The two terms of £P"¢, that is, Lfre,ﬁg”e, are used
to supervise two types of sub-decoder in predicate node
generator. For the entity indicator sub-decoder, we have
£rre =i+ L0, where L1 and £, are the local-
ization loss (L1 and GIOU loss) and cross-entropy loss for
entities indicator P, B;, P,, B,. Similarly, for the predi-
cate sub-decoder, we have L5 = L, + L7, . The L, , is

the L1 loss of the location of predicate’s associated entities
B,,. The £, is the cross entropy of predicate category P,,.

Inference During model inference, we generate K - N,
visual relationship predictions after the assembling stage.
We further remove the invalid self-connection edges during
inference. We adopt a post-processing operation to filter out
the self-connected triplets (subject and object entities are
identical). Then, we rank the remaining predictions by the
triplet score S; and take the top /V relationship triplet as final
outputs. We denote the output as S* = {(s’ - s/ - s) }, where
st, st and s! are the classification probability of subject
entity, object entity and predicate, respectively.

5. Experiments

5.1. Experiments Configuration

We evaluate our methods on Openimage V6 datasets [17]
and Visual Genome [15]. We mainly adopt the data splits
and evaluation metrics from the previous work [18,38,51].
For the Openimage benchmark, the weighted evaluation

SWe utilize the location and classification predictions to calculate cost
for each component. Detailed formulations are presented in supplementary.

# | EPN SPD GA | mR@50 mR@100 R@50 R@100

1 ‘ v v v ‘ 13.9 17.3 24.2 28.2
2 v v 12.0 159 229 26.3
3 v v 11.4 15.1 219 24.9
4 v 11.3 14.8 21.2 24.1
5 v v 4.6 7.0 10.6 133

Table 1. Ablation study on model components. EPN: Entity-
aware Predicate Node; SPD: Structural Predicate Decoder, GA:
Graph Assembling.

metrics (WmAP,;,,., wmAP,..;, score,,q) are used for more
class-balanced evaluation. For the Visual Genome dataset,
we adopt the evaluation metric recall@K (R @K) and mean
recall@K (mR@K) of SGDet, and also report the mR @ 100
on each long-tail category groups: head, body and tail as
same as [18].

We use the ResNet-101 and DETR [2] as backbone net-
works and entity detector, respectively. To speedup train-
ing convergence, we first train entity detector on the tar-
get dataset, followed by joint training with predicate node
generator. The predicate node generator uses 3 layers of
transformer encoder for predicate encoders and 6 layers of
transformer decoder for predicate and entity indicator sub-
decoders, whose hidden dimensions d is 256. Our predicate
decoder uses V,.=150 queries. We set /{=40 in training and
K=3 during test for graph assembling module. For more
implementation details please refer to the supplementary.

5.2. Ablation Study

Model Components As shown in Tab. 1, we ablate each
module to demonstrate the effectiveness of our design on the
validation set of Visual Genome.

e We find that using the holistic query for predicate rather
than the proposed structural form decreases the performance
by a margin of R@100 and mR@100 at 1.9 and 1.4 in line-2.
o Adopting the shared cross-attention between the image fea-
tures and predicate/entity indicator instead of the structural
predicate decoder leads to the sub-optimal performance as
reported in line-3

e We further remove both entity indicators and directly de-
code the predicate node from the image feature. The result
is reported in line-4, which decreases the performance by a
margin of 4.2 and 2.5 on R@100 and mR@100.

e We also investigate the graph assembling mechanism by
directly adopting the prediction of entity indicators as entity
nodes for relationship prediction. The poor results shown in
line-5 demonstrate that the model struggles to tackle such
complex multi-tasks within a single structure, while pro-
posed entity-prediction association modeling and graph as-
sembling reduce the difficulty of optimization.

Graph Assembling Design We further investigate the ef-
fectiveness of our graph assembling design. Specifically,
we adopt the differentiable entity-predicate pair matching
function proposed by recent HOI methods [3, | 2], as shown
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NPD NED | mR@50 mR@100 R@50 R@100

3 3 10.6 13.3 234 274
6 6 13.9 17.3 24.2 28.2
12 12 13.7 17.0 24.0 28.4

Table 2. Ablation study on number of predicate decoder layers.
NPD: number of predicate sub-decoder layers; NED: number of
entity indicator sub-decoder layers;

GA ‘mR@SO mR@100 R@50 R@100

S 10.6 11.8 24.4 27.7
F 13.3 16.1 23.7 27.5
Ours 13.9 17.3 242 28.2

Table 3. Ablation study on graph assembling, S: spatial distance
between the predicate and entity-based matching function proposed
by AS-Net [3]; F: feature similarity-based matching function pro-
posed by HOTR [12].

in Tab. 3. Comparison experiments are conducted on the
validation set of Visual Genome by using different distance
functions for the assembling module. In AS-Net [3], the
grouping is conducted based on the distance between en-
tity bounding box and entity center predicted by interac-
tion branch, which lacks the entity semantic information.
The HOTR [12] introduces a cosine similarity measurement
between the predicate and entity in feature space. We im-
plement this form for calculation the distance between the
entity indicator Q;s, Q;, and entity nodes H.. Compared
with location-only [3] similarity and feature-based [12] sim-
ilarity, our proposed assembling mechanism, taking both
semantic and spatial information into the similarity measure-
ment, is preferable. We also empirically observe that the
feature-based [ 2] similarity design has a slower and more
unstable convergence process.

Model Size To investigate the model complexity of the struc-
tural predicate node decoder, we incrementally vary the num-
ber of layers L in the predicate and entity indicator decoder.
The quantitative results are shown in Tab. 2. The results
indicate that our model achieves the best performance while
L = 6. We observe that the performance improvement is
considerable when increasing the number of decoder layers
from 3 to 6, and performance will be saturated when L = 12.
Entity Detector As we adopt different entity detectors com-
pared to previous two-stage designs, we conduct experiments
to analyze the influence of detectors on the SGTR. The de-
tailed results are presented in the supplementary.

5.3. Comparisons with State-of-the-Art Methods

We conduct experiments on Openimage-V6 benchmark
and VG dataset to demonstrate the effectiveness of our de-
sign. We compare our method with several state-of-the-art
two-stage(e.g., VCTree-PCPL, VCTree-DLFE, BGNN [ 18],
VCTree-TDE, DT2-ACBS [5]) and one-stage methods(e.g.
AS-Net, HOTR, FCSGG) on Visual Genome dataset. Since
our backbone is different from what they reported, we re-

wmAP

B ‘ Models ‘ mR@50 R@50 ‘ ‘ scorewtd

‘ rel phr ‘
E RelDN 37.20 7540 | 3321 3131 | 4197
S | GPS-Net 38.93 7474 | 32.77 3387 | 41.60
< | BGNN 40.45 7498 | 3351 34.15 | 42.06
BGNN*t 39.41 7493 | 31.15 31.37 | 40.00
= RelDNT 36.80 72775 | 29.87 3042 | 38.67
~ | HOTR' 40.09 52.66 | 19.38 21.51 26.88
AS-Net' 35.16 55.28 | 2593 27.49 | 3242
Ours 42.61 5991 | 36.98 38.73 | 42.28

Table 4. The Performance on Openimage V6. 1 denotes results
reproduced with the authors’ code. The performance of ResNeXt-
101 FPN is borrow from [18]. * means using resampling strategy.

produced the SOTA methods BGNN and its baseline RelDN
with the same ResNet-101 backbone for more fair compar-
isons. Furthermore, since FCSGG [23] is the only pub-
lished one-stage method for SGG, we reproduce the result
of several strong one-stage HOI methods with similar entity-
predicate pairing mechanisms (AS-Net [3], HOTR [12])
using their released code for a more comprehensive compar-
ison.

Openlmage V6 The performance on the Openlmage V6
dataset is reported in Tab. 4. We re-implement the SOTA
one-stage and two-stage methods with the same ResNet-101
backbone. Our method outperforms the two-stage SOTA
method BGNN with an improvement of 2.28. Specifically,
our design has a significant improvement on weighted mAP
metrics of relationship detection (WmAP,..;) and phrase de-
tection (WmAP,,,) sub-tasks of 5.83 and 7.36 respectively,
which indicates that leveraging the compositional property
of the visual relationship is beneficial for the SGG task.
Visual Genome As shown in Tab. 5, with the same ResNet-
101 backbone, we compare our method with the two-stage
method BGNN [ 18], and the one-stage methods HOTR [12],
AS-Net [3]. It shows that our method outperforms HOTR
with a significant margin of 4.9 and 3.2 on mRecall@100.
Furthermore, our method achieves considerable improve-
ment when compared with the two-stage methods, and the
detailed performance is presented in the supplementary.

e Benefitting from the sparse proposal set, SGTR has a
more balanced foreground/background proposal distribution
than the traditional two-stage design, where there exists a
large number of negative samples due to exhausted entity
pairing. Thus, when equipped with the same backbone and
learning strategy as before, our method achieves competitive
performance in mean recall. We also list several newly
proposed works, which develops various training strategies
for long-tailed recognition. Our method achieves higher
mR @ 100 performance with less overall performance drop
when using the resampling strategy proposed in [18]. We
refer the reader to the supplementary for more experiments
on our model using advanced long-tail training strategies.

e We find that the performance of our model in the head
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B | D | Method | mR@50/100 R@50/100 | Head Body Tail | Time/Sec
« |« | FCSGG 23] | 36/42  213/250 | - - -] o2
RelDN [18] 6.0/73 31.4/359 - - - 0.65
Motifs [29] 5.5/6.8 32.1/36.9 - - - 1.00
> VCTree [29] 6.6/7.7 31.8/36.1 - - - 1.69
& > BGNN*T [18] 10.7/12.6 31.0/35.8 | 34.0 129 6.0 1.32
S | § | VCTree-TDE [2] 93/11.1  194/232 | - - - >1.69
> ‘f VCTree-DLFE [4] 11.8/13.8 22.7/126.3 - - - >1.69
2 | VCTree-EBM [26] 9.7/11.6 20.5/24.7 - - - >1.69
i£ | VCTree-BPLSA [7] 13.5/15.7 21.7/25.5 - - - >1.69
DT2-ACBS [5] 22.0/24.4 15.0/16.3 - - - ~0.63
BGNN*t 8.6/10.3 28.2/33.8 29.1 12.6 2.2 1.32
RelDNT 44/54 30.3/34.8 | 313 2.3 0.0 0.65
S AS-Nett [3] 6.12/7.2 18.7/21.1 19.6 7.7 2.7 0.33
& E HOTR [12] 9.4/12.0 23.5/27.7 | 26.1 16.2 3.4 0.25
A | Ours® 12.0/14.6 25.1/26.6 | 27.1 17.2 6.9 0.35
Ours 12.0/15.2 24.6/284 | 28.2 18.6 7.1 0.35
Ours* 15.8/20.1 20.6/25.0 | 21.7 216 17.1 0.35

Table 5. The SGDet performance on test set of Visual Genome dataset. { denotes results reproduced with the authors’ code. * denotes
the bi-level resampling [18] is applied for this model. ¢ denotes that our model uses K = 1 for top-K matching in graph assembling
(more ablative experiments for K are presented in the supplementary). x denotes the special backbone HRNetW48-5S-FPN « .+ and entities

detector, CenterNet [53].

category is lower than the two-stage methods with the same
backbone. The main reason is that the DETR detector per-
forms weaker on small entities than the traditional Faster-
RCNN. Since the visual genome has a large proportion of
relationships involving small objects, our method performs
sub-optimal in recognizing those relationships. The detailed
limitation analysis is presented in the supplementary.

e We compare the efficiency of SGTR with previous meth-
ods according to the inference time (seconds/image) on the
NVIDIA GeForce Titan XP GPU with a batch size of 1 and
an input size of 600 x 1000. Our design obtains compara-
ble inference time as the one-stage methods using the same
backbone, which demonstrates the efficiency of our method.

5.4. Qualitative Results

As shown in Fig. 4, we visualize the attention weight of
the predicates sub-decoder and entity sub-decoder on images
from the validation set of the Visual Genome dataset. By
comparing the heatmaps in Fig. 4 (a) and Fig. 4 (b), we note
that for the same triplet prediction, the predicate sub-decoder
focuses more on the contextual regions around the entities of
triplets while the entity sub-decoders put more attention on
the entity regions. Therefore, our design allows the model
to learn the compositional property of visual relationships
more effectively, which improves prediction accuracy. More
visualization results are reported in the supplementary (in-
cluding analysis of graph assembling, comparison between
two-stage methods, etc.).

6. Conclusions

In this work, we propose a novel end-to-end CNN-
Transformer-based scene graph generating approach (SGTR).

(b) The attention maps of entitie sub-decoder

Figure 4. The visualization on attention heatmap of structural
predicate decoder. The predicate sub-decoder focus on contextual
representation around the entities of triplets. Entity indicator sub-
decoders focus on relationship-based entity regions.

In comparison to the prior approaches, our major contribu-
tion consists of two components: We formulate the SGG as
a bipartite graph construction with three steps: entity and
predicate nodes generation and directed edge connection.
We develop the entity-aware representation for modeling the
predicate nodes, which is integrated with the entity indica-
tors by the structural predicate node decoder. Finally, the
scene graph is constructed by the graph assembling module
in an end-to-end manner. Extensive experimental results
show that our SGTR outperforms or is competitive with pre-
vious state-of-the-art methods on the Visual Genome and
Openimage V6 datasets.

Potential Negative Societal Impact One possible negative
impact is that SGG may serve as a base module for surveil-
lance abuse and collecting private information.
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