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.

EGTR: Extracting Graph from Transformer for Scene Graph Generation

JeongYeon Nam!
'NAVER Cloud Al

Jinbae Im!

Nokyung Park'>** Hyungmin Lee?
NAVER

Seunghyun Park!
3Korea University

{jinbae.im, jy.nam, nokyung.park99, hyungmin.lee, seung.park } @navercorp.com

Abstract

Scene Graph Generation (SGG) is a challenging task of
detecting objects and predicting relationships between ob-
jects. After DETR was developed, one-stage SGG mod-
els based on a one-stage object detector have been ac-
tively studied. However, complex modeling is used to pre-
dict the relationship between objects, and the inherent re-
lationship between object queries learned in the multi-head
self-attention of the object detector has been neglected. We
propose a lightweight one-stage SGG model that extracts
the relation graph from the various relationships learned in
the multi-head self-attention layers of the DETR decoder.
By fully utilizing the self-attention by-products, the relation
graph can be extracted effectively with a shallow relation
extraction head. Considering the dependency of the rela-
tion extraction task on the object detection task, we propose
a novel relation smoothing technique that adjusts the re-
lation label adaptively according to the quality of the de-
tected objects. By the relation smoothing, the model is
trained according to the continuous curriculum that focuses
on object detection task at the beginning of training and
performs multi-task learning as the object detection per-
formance gradually improves. Furthermore, we propose
a connectivity prediction task that predicts whether a re-
lation exists between object pairs as an auxiliary task of
the relation extraction. We demonstrate the effectiveness
and efficiency of our method for the Visual Genome and
Open Image V6 datasets. Our code is publicly available
at https://github.com/naver—ai/egtr.

1. Introduction

Scene Graph Generation (SGG) [8] aims to generate a scene
graph that represents objects as nodes and relationships be-
tween objects as edges from an image as shown in Fig. 1b.
SGG is a challenging task as it is required to go beyond
simply detecting objects but predicting the relationships be-
tween them based on a comprehensive understanding of the
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Figure 1. Motivation. SGG task aims to predict scene graph
(Fig. 1b) with objects as nodes and relations as edges. We draw
a plausible attention graph (Fig. 1c) simply by connecting objects
with high attention weights to edges from the self-attention lay-
ers of the pre-trained DETR. It shows the potential for the self-
attention from the object detector to contain rich information that
aids in predicting the relations of the scene graph.

scene. Since a scene graph provides structural informa-
tion of the image, it can be used for various vision tasks
that require a higher level of understanding and reasoning
about images such as image captioning [5, 10, 41], image
retrieval [8, 28], and visual question answering [ 14, 43].

Most previous studies [16, 19, 33, 39, 42] took two-
stage SGG approaches that detect objects first and then
predict their relations. However, these approaches in-
curred high computational costs and risks of error prop-
agation from the object detection. To address the draw-
backs of the two-stage approaches, one-stage SGG mod-
els that perform object detection and relation prediction at
once [3, 9, 17, 20, 26, 29, 35] have been studied recently,
leveraging one-stage object detectors such as DETR [1].
Since edges in a scene graph can be represented as subject-
predicate-object triplets, many studies embraced triplet-
based approaches as shown in Figs. 2a and 2b. However,
object-triplet detection models [3, 17] required sophisti-
cated triplet detectors to obtain necessary information for
triplet queries from the object detector. Moreover, triplet
detection models [9, 35] lacked the ability to detect objects
without relation such as “tree” in Fig. 1b, by focusing solely
on the triplet detection without an object detector. Consid-
ering that objects without relations account for more than
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Figure 2. Comparison with existing one-stage SGG models. (a) Object-Triplet Detection Models introduce additional triplet queries
and a triplet detector to the object detector. The triplet detector requires additional modules to incorporate information from the object
detector into the triplet queries. (b) Triplet Detection Models focus on detecting triplets directly without an object detector. Objects
without relations may not be detected. (c) Relation Extraction Models extract relations from the object detector without a separate triplet
detector. In particular, ours extracts relations more effectively by utilizing by-products from the self-attention of the object detector.

42% in Visual Genome [12] data, their priority lies in de-
tecting a sub-graph rather than the complete scene graph.

To address the shortcomings of the existing one-stage
SGG models, we focus on the relationships between ob-
jects inherent in the object detector. As shown in Fig. la,
objects are related to each other. For instance, when a
horse appears in a scene, a person is likely to appear in the
scene, and clothing such as hats, jackets, and pants often
depicts the person’s current situation. From this intuition,
there has been a long belief [2, 7, 22] that modeling re-
lationship or context between objects would be beneficial
to object detection task. Accordingly, recent one-stage ob-
ject detectors [1, 32, 46] have incorporated self-attention
layers [36] to implicitly model the relationships among the
object queries. We hypothesize that self-attention between
object queries learned in a one-stage object detector might
contain valuable information for predicting triplet outputs.
In our preliminary investigation, we are able to extract a
plausible attention graph by simply connecting two object
queries with high attention weights from the pre-trained
DETR, as shown in Fig. lc. It shows the potential that the
attention weights between object queries can be interpreted
as relations between them.

From the findings, we propose a lightweight one-stage
scene graph generator EGTR, which stands for Extracting
Graph from TRansformer. We design the model to compre-
hensively leverage the by-products of the object detector,
eliminating the need for a separate triplet detector, as de-
picted in Fig. 2c. From the multi-head self-attention layers
of the object detector, we regard an attention query and key,
where their relations are learned in the attention weights,
as the subject entity and object entity, respectively. Subse-
quently, we leverage a shallow classifier to predict relations
between them. Due to the abundant information about the
relationships among the objects present in the by-products
derived from all layers of self-attention, we can effectively
extract the scene graph.

Since the relation extraction task is dependent on the ob-
ject detection task, we speculate that performing relation ex-

traction without sufficiently learned representations of the
object queries might be harmful. Therefore, we devise a
novel adaptive smoothing technique that smooths the value
of the ground truth relation label based on the object detec-
tion performance. With the adaptive smoothing, the model
is trained with a continuous curriculum that initially focuses
on object detection and gradually performs multi-task learn-
ing. Furthermore, we propose a connectivity prediction task
as an auxiliary task for relation extraction, aiming to predict
the existence of any relationship between a subject entity
and an object entity. This auxiliary task facilitates the ac-
quisition of representations for the relation extraction.

To verify the effectiveness of the proposed method, we
conduct experiments on two representative SGG datasets:
Visual Genome [12] and Open Images V6 [13]. By ac-
tively utilizing the by-products of the object detector, EGTR
shows the best object detection performance and compara-
ble triplet detection performance, with the fewest parame-
ters and the fastest inference speed.

Our main contributions can be summarized as follows:

* We propose EGTR that generates scene graphs efficiently
and effectively by utilizing the multi-head self-attention
by-products derived from the object detector.

* We present adaptive smoothing, enabling effective multi-
task learning for both object detection and relation extrac-
tion. In addition, the proposed connectivity prediction of-
fers clues to the relation extraction.

* Our comprehensive experiments show the superiority of
the proposed model framework and the effectiveness of
the devised training techniques.

2. Related Work

SGG models can be categorized into two groups: two-
stage models and one-stage models. For two-stage mod-
els [4, 11, 15, 16, 19, 23-25, 30, 33, 37, 39, 42, 45], sep-
arate object detection model and relation prediction model
are trained sequentially. They usually detect IV objects from
the off-the-shelf object detector such as Faster R-CNN [27],
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and then all possible combinations of the detected objects
are fed into the relation prediction model to predict the rela-
tions between each object pair. Although they showed high
relation extraction performance, they have the inherent limi-
tation that the object detector that helps with relation extrac-
tion is trained separately, resulting in a significant increase
in model complexity.

As for the one-stage models [3, 9, 17, 20, 26, 29, 35],
the object detection and relation prediction are trained in
an end-to-end manner. Early studies [20, 26] proposed
fully convolutional SGG models and took pixel-based ap-
proaches. After DETR [1] brought a huge success as a
Transformer [36]-based one-stage object detector, many
one-stage SGG studies are based on one-stage object de-
tectors [1, 32, 46]. They efficiently modeled SGG by intro-
ducing object queries or triplet queries. We categorize them
into three distinct groups: (a) object-triplet detection mod-
els, (b) triplet prediction models, and (c) relation extraction
models, as shown in Fig. 2.

Object-Triplet Detection Models. Object-triplet detection
models are characterized by introducing additional triplet
queries and building a triplet predictor on top of the object
detector as shown in Fig. 2a. RelTR [3] introduced paired
subject queries and object queries, and SGTR [17] intro-
duced compositional queries decoupled into subjects, ob-
jects, and predicates. As the introduced queries are initial-
ized without prior cues from the object detector, the triplet
predictor requires modules to incorporate information from
the outputs of the object detector and modules for triplet
queries to exchange information with each other. It led to
the triplet predictor having an intricate structure. In con-
trast, we refrain from introducing additional queries and re-
gard the attention queries and attention keys, whose rela-
tionships are learned in the object detector, as subject and
object queries, respectively.

Triplet Detection Models. Triplet detection models di-
rectly detect triplets using triplet queries without an object
detector, as shown in Fig. 2b. Iterative SGG [9] introduced
subject, object, and predicate queries and modeled the con-
ditional dependencies among them with separate subject,
object, and predicate multi-layer Transformer decoders. In-
spired by Sparse R-CNN [32], Structured Sparse R-CNN
(SSR-CNN) [35] designed triplet queries consisting of sub-
ject box, object box, subject, object, and predicate queries.
Since it was difficult to train the model only with sparse
triplet annotations, SSR-CNN introduced somewhat intri-
cate training details: it detected object pairs with a Siamese
Sparse RCNN model and auxiliary queries and performed
additional triplet matching using the detected object pairs
as a pseudo label. Although they show excellent triplet de-
tection performance, the model architecture became even
more intricate to detect subjects and objects separately since

an explicit object detector is not used. Last but not least,
the triplet prediction models focus on detecting a sub-graph
composed only of objects with relations, overlooking ob-
jects in an image that lack explicit relations.

Relation Extraction Models. Relation extraction models
extract a scene graph using a lightweight relation predic-
tor without separate triplet queries or triplet detector. Re-
lationformer [29] added a special “[rIn]” token to capture
global information in conjunction with object queries. They
concatenated the final hidden representations of the object
query pairs and the relation token, followed by a shallow
fully connected network for relation prediction. In this
work, in conjunction with the final hidden representations,
we use the inherent relationship information among the ob-
ject queries learned in the multi-head self-attention layer of
the object detector. Furthermore, we propose training tech-
niques to boost multi-task learning, leading to significantly
improved performance with architectural simplicity.

3. Method
3.1. Preliminaries

In this section, we first introduce the formulation of the
SGG task and then provide a brief review of the one-stage
object detector that serves as the basis for our study.

3.1.1 Formulation

Scene graph generation is a task of generating a scene graph
G = {V, &} from an image, where V denotes the node set
consisting of objects and £ denotes the edge set that rep-
resents the relation between objects. Each object entity
v; € V has an object category label v{ from a set of ob-
ject categories C, and box coordinates v?. Each relation
e; € & represents the j-th triplet (s;, p;, 0;), where subject
s; and object o; indicate related object entities and predi-
cate p; has a relation category label p§ from a set of predi-
cate categories C,,. Generating V and &£ correspond to object
detection and relation extraction, respectively.

3.1.2 One-stage Object Detector

Our model framework is deeply influenced by DETR [1], a
one-stage object detector. In DETR, representations for in-
put images are learned through CNN and Transformer [36]
encoder. Transformer decoder enhances object queries by
utilizing self- and cross-attention mechanisms. The final
object detection heads predict object category labels and
box coordinates from the contextualized object queries.

Backbone. CNN backbone generates C'-dimensional fea-
ture map F € RE*HrXWF from an input image Timg €
R3*HoxWo For ResNet-50 backbone, Hr and W are set
to Hy/32 and W, /32, respectively.
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Figure 3. The overall architecture of EGTR. We present a novel lightweight relation extractor, EGTR, which fully utilizes the self-
attention of the DETR decoder. We extract query and key representations from each self-attention layer and concatenate them pairwise
to represent relations between them. Additionally, we leverage the last hidden representation in same manner. To effectively aggregate
information, we apply a gated sum and then predict relation with a shallow relation head.

Transformer Encoder. Transformer encoder enhances im-
age representations based on multi-head self-attention. Af-
ter applying a 1 x 1 convolution to reduce dimension from
C to dyodel> the feature map is flattened to get an input se-
quence with length HpWp for the Transformer encoder.
Additional positional encodings are used to reflect the spa-
tial information of the feature maps.

Transformer Decoder. Transformer decoder takes /N ob-
ject queries as input and returns their representations. Each
object query detects an individual object, and NV is usually
set large enough to cover all objects in the image. Through
alternating self-attention and cross-attention layers, object
queries learn features of object candidates in the input im-
age. Note that causal attention mask is not applied to the
self-attention layer; therefore, fully connected N x N atten-
tion weights among the N object queries are learned from
the multi-head self-attention as follows:

AL = 1@, KL) = softmax(QL KL /\/dheat), (1)

where A! € RV*Y denotes the attention weights from
the h-th head in the [-th layer. Q! € RNV*de and K! €
RN *dna are attention queries and keys, respectively.

Object Detection Heads. Object detection heads detect
N object candidates {#;}; from the last layer represen-
tations of the object queries Z*. For each object query,
a linear layer is used to predict the object category label
0¢ € RN*IC and three-layer perceptron with ReLU acti-
vation is used to obtain the box coordinates ¢ € RV >4,

Object Detection Loss. To match [V detected object can-
didates {9;}., and M ground truth objects {v;}}£,, Car-
ion et al. [1] pad the ground truth objects with ¢ (no object)
and find the best permutation of predicted objects that min-
imizes total bipartite matching costs. From the permutated

predictions {/}Y |, the loss is calculated as follows:

Loa = S0 AL (07,0F) + Lyess MLy (87, 07))], ()
where L. and £; denote loss function for category labels
and box coordinates, respectively.

3.2. EGTR

We propose a novel lightweight relation extractor, EGTR,
which exploits the self-attention of DETR decoder, as de-
picted in Fig. 3. Since the self-attention weights in Eq. (1)
contain /N X N bidirectional relationships among the /N ob-
ject queries, our relation extractor aims to extract the pred-
icate information from the self-attention weights in the en-
tire L layers, by considering the attention queries and keys
as subjects and objects, respectively.

In order to preserve rich information learned in the self-
attention layer, we devise another relation function f be-
tween the attention queries and keys instead of the dot prod-
uct attention in Eq. (1). As concatenation preserves repre-
sentations completely, we concatenate the representations
on all N x N pairs of attention queries and keys as shown
in Fig. 3 (a) to get the relation representations of the [/-th
layer B! € RN*Nx2duua  Before pairwise concatenation,
to help queries and keys play the role of subjects and ob-
jects, a linear projection is added as follows:

Rl = [Q'W; K'W}), 3)

where Q! € RNV*dmoe and K! € RN *dmoe refer to atten-
tion queries and keys of the I-th layer, and |- ; - | denotes the
pairwise concatenation. W and W}, are linear weights of
shape TR @modet X dmodel

We also utilize the last layer representations of the ob-
ject queries ZL € RN *dmast which are used for the object
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detection in the same manner:
R, = [Z"Ws; Z"Wo), )

where W, W are linear weights of shape R%moe X dmoel | To
effectively use the various information learned in all layers,
we introduce a gating mechanism as follows:

gt = o(R\We), g. = (R W), (5)

where g! and g, € RV*N*1 represent the gate values ob-
tained through a single linear layer W € R2dmaa 1 for RL
and R, respectively. Finally, we extract the relation graph
from the gated summation of the relation representations
across all layers as follows:

G = o(MLP (S, (gL  RL) + g. * R.)),  (6)

where G € RN*N*IC| denotes predicted relation graph
and MLP, is a three-layer perceptron with ReLU activa-
tion. Note that we use sigmoid function o so that multiple
relationships can exist between objects.

3.3. Learning and Inference

To train EGTR, we perform multi-task learning. In addition
to object detection and relation extraction, we devise con-
nectivity prediction, an auxiliary task for relation extraction.
The overall loss for the framework is as follows:

L= Eod + /\relﬁrel + /\con‘cconv (7)

where L4 is object detection loss in Eq. (2). Ly and Lo
are loss functions for the relation extraction and connectiv-
ity prediction, respectively. Since explicit object detection
loss is used, EGTR has the capability to detect all nodes in
the scene graph. The details of the loss for each task are
provided below.

3.3.1 Relation Extraction

We use binary cross-entropy loss for the relation extraction.
To match predicted graph G € RN*N*IC| and ground
truth triplet set £, we first encode £ as a one-hot ground
truth graph G € RV*N*ICo| by padding the regions that do
not correspond to relations between the ground truth objects
as zero. Then, we permutate indices of the predicted graph
using the permutation found in the object detection. From
the permutated graph G’ the loss for the relation extraction
is calculated as L = ET(G", G).

However, since the size of the graph is proportional to
the square of IV, the sparsity of the ground truth graph G is
too severe. For instance, the density is only 10~* when N
is set to 200 for the Visual Genome [12] validation dataset.
Therefore, we divide G into three regions: (1) GT region,

(subject - predicate - object)
girl - on -
girl - riding -
girl - wearing - pant

M GT region
negative region
non-matching region

Figure 4. Example of graph G region. The target graph has a
shape of N X N x |V.|. The graph is severely sparse since the
number of object queries N is set large enough to cover objects
in the image. We split G into GT, negative, and non-matching
regions.

(2) negative region, and (3) non-matching region, as shown
in Fig. 4. The GT region indicates the ground truth triplets
where the value of GG is 1. The negative region consists of
the triplets in which both subjects and objects are composed
of the ground truth objects, but no relation exists between
them. The non-matching region represents the zero-padded
region. It is paired with a region consisting of the object
candidates that do not match the ground truth objects and
match ¢ in Eq. (2). For each region, we apply different
techniques to effectively train the relation extraction with
object detection as subsequently described.

Adaptive Smoothing. @ We propose a novel adaptive
smoothing for the GT region. For G;;j belonging to the
GT region, the model is trained to predict the k-th pred-
icate category between subject entity v; and object entity
vj. However, since ¢} and 17;-, which match v; and v; re-
spectively, do not have enough representations about the
corresponding ground truth object at the beginning of the
training, it may not be appropriate to predict the probabil-
ity of the predicate as 1. Moreover, even when the object
detection performance is reasonably assured, the detection
performance may still vary for individual object candidates.
Therefore, we reflect the detection performance of each ob-
ject candidate on the relation label via adaptive smoothing.
We first measure the uncertainty of each object candidate
with the corresponding bipartite matching cost. For object
candidate @g, we define the uncertainty as follows:

u; = o(cost; — coStyin + 0 (), ®)

where cost; denotes the matching cost and costy,, indicates
the matching cost when ¥} perfectly matches v;. « is a non-
negative hyperparameter representing the minimum uncer-
tainty. We set the value of G5, to (1 — u;)(1 — u;) taking
the uncertainty into account. By using the relation label ad-
justed by the uncertainty, the multi-task learning of object
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detection and relation extraction is dynamically regulated
according to the quality of the detected objects.

Negative and Non-matching Sampling. Rather than em-
ploying all negatives, we sample them from the negative
region. Inspired by the hard negative mining introduced by
Liu et al. [21], we sort all negatives based on the predicted
relation score G/ ;1 and choose the top kpeg % || most chal-
lenging negatives. Similarly, we extract kyon X |€| hard sam-
ples from the non-matching region. As the non-matching
region typically encompasses a substantial part of the graph
G, this approach notably diminishes sparsity.

3.3.2 Connectivity Prediction

Influenced by Graph-RCNN [40] that predicted a related-
ness to prune object pairs, we propose a connectivity pre-
diction that predicts whether at least one edge between two
object nodes exists for the relation extraction. We get a
connectivity graph £ € RN*N*1 in a similar way to get
the relation graph in Eq. (6) with the same relation source
representations. Instead of MLP, for multi-label predic-
tion, we use another MLP.,, for binary classification. We
calculate the binary cross entropy loss from the permutated
connectivity graph as follows: Lo, = £T(E’ VE).

3.3.3 Inference

For model inference, we get triplet scores by multiplying
predicate score Gijk by the corresponding class scores of
o5 and @j‘ Note that we set éiik to 0 to prevent self-
connections in which the subject and object are the same
entity. In addition, we enhance the triplet scores by utilizing
the connectivity score EAij k- By multiplying the connectiv-
ity score, we can effectively filter out the triplets that are not
likely to have a relation between the subject and object.

4. Experiments
4.1. Datasets and Evaluation Settings

We conduct experiments on two SGG datasets. We describe
the datasets and evaluation settings for each dataset. De-
tailed settings for each dataset are presented in the supple-
mentary materials.

Visual Genome. Visual Genome [12] is the most repre-
sentative SGG dataset, consisting of 57K training images,
5K validation images, and 26K test images. We follow
the popular Visual Genome split, retaining the most fre-
quent 150 object categories and 50 relation categories. We
adopt Scene Graph Detection (SGDet) evaluation settings
and report Recall@k (R@FK) which is class agnostic and
mean Recall@k (mR@Fk) that aggregates the recalls for
each predicate category. Following Motifs [42], these met-
rics are measures with graph constraint, which means each

object pair can have a single predicate category. Since they
are only related to triplet detection of the scene graph, we
report AP50 that evaluates the detection performance of all
objects appearing in the scene. Furthermore, we report the
number of model parameters and Frames Per Second (FPS)
to measure efficiency.

Open Image V6. Open Image V6 [13] is also widely used
dataset, comprising of 126K images for training, 2K for val-
idation, and 5K for test set. It includes 601 object categories
and 30 relation categories. For evaluation, we adopt both
recall and weighted mean AP (wmAP) following standard
settings. For recall evaluation, micro-R@50 is adopted. The
wmAP is evaluated with two settings: wmAP, for predict-
ing boxes of subject entity and object entity separately and
wmAP,,, for predicting a union box of them. The final
score is calculated by 0.2 X micro-R@50+0.4 X WwmAP, +
0.4 x wmAP,.

4.2. Implementation Details

We employ Deformable DETR [46] that improves the con-
vergence speed of the DETR with ResNet-50 [6] as a back-
bone. It is worth noting that our approach can be ex-
tended to any object detector that incorporates self-attention
mechanisms between object features, including models like
DETR [1], Sparse R-CNN [32], and others. We follow
the configurations of the original Deformable DETR, ex-
cept that we use only 200 object queries. To speed up con-
vergence, we first train the object detector with the target
dataset and subsequently train the SGG task using the pre-
trained object detector, similar to prior work [17]. To cal-
culate the overall loss in Equation 7, Ay is set to 15. Acon
is set to 30 and 90 for the Visual Genome and Open Image
V6, respectively. We set o as 10714 for adaptive smoothing
and both kpeg and kpop are set to 80.

4.3. Results

We present quantitative results and perform a compara-
tive analysis of our proposed framework with representative
SGG models. Additional experimental results are included
in the supplementary materials.

Visual Genome. Visual Genome results are shown
in Tab. 1. Our proposed method demonstrates compet-
itive performance with the current one-stage SGG mod-
els that have 1.5 to 6.5 times larger parameters with the
fastest inference speed. In particular, our method achieves
the highest object detection performance and shows com-
parable performance in the triplet detection compared to
SSR-CNN [35], the state-of-the-art method. The results
demonstrate that our method can generate scene graphs in
an efficient and effective way by exploiting the by-products
of the object detector. By applying logit adjustment [35],
a technique for predicting tail predicate classes well, our
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| Model | #params(M)  FPS | AP50 | R@20 R@50 R@100 | mR@20 mR@50  mR@100
IMP (EBM) [31, 39] 322.2 2.0 28.1 18.1 25.9 312 2.8 42 54
VTransE [44] 312.3 3.5 - 24.5 313 355 5.1 6.8 8.0
o | Motifs [42] 369.9 1.9 28.1 25.1 32.1 36.9 4.1 55 6.8
£ | VCTree [33] 361.5 0.8 28.1 24.8 31.8 36.1 4.9 6.6 7.7
& | VCTree (TDE) [33, 34] 361.3 0.8 28.1 14.0 19.4 232 6.9 9.3 111
E | VCTree (EBM) [31, 33] 372.5 - 28.1 24.2 314 359 5.7 7.7 9.1
GPS-Net [19] - - - - 31.1 359 - 6.7 8.6
BGNN [16] 341.9 1.7 29.0 233 31.0 35.8 75 10.7 12.6
FCSGG [20] 87.1 6.0 28.5 16.1 213 25.1 2.7 36 42
RelTR [7] 63.7 134 | 264 21.2 275 - 6.8 10.8 -
SGTR [17] 117.1 6.2 254 - 24.6 28.4 - 12.0 15.2
Relationformer [29] 92.9 8.5 26.3 222 28.4 313 4.6 9.3 10.7
& | Iterative SGG [9] 93.5 60 | 27.7% - 297 32.1 - 8.0 8.8
% | SSR-CNN[33] 274.3 40 | 23.8% 258 327 36.9 6.1 8.4 10.0
2 | SSR-CNN[35] 14 r—0.3 274.3 40 | 23.8% 18.4 233 26.5 135 17.9 214
EGTR (Ours) 42.5 14.7 30.8 23.5 302 343 55 7.9 10.1
EGTR (Ours) 1o 0.7 4.5 14.7 30.8 15.7 18.7 20.5 12.1 17.8 21.7
EGTR (Ours) 14 0.5 4.5 14.7 30.8 19.7 2422 26.7 11.0 17.1 214
EGTR (Ours) |4 7—0.3 425 147 | 308 2.4 28.2 317 3.8 14.0 183

Table 1. Graph-Constraint results on the test set of Visual Genome dataset. We report the results of representative two-stage SGG
models based on the Faster R-CNN [27] object detector with a ResNeXt-101-FPN [18, 38] backbone and concurrent one-stage SGG
models. Among the one-stage models, the best is highlighted in bold, and the second-best is indicated with underlining. LA denotes logit
adjustment proposed in SSR-CNN [35]. f represents that we concatenate the predicted subjects and objects and then apply non-maximum-
suppression with a threshold of 0.3. Izalic indicates the evaluation of metrics using publicly available model checkpoints. FPS is measured
with a single V100 for images resized to a minimum of 600 for the shortest side and a maximum of 1000 for the longest side.

Model score micro-R@50 WMAP | wWmAPp,
Motifs [42] 38.9 71.6 29.9 31.6
VCTree [33] 40.2 74.1 342 33.1
GPS-Net [19] 41.7 74.8 329 34.0
BGNN [16] 42.1 75.0 335 342
RelTR [7] 43.0 71.7 342 375
SGTR [17] 423 59.9 37.0 38.7
SSR-CNN [35] 494 76.7 41.5 43.6
EGTR (Ours) 48.6 75.0 42.0 419

Table 2. Results on test set of Open Image V6. The score is a
weighted sum of micro-R@50, wmAP;.;, and wmAP .

method performs favorably in the trade-off between R@k
and mR @k, showing superiority over existing state-of-the-
art models. Note that for triplet detection models [9, 35]
without an explicit object detector, AP50 is measured by
applying non-maximum-suppression (NMS) to the union of
predicted subjects and objects set. AP50 performance is
discussed further in the section 4.5.

Open Image V6. As depicted in Tab. 2, the experiments
conducted on the Open Image V6 dataset also demon-
strate competitive performance, underscoring the effective-
ness and robustness of our method across different datasets.

4.4. Ablation Studies

We analyze the effects of our model components. All of the
ablation studies are done with the Visual Genome dataset.

Relation Sources. In Tab. 3, we investigate the source of

relations used for the relation extractor. To verify the ben-
efits of using attention queries and keys, we change Q' and
K'in Eq. (3) to Z!, the hidden states of each layer. Re-
markably, when simply using the hidden states of all layers,
the triplet detection performance decreases. Surprisingly,
the performance is lower than that of using only R, from
the last layer. On the other hand, when only attention by-
products are used as a relation source, the performance is
similar to that of using only hidden states of the last layer,
the most contextualized representations for detecting ob-
jects. Incorporating both attention by-products and final
hidden states yields improved performance by amalgamat-
ing varied information. The results underscore that the at-
tention by-products of the object detectors contain rich in-
formation for relation extraction.

Training Techniques. In Tab. 4, we ablate proposed tech-
niques. Without any techniques, our model framework
shows low performance. When each technique is applied,
it substantially improves both R@50 and mR @50, and the
best performance is achieved when all techniques are com-
bined. The results demonstrate that our proposed tech-
niques help to train the model framework effectively. Addi-
tional experimental results are provided in the supplemen-
tary materials.

Sampling Methodology. In Tab. 5, we investigate the im-
pact of hard sampling methods for the negative and non-
matching regions. Hard negatives and hard non-matchings
show a trade-off that improves the performance of R@50
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R! source R}, R, R@50 mR@50 Model AP50 AP50,) AP50,0.rel
Q' & K! v v 30.2 7.9 Iterative SGG [9]F 27.7 24.3 7.8
A v v 29.6 74 SSR-CNN [35]F 23.8 20.2 74
- v 29.9 7.6 EGTR (Ours) 30.8 243 10.7
Q' & K! v 29.8 7.7
Table 6. AP50 for two subsets of objects. AP50..; and AP50n.-rel
Table 3. Ablation study on relation source. denote scores evaluated only on objects having at least one edge
and no edge, respectively. Note that each measure operates on its
adaptive smoothing Lecon sampling R@50 mR@50 upique sc.ale.since the groupfi-truth Objet.:ts useq for each measure
differ. { indicates that additional NMS is applied to the union of
26.6 >3 subjects and objects set.
v 28.3 6.5
v 29.6 7.0
v 28.9 7.1
v v v 30.2 7.9

Table 4. Ablation study on proposed techniques.

hard negative hard non-matching R@50 mR@50
v v 30.2 7.9
v 30.0 7.1
v 29.6 7.7

Table 5. Ablation study on sampling methods.

and mR @50, respectively, and additional performance im-
provements are achieved for both measures when they are
used together. For hard negatives, we speculate that R@50
performance is improved by selecting negatives for the tail
predicate class, which is likely to exist in reality but is not
in the annotation. For hard non-matchings, mR@50 per-
formance seems to have improved by choosing object can-
didates that are akin to the ground truth objects but un-
matched with them. This encourages the model to pre-
dict diverse predicate classes by preventing duplicate ob-
ject pairs, which are likely to predict head predicate classes,
from being predicted.

4.5. Discussion

Regarding the highest AP50 score, we posit that it is be-
cause our proposed method focuses on not only objects with
relations but also objects without any relations. To validate
this, we calculate AP50 for two subsets of the ground-truth
objects: those with relations and those without relations.
We compare our method with two triplet detection-based
models. Tab. 6 illustrates that our method achieves signif-
icantly high AP50,,.. Considering that triplet detection
performance is related to AP50,.;, while triplet detection-
based models only focus on objects with relations to detect
triplets well, our method is capable of extracting the com-
plete scene graph, including objects without relations.

For further analysis, we visualize bounding boxes for
subjects and objects from the top 20 predictions in Fig. 5.
For SSR-CNN [35], which directly predicts triplets, we ob-
serve a significant number of overlapping bounding boxes.
On the other hand, our proposed model leverages predic-

(a) SSR-CNN [35]

(b) EGTR (Ours)

Figure 5. Comparison of detected subjects and objects. We
select the top 20 predictions of SSR-CNN and EGTR and visualize
bounding boxes of detected subjects and objects.

tions from an explicit object detector, reducing redundant
predictions. Furthermore, our method detects various sub-
jects and objects that appear in the scene rather than focus-
ing on objects that are more likely to have relations.

5. Conclusion

In this study, we propose the lightweight one-stage scene
graph generator EGTR. We significantly reduce the model
complexity by harnessing the relationships among the ob-
ject queries learned from the self-attention layers of the
object decoder. Furthermore, we devise a novel adaptive
smoothing technique that helps multi-task learning of ob-
ject detection and relation extraction by adjusting the re-
lation label according to the object detection performance.
As an auxiliary task of relation extraction, connectivity pre-
diction contributes to the effective learning of EGTR. We
conduct extensive experiments and ablation studies, and the
results demonstrate that EGTR achieves the highest object
detection performance and competitive triplet detection ca-
pabilities with the fastest inference speed.
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