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Abstract

Scene Graph Generation (SGG) aims to identify enti-
ties and predict the relationship triplets <subject, predi-
cate, object> in visual scenes. Given the prevalence of
large visual variations of subject-object pairs even in the
same predicate, it can be quite challenging to model and
refine predicate representations directly across such pairs,
which is however a common strategy adopted by most exist-
ing SGG methods. We observe that visual variations within
the identical triplet are relatively small and certain rela-
tion cues are shared in the same type of triplet, which can
potentially facilitate the relation learning in SGG. More-
over, for the long-tail problem widely studied in SGG task,
it is also crucial to deal with the limited types and quan-
tity of triplets in tail predicates. Accordingly, in this paper,
we propose a Dual-granularity Relation Modeling (DRM)
network to leverage fine-grained triplet cues besides the
coarse-grained predicate ones. DRM utilizes contexts and
semantics of predicate and triplet with Dual-granularity
Constraints, generating compact and balanced representa-
tions from two perspectives to facilitate relation recogni-
tion. Furthermore, a Dual-granularity Knowledge Trans-
fer (DKT) strategy is introduced to transfer variation from
head predicates/triplets to tail ones, aiming to enrich the
pattern diversity of tail classes to alleviate the long-tail
problem. Extensive experiments demonstrate the effective-
ness of our method, which establishes new state-of-the-art
performance on Visual Genome, Open Image, and GQA
datasets. Our code is available at https://github.
com/jkli1998/DRM

1. Introduction
Entities and their associated relationships form the corner-
stones of visual contents in images [14]. Scene Graph Gen-
eration (SGG), a fundamental task in visual scene under-
standing, is designed to detect these entities and predict
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<elephant, eating, leaf>

<man, eating, pizza><bird, eating, fruit>

<elephant, eating, leaf>

Figure 1. The illustration of large visual variations within the pred-
icate “eating”. Identical predicate can appear differently under dis-
tinct subject-object pairs, encompassing a different set of visual
cues within each manifestation. Identifying discriminative rela-
tion cues that are shared across diverse subject-object pairs within
the same predicate can be challenging. Yet, they can be easily cap-
tured when the scope is narrowed to the identical triplet.

their pairwise relationships, encapsulating them into <sub-
ject, predicate, object> triplets [4, 26, 51]. The generated
compact graph-structured image representation can be uti-
lized in a range of applications, e.g. embodied navigation
[7, 33], image retrieval [5, 8], visual question answering
[1, 32], etc., so the SGG task has received widespread at-
tention in recent years [12, 16, 22, 45].

Existing SGG methods are mostly dedicated to generat-
ing discriminative predicate representations for the detected
entities, based on their appearances, relative positions, con-
textual cues, etc. [15, 19, 37, 44, 54]. However, as shown
in Figure 1, large visual variations due to different subject-
object combinations are inherent even in the same predicate,
presenting an obstacle for SGG methods to capture robust
predicate cues across distinct triplet types. To alleviate this
problem, PE-Net [54] utilizes textual semantics of predi-
cate categories as the prototype and model predicate cues
by reducing the intra-class variance and inter-class similar-
ity. Despite the improved prediction accuracy, PE-Net still
follows the previous strategy of straightforwardly amalga-
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mating predicate cues that probably contain extensive visual
variations of diverse triplets.

Moreover, many recent efforts have been devoted to the
long-tail problem in SGG task. Insufficient samples with
limited triplet types lead to the reduced diversity observed
in tail predicate categories, making it a challenging task
to learn and adapt to their distributions. Existing meth-
ods boost model’s attention towards tail predicate categories
through re-sampling [19], re-weighting[28], or the utiliza-
tion of mixture of experts [6, 34]. However, they mostly fall
short of directly tackling the core of the long-tail issue, i.e.,
the insufficient patterns for tail predicates, leaving space for
further improvement.

Reflecting on similarities and differences among predi-
cates, we find that despite the non-negligible or even large
variations inherent in the same predicate, the visual diver-
sity of the same triplet is relatively small (e.g. the two in-
stances of <elephant, eating, leaf> in Figure 1). Accord-
ingly, considering the more fine-grained triplet cues in ad-
dition to the coarse-grained predicate ones can help prevent
the model from getting stuck in the refinement process of
predicate features with potentially large variations, and pro-
mote it to strike a balance between different granularities
during the relationship learning process. For the long-tail
problem in SGG task which primarily emerges due to the
insufficient tail predicate patterns and corresponding lim-
ited types and quantity of triplets, it then becomes a natural
choice to enrich tail predicate patterns using head predicates
and their triplets.

Based on the aforementioned insights, we propose a
Dual-granularity Relation Modeling (DRM) network that
models triplet cues to facilitate predicate learning and trans-
fer knowledge from the head classes to tail classes for rela-
tion recognition. In our DRM network, as shown in Fig-
ure 2, 1) besides a predicate branch that models coarse-
grained predicate cues by leveraging their contextual pred-
icates and subject-object pairs, a triplet branch is also pre-
sented to strengthen fine-grained triplet representations via
jointly exploring their visual contents and corresponding la-
bel semantics. We also devise dual-granularity constraints
to prevent the degradation of predicate and triplet feature
spaces during model training. Subsequently, 2) the Dual-
granularity Knowledge Transfer (DKT) strategy is proposed
to transfer the class variance from head classes to tail ones
from both the predicate and triplet perspectives for unbiased
SGG. Distributions of tail predicates/triplets are designed to
be calibrated using variance from head ones that are most
similar to them. New predicate/triplet samples are gener-
ated as well based on the calibrated distributions to enrich
the pattern diversity of tail predicates/triplets. Extensive ex-
periments conducted on the widely used Visual Genome
[14], Open Image [13], and GQA [10] datasets for SGG
demonstrate the state-of-the-art performance of our method.
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Figure 2. Comparison of different pipelines for relation recog-
nition. Previous methods focus on learning predicate cues shared
across various triplets with diverse visual appearance. Our method
learns and leverages both triplet cues within the same triplet and
predicate cues across triplets, to better handle the visual diversity.

Contributions of this paper can be summarized as:
• We propose to learn scene graphs in a dual-granularity

manner, integrating both coarse-grained predicate cues
and fine-grained triplet cues.

• We introduce the DRM network to model predicate and
triplet cues, and propose the DKT strategy to propagate
knowledge from head predicates/triplets to tail ones to
mitigate the long-tail problem in SGG.

• We comprehensively evaluate the proposed method and
demonstrate its superior performance.

2. Related Work
2.1. Scene Graph Generation

Scene graph is a structured representation of the image con-
tent, where its essential constituents are the relationships (or
triplets <subject, predicate, object>). The direct prediction
of triplet categories presents a significant challenge given
the extensive combinations of subjects, predicates, and ob-
jects. Existing Scene Graph Generation (SGG) methods
[11, 16, 25, 42, 52, 54] decompose this prediction target
into two components: entities and predicates. Early SGG
approaches [26, 49, 51] explore to integrate multiple modal-
ities like positional information and linguistic features into
relationships. Later methodologies [11, 27, 35, 36, 39] iden-
tify the value of visual context in SGG. Some of them en-
code contextual information utilizing techniques e.g. mes-
sage passing [43], LSTM [37, 41, 49], graph neural net-
works [19, 44], and self-attention modules [3, 6, 20]. Oth-
ers [27, 39] refine the detected scene graph and optimize the
features of refined predicates based on high-confidence pre-
dictions. PE-Net [54] proposes to utilize text embeddings
as the centroid of predicates, aiming to minimize the intra-
class variance and the inter-class similarity. Despite the im-
proved prediction accuracy, it is still hard to extract discrim-
inative relation cues across the various subject-object pairs
in the same predicate. The core of this issue lies in the fact
that the identical predicates can manifest differently under
distinct subject-object pairs, encompassing a unique array
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Figure 3. Illustration of the proposed Dual-granularity Relation Modeling (DRM) network. The learning procedure of DRM is composed
of two stages. In the first stage, we capture the coarse-grained predicate cues shared across different subject-object pairs and learn the
fine-grained triplet cues under specific subject-object pairs. In the second stage, the Dual-granularity Knowledge Transfer (DKT) strategy
transfers the variation from head predicates with their associate triplets to the tail. Then DRM exploits the real instances along with
synthetic samples from the calibrated tail distribution to fine-tune the relation classifier, which alleviates the long-tail problem in SGG.

of visual cues within each manifestation. The direct aggre-
gation of predicate features tends to overlook the inherent
triplet cues present under the various subject-object pairs.
We propose to explicitly model both coarse-grained predi-
cate cues and fine-grained triplet cues for biased and unbi-
ased SGG.

2.2. Unbiased Scene Graph Generation

Real-world data tends to obey a long-tailed distribution, and
imbalanced samples in scene graph present the challenge
to learn and adapt to the distribution in the tail predicates
[37, 38, 48, 53]. Recently, many methods have been pro-
posed to deal with the biased prediction problem in scene
graphs, which can be roughly divided into three categories.
The first category of methods use re-balancing strategies
that alleviate the long-tail problem by re-sampling images
and triplet samples to enhance the performance of tail predi-
cates [19] or by enhancing the loss weights of tail predicates
and easily misclassified categories through the pre-defined
Predicate Lattice [28]. The second category of methods
utilize noisy label learning to explicitly re-label relational
triplets missed by annotators and correct the mislabeled
predicates [17, 50]. The last category exploit the mixture
of experts to let different experts separately deal with a sub-
part of predicates and merge their outputs [6, 34]. Different
from these approaches, we mitigate the long-tail problem

in SGG by exploiting knowledge from the head predicates
and triplets. Our method involves transferring the abun-
dant variations from the head predicates and their associate
triplets to the tail, thus enriching patterns of the tail predi-
cates.

3. Method
An overview of our Dual-granularity Relation Modeling
(DRM) network is illustrated in Figure 3. DRM aims to bal-
ance and integrate coarse-grained predicate cues and fine-
grained triplet cues for relation recognition. To this end, a
predicate cue modeling module and a triplet cue modeling
module are designed to extract predicate cues shared across
diverse subject and object pairs, and triplet cues shared
by specific subject-object pairs, respectively. Moreover,
the Dual-granularity Knowledge Transfer (DKT) strategy
is proposed for unbiased SGG. This strategy transfers the
knowledge of both predicates and triplets from head cate-
gories to tail ones, with the objective of enriching the pat-
tern of tail predicates and their associated triplets.

3.1. The DRM Network Backbone

The backbone of our DRM network is composed of a pro-
posal network and an entity encoder. Features generated by
the backbone are further fed into subsequent predicate and
triplet cue modeling modules.
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Proposal Network. Given an image I, the proposal net-
work generates N entities along with their corresponding
visual features, label predictions, and spatial features from
their bounding boxes. A pre-trained Faster RCNN [31] is
adopted as the proposal network in this paper. And follow-
ing previous works [6, 19, 37, 49], we initialize the entity
representations {vi}Ni=1 with their visual and spatial fea-
tures, encode the union feature ui,j between the i-th entity
and the j-th entity with their relative spatial representation
and the ROI feature of their union box, and obtain the se-
mantic features {si}Ni=1 of entities using word embeddings
of their class labels.

Entity Encoder. The entity encoder is designed to refine
features of entities with their contexts for further predic-
tions. Inspired by Dong et al. [6], we utilize the Hybrid At-
tention (HA) to incorporate semantic cues {si}Ni=1 into en-
tities {vi}Ni=1 while modeling the scene context. Each layer
of Hybrid Attention is composed of two Self-Attention (SA)
units and two Cross-Attention (CA) units, which is built
upon the multi-head attention module [40]. The Hybrid At-
tention at the l-th layer can be formulated as:{

X(l) = SA(X(l−1)) + CA(X(l−1),Y(l−1)),

Y(l) = SA(Y(l−1)) + CA(Y(l−1),X(l−1)),
(1)

where X(l−1) and Y(l−1) are inputs of the l-th HA layer.
We directly fuse outputs of SA and CA units with an addi-
tion operation.

Our entity encoder Encent is consisted of a stacked 4-
layer Hybrid Attention, and we have X(0) = {vi}Ni=1,
Y(0) = {si}Ni=1, and:

{v′
i}Ni=1 = Encent({vi}Ni=1, {si}Ni=1), (2)

where the refined entity representations {v′
i}Ni=1 are ob-

tained by summing up of outputs from the last HA layer.

3.2. Predicate and Triplet Cue Modeling

Previous approaches tend to categorize predicates in a
coarse manner, most of which only focus on predicate cues
shared among various subject-object pairs, and thus cannot
effectively deal with the potentially large visual variations
inherent in the identical predicate. In contrast to these ap-
proaches, our method considers both coarse-grained predi-
cate cues and fine-grained triplet cues, leveraging and strik-
ing a balance between the dual-grained cues for accurate
predicate categorization. Our DRM network involves a
Predicate Cue Modeling module and a Triplet Cue Model-
ing module for extracting features at these two granularities
respectively. Additionally, we introduce Dual-Granularity
Constraints to decrease the intra-class variance and increase
inter-class distinguishability, explicitly enforcing the predi-
cate and triplet branches to concentrate on cues from their

corresponding granularities and preventing the degradation
of dual-granularity space.

Predicate Cue Modeling. Our predicate cue model-
ing module Encprd, comprising a 2-layer Hybrid Atten-
tion, aims to capture predicate cues across different subject-
object pairs. In each HA layer of Encprd, the two Self-
Attention units are designed to model predicate and entity
contextual information. And the two Cross-Attention units
are designed to capture the dependency between entities and
predicates, where the predicate pi,j solely queries the con-
texts of its corresponding subject ei and object ej , and the
entity ei only queries predicates related to it. Our Predicate
Cue Modeling process can thus be formulated as:

{p′
i,j}Mi ̸=j = Encprd({pi,j}Mi ̸=j , {ei}Ni=1), (3)

where the predicate representation pi,j is initialized with
the union feature ui,j , the entity representation ei is ob-
tained with the concatenation of v′

i and vi, M = N×(N−
1) is the number of subject-object pairs, and p′

i,j is the cor-
responding output of pi,j at the last HA layer.

Triplet Cue Modeling. Our triplet cue modeling mod-
ule Enctpt is also constructed using a 2-layer Hybrid Atten-
tion. This module is responsible for obtaining fine-grained
triplet cues that are shared by specific subject-object pairs.
The two Self-Attention units in each HA layer of Enctpt
are designed to model visual and semantic contextual infor-
mation of triplets, respectively, and the two Cross-Attention
units aim at fusing semantic cues into the visual information
of triplets. We initialize the triplet representation ti,j with
the concatenation of the subject representation ei, predi-
cate representation pi,j , and object representation ej . Our
Triplet Cue Modeling process is formulated as:

{t′i,j}Mi ̸=j = Enctpt({ti,j}Mi̸=j , {[s′i, s′j ]}Mi ̸=j), (4)

where s′i is the word embedding of predicted entity label,
and [·, ·] denotes the concatenate operation. t′i,j is the con-
textually and semantically aware triplet feature, and is de-
rived from the addition of outputs from the last HA layer.

Dual-granularity Constraints. Although we explicitly
model predicate and triplet cues with Encprd and Enctpt,
they may degrade beyond our desires with a single predicate
cross-entropy loss. To prevent this degradation, we propose
the dual-granularity constraints to guide the predicate and
triplet cue modeling modules to refine representations in
their desired granularities. Specifically, we generate two
views of an input relation and impose a predicate category-
aware supervised contrastive learning loss on predicate rep-
resentations to capture the coarse-grained predicate cues as:

Lp = − log
exp(⟨p′′

i,j ,p
′′
posp⟩/τp)∑

b∈B(i,j) exp(⟨p′′
i,j ,p

′′
b ⟩/τp)

, (5)

where p′′
i,j is obtained by passing p′

i,j through a projection
layer comprising two fully connected layers, τp is the tem-
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perature, posp denotes the subscripts of positive samples
belonging to the same predicate category as p′′

i,j , ⟨·, ·⟩ is the
cosine similarity function, and B(i, j) denotes the subscript
set of samples within the same batch.

Similarly, a triplet category-aware supervised contrastive
learning loss is applied on triplet representations, aiming at
capturing the fine-grained triplet cues as:

Lt = − log
exp(⟨t′′i,j , t′′post⟩/τt)∑

b∈B(i,j) exp(⟨t′′i,j , t′′b ⟩/τt)
, (6)

where τt is the temperature, post denotes subscripts of pos-
itive samples from the same triplet category as t′′i,j , and t′′i,j
is obtained by passing t′i,j through a projection layer.

Scene Graph Prediction. For each relationship pro-
posal, our predicate classifier utilizes two fully connected
layers to integrate the coarse-grained and fine-grained cues,
i.e. p′

i,j and t′i,j , to obtain the final relation label prediction.
For each entity, we also introduce a fully connected layer
with softmax function to get its refined label prediction.

Training Loss. During the training in the first stage of
DRM, the overall loss function L is defined as:

L = λeLe + λrLr + λpLp + λtLt, (7)

where Le and Lr are cross-entropy losses of entities and re-
lationships respectively. λe, λr, λp, and λt are pre-defined
weight hyper-parameters for corresponding loss terms.

3.3. Dual-granularity Knowledge Transfer

The SGG task typically suffers from the long-tail distribu-
tion problem. This problem primarily originates from the
tail predicate classes, which possesses limited types and
quantities of triplets. The head predicate classes contain
a relatively larger number of samples and an abundance of
triplet types. Thus to alleviate the long-tail problem, we
propose the Dual-granularity Knowledge Transfer (DKT)
strategy to transfer knowledge in predicate and triplet fea-
ture spaces from head predicate class to the tail one. DKT
generates samples belonging to the tail predicates with their
associated predicate and triplet features, thereby enriching
and diversifying the patterns of tail predicates.

Specifically, DKT first calculates the distributions of
predicate and triplet features. We assume that the distribu-
tion of each category Ωc follows a multidimensional Gaus-
sian distribution. Formally, it can be expressed as {Ωc =
N (µc,σc)|c ∈ C}, where µc and σc denote the mean and
covariance of Ωc, and c denotes the predicate or triplet cate-
gory. After the first-stage pre-training of DRM network, we
freeze the proposal network, entity encoder, and the pred-
icate and triplet cue modeling modules. Subsequently, the
compact predicate and triplet features, i.e. p′ and t′, are ex-
tracted to calculate the predicate and triplet feature distribu-
tions, respectively. The mean, denoted as µc, is calculated

as µc =
1
Nc

∑Nc

k xc
k. The covariance, symbolized as σc, is

calculated as σc =
1

Nc−1

∑Nc

k (xc
k−µc)(x

c
k−µc)

T . Here,
xc
i denotes the feature of category c, and Nc is the number

of xc
k. The feature x can be either p′ or t′.

We then transfer knowledge of feature distributions of
head predicate classes to the tail ones. Specifically, we ar-
range the predicate classes in descending order based on
their sample numbers, choosing half of the predicate classes
as head predicates and the remaining ones as tail predicates.
We further select triplets that appear more than certain times
in the head predicates to be the head triplets (we use 64
times as the threshold in this paper), and those in the tail
predicates to be the tail triplets. For each tail category i ∈ C,
we compute the euclidean distance di,j between its center
µi and the center µj of head category j ∈ C. The closer the
centers of two categories are to each other in either predicate
or triplet space, the more similar they are, which also in-
creases the likelihood of knowledge sharing between them.
Based on di,j , we achieve the knowledge transfer as:

σ′
i =

Ni

Qi
σi + (1− Ni

Qi
)
∑
j

αi,jσj , (8)

where αi,j denotes the softmax normalized form of di,j , Qi

denotes the desired number of predicate/triplet instances of
tail class i and it is identical for every predicates in the tail.
It suggests that the tail category with fewer samples requires
more knowledge from the head for calibration.

After dual-granularity knowledge transfer, we gener-
ate synthetic samples in tail predicate using corresponding
predicate and triplet features from calibrated distributions:

{x̃|x̃ ∼ Ω′
c = N (µc,σ

′
c)}. (9)

Finally, we under-sample head predicates to form a bal-
anced dataset and input the real instances together with syn-
thetic ones into the relation classifier for fine-tuning. Bene-
fiting from the dual-granularity knowledge transfer, the pat-
terns of tail predicates and their associate triplets can be en-
riched, thus alleviating the long-tail problem.

4. Experiments
4.1. Experimental Settings

Datasets. We evaluate our method on three commonly
used SGG datasets, namely Visual Genome [14], Open Im-
age [13], and GQA [10]. For the Visual Genome dataset,
we adopt the VG150 split following previous approaches
[23, 29, 37, 43, 49], which contains the most frequent 150
object categories and 50 predicate categories. We use 70%
of images for training, 30% images for testing and 5k im-
ages from the training set for validation. As for Open Im-
age, we apply the Open Image V6 protocol, which has 301
object categories and 31 predicate categories. It contains
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Models PredCls SGCls SGDet
R@50/100 mR@50/100 R@50/100 mR@50/100 R@50/100 mR@50/100

IMP [43]CVPR’17 61.1 / 63.1 11.0 / 11.8 37.5 / 38.5 6.2 / 6.5 25.9 / 31.2 4.2 / 5.3
VTransE [51]CVPR’17 65.7 / 67.6 14.7 / 15.8 38.6 / 39.4 8.2 / 8.7 29.7 / 34.3 5.0 / 6.1
MOTIFS [49]CVPR’18 66.0 / 67.9 14.6 / 15.8 39.1 / 39.9 8.0 / 8.5 32.1 / 36.9 5.5 / 6.8
G-RCNN [44]ECCV’18 65.4 / 67.2 16.4 / 17.2 37.0 / 38.5 9.0 / 9.5 29.7 / 32.8 5.8 / 6.6
VCTREE [37]CVPR’19 65.5 / 67.4 16.7 / 17.9 40.3 / 41.6 7.9 / 8.3 31.9 / 36.0 6.4 / 7.3
GPS-Net [22]CVPR’20 65.2 / 67.1 15.2 / 16.6 37.8 / 39.2 8.5 / 9.1 31.3 / 35.9 6.7 / 8.6
RU-Net [24]CVPR’22 67.7 / 69.6 - / 24.2 42.4 / 43.3 - / 14.6 32.9 / 37.5 - / 10.8
HL-Net [23]CVPR’22 67.0 / 68.9 - / 22.8 42.6 / 43.5 - / 13.5 33.7 / 38.1 - / 9.2
PE-Net(P) [54]CVPR’23 68.2 / 70.1 23.1 / 25.4 41.3 / 42.3 13.1 / 14.8 32.4 / 36.9 8.9 / 11.0
VETO [34]ICCV’23 64.2 / 66.3 22.8 / 24.7 35.7 / 36.9 11.1 / 11.9 27.5 / 31.5 8.1 / 9.5
TDE⋄ [38]CVPR’20 46.2 / 51.4 25.5 / 29.1 27.7 / 29.9 13.1 / 14.9 16.9 / 20.3 8.2 / 9.8
CogTree⋄ [47]IJCAI’21 35.6 / 36.8 26.4 / 29.0 21.6 / 22.2 14.9 / 16.1 20.0 / 22.1 10.4 / 11.8
BPL-SA⋄ [9]ICCV’21 50.7 / 52.5 29.7 / 31.7 30.1 / 31.0 16.5 / 17.5 23.0 / 26.9 13.5 / 15.6
VisualDS⋄ [46]ICCV’21 - / - 16.1 / 17.5 - / - 9.3 / 9.9 - / - 7.0 / 8.3
NICE⋄ [17]CVPR’22 55.1 / 57.2 29.9 / 32.3 33.1 / 34.0 16.6 / 17.9 27.8 / 31.8 12.2 / 14.4
PPDL⋄ [21]CVPR’22 47.2 / 47.6 32.2 / 33.3 28.4 / 29.3 17.5 / 18.2 21.2 / 23.9 11.4 / 13.5
GCL⋄ [6]CVPR’22 42.7 / 44.4 36.1 / 38.2 26.1 / 27.1 20.8 / 21.8 18.4 / 22.0 16.8 / 19.3
IETrans⋄ [50]ECCV’22 - / - 35.8 / 39.1 - / - 21.5 / 22.8 - / - 15.5 / 18.0
INF⋄ [2]CVPR’23 51.5 / 55.1 24.7 / 30.7 32.2 / 33.8 14.5 / 17.4 23.9 / 27.1 9.4 / 11.7
CFA⋄ [18]ICCV’23 54.1 / 56.6 35.7 / 38.2 34.9 / 36.1 17.0 / 18.4 27.4 / 31.8 13.2 / 15.5
EICR⋄ [29]ICCV’23 55.3 / 57.4 34.9 / 37.0 34.5 / 35.4 20.8 / 21.8 27.9 / 32.2 15.5 / 18.2
BGNN [19]CVPR’21 59.2 / 61.3 30.4 / 32.9 37.4 / 38.5 14.3 / 16.5 31.0 / 35.8 10.7 / 12.6
SHA+GCL [6]CVPR’22 35.1 / 37.2 41.6 / 44.1 22.8 / 23.9 23.0 / 24.3 14.9 / 18.2 17.9 / 20.9
PE-Net [54]CVPR’23 64.9 / 67.2 31.5 / 33.8 39.4 / 40.7 17.8 / 18.9 30.7 / 35.2 12.4 / 14.5
SQUAT [12]ICCV’23 55.7 / 57.9 30.9 / 33.4 33.1 / 34.4 17.5 / 18.8 24.5 / 28.9 14.1 / 16.5
CaCao [48]ICCV’23 - / - 41.7 / 43.7 - / - 24.0 / 25.0 - / - 18.3 / 22.1
DRM w/o DKT 70.2 / 72.1 23.3 / 25.6 44.3 / 45.2 13.5 / 14.6 34.0 / 38.9 9.0 / 11.2
DRM 43.9 / 45.8 47.1 / 49.6 27.5 / 28.4 27.8 / 29.2 19.0 / 22.9 20.4 / 24.1

Table 1. Comparison results with state-of-the-art SGG methods on the VG150 dataset. “⋄” denotes the combination of MOTIFS with a
model-agnostic unbiasing strategy. The best and second best results under each setting are respectively marked in red and underline blue.

Model R@50 WmAP
scorewtdrel phr

MOTIFS [49]CVPR’18 71.6 29.9 31.6 38.9
G-RCNN [44]ECCV’18 74.5 33.2 34.2 41.8
VCTREE [37]CVPR’19 74.1 34.2 33.1 40.2
GPS-Net [22]CVPR’20 74.8 32.9 34.0 41.7
BGNN [19]CVPR’21 75.0 33.5 34.2 42.1
RU-Net [24]CVPR’22 76.9 35.4 34.9 43.5
HL-Net [23]CVPR’22 76.5 35.1 34.7 43.2
PE-Net [54]CVPR’23 76.5 36.6 37.4 44.9
SQUAT [12]ICCV’23 75.8 34.9 35.9 43.5
DRM w/o DKT 75.9 40.5 41.4 47.9

Table 2. Comparison results with state-of-the-art SGG methods
on Open Image V6. The best and second best results under each
metric are respectively marked in red and underline blue.

126,368, 1,183, and 5,322 images for training, validation,
and testing, respectively. For the GQA dataset, we follow
previous works [6, 34] and utilize the GQA200 split, which
includes 200 object categories and 100 predicate categories.

Tasks. We adopt three SGG tasks for evaluation: 1)
Predicate Classification (Predcls) infers the predicates of
entity pairs with ground-truth bounding boxes and cate-

gories. 2) Scene Graph Classification (SGCls) aims to pre-
dict the triplet categories with ground-truth bounding boxes.
3) Scene Graph Detection (SGDet) detects bounding boxes
of entity pairs and infers their predicate categories.

Evaluation Metrics. We use Recall@K (R@K) and
mean Recall@K (mR@K) as evaluation metrics on VG150
and GQA200 datasets, following recent works [6, 34, 54].
R@K tends to prioritize frequent predicates, while mR@K
exhibits a preference for less frequent predicates. Re-
sults on Open Image dataset are evaluated using Recall@50
(R@50), weighted mean AP of relations (wmAPrel),
weighted mean AP of phrase (wmAPphr), and a weighted
score of them scorewtd = 0.2×R@50+0.4×wmAPrel+
0.4× wmAPphr, following previous works [19, 23, 52].

Implementation Details. Following previous works
[6, 34, 54], we adopt the pre-trained Faster RCNN with
ResNeXt-101-RPN in the proposal network to detect en-
tities in the image. GloVe [30] is applied to embed the se-
mantic features. We set the loss weight parameters λr, λe,
λt, and λp as 3, 0.5, 0.1, and 0.1, respectively. Tempera-
tures τp and τt are set as 0.2, and 0.1 considering that the
predicate feature space exhibits greater variety than its asso-
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Models PredCls SGCls SGDet
R@50/100 mR@50/100 R@50/100 mR@50/100 R@50/100 mR@50/100

VTransE [51]CVPR’17 55.7 / 57.9 14.0 / 15.0 33.4 / 34.2 8.1 / 8.7 27.2 / 30.7 5.8 / 6.6
MOTIFS [49]CVPR’18 65.3 / 66.8 16.4 / 17.1 34.2 / 34.9 8.2 / 8.6 28.9 / 33.1 6.4 / 7.7
VCTREE [37]CVPR’19 63.8 / 65.7 16.6 / 17.4 34.1 / 34.8 7.9 / 8.3 28.3 / 31.9 6.5 / 7.4
SHA [6]CVPR’22 63.3 / 65.2 19.5 / 21.1 32.7 / 33.6 8.5 / 9.0 25.5 / 29.1 6.6 / 7.8
VETO [34]ICCV’23 64.5 / 66.0 21.2 / 22.1 30.4 / 31.5 8.6 / 9.1 26.1 / 29.0 7.0 / 8.1
VTransE+GCL [6]CVPR’22 35.5 / 37.4 30.4 / 32.3 22.9 / 23.6 16.6 / 17.4 15.3 / 18.0 14.7 / 16.4
MOTIFS+GCL [6]CVPR’22 44.5 / 46.2 36.7 / 38.1 23.2 / 24.0 17.3 / 18.1 18.5 / 21.8 16.8 / 18.8
VCTREE+GCL [6]CVPR’22 44.8 / 46.6 35.4 / 36.7 23.7 / 24.5 17.3 / 18.0 17.6 / 20.7 15.6 / 17.8
SHA+GCL [6]CVPR’22 42.7 / 44.5 41.0 / 42.7 21.4 / 22.2 20.6 / 21.3 14.8 / 17.9 17.8 / 20.1
DRM w/o DKT 66.9 / 68.4 18.1 / 19.0 36.4 / 37.2 7.1 / 7.4 30.6 / 34.6 6.9 / 8.4
DRM 43.2 / 44.4 41.9 / 43.5 23.3 / 23.9 19.9 / 20.7 18.6 / 21.7 18.9 / 21.0

Table 3. Comparison results with state-of-the-art SGG methods on the GQA200 dataset. The best and second best results under each
setting are respectively marked in red and underline blue.

Module PredCls SGCls
P T A C R@50/100 mR@50/100 R@50/100 mR@50/100

56.5/60.4 15.5/17.4 37.5/39.3 10.1/11.3
! 67.6/69.5 18.1/19.9 41.8/42.7 10.8/11.8
! 67.6/69.8 20.5/22.5 42.3/43.2 12.6/13.6

! ! 69.3/71.3 20.8/22.8 42.8/43.8 12.8/13.9
! ! ! 69.8/71.6 20.4/22.3 43.4/44.4 12.8/13.8
! ! ! 69.8/71.6 22.0/24.0 43.4/44.3 12.3/13.3
! ! ! 69.7/71.5 21.9/24.3 43.8/44.8 12.7/13.9

! ! ! ! 70.2/72.1 23.3/25.6 44.3/45.2 13.5/14.6

Table 4. Ablation studies on predicate and triplet cues learning.
“P”, “T”, “A”, and “C” denote the predicate cue modeling mod-
ule, triplet cue modeling module, augmentation in dual-granularity
constraints, and the dual-granularity constraints loss, respectively.

Module PredCls SGCls
R@50/100 mR@50/100 R@50/100 mR@50/100

None 70.2/72.1 23.3/25.6 44.3/45.2 13.5/14.6
DKT-P 42.4/44.2 45.0/47.3 26.8/27.8 26.9/28.1
DKT-T 40.4/42.2 46.1/48.7 24.3/25.3 26.4/28.0
DKT 43.9/45.8 47.1/49.6 27.5/28.4 27.8/29.2

Table 5. Ablation studies on dual-granularity knowledge transfer.
“DKT-P” and “DKT-T” denote the predicate knowledge transfer
and triplet knowledge transfer.

ciated triplet one. We optimize our method via SGD, using
an initial leaning late of 10−4 with a batch size of 16.

4.2. Comparison with State-of-the-art Methods

To evaluate the performance our model, we compare it with
several state-of-the-art SGG approaches on Visual Genome,
Open Image, and GQA datasets. The comparison methods
include IMP [43], MOTIFS [49], VCTREE [37], RU-Net
[24], HL-Net [23], PE-Net [54], and VETO [34], which
focus on the prediction of every relationship in an image.
We also compare with methods for unbiased scene graph
generation, including TDE [38], CogTree [47], NICE [17],
INF [2], CFA [18], EICR [29], BGNN [19], SHA+GCL
[6], SQUAT [12], and CaCao[48]. In addition, we compare

our method with VETO+MEET [34] in the setting without
graph constraint in the Supplementary Material.

Visual Genome. Table 1 shows the comparison re-
sults of different approaches on VG150. From these re-
sults, we have the following observations: 1) our pro-
posed method significantly outperforms all baselines on all
three tasks. More specifically, our DRM w/o DKT outper-
forms the recent PE-Net [54] by 2.0%, 2.9%, and 2.0% at
R@100 on PredCls, SGCls, and SGDet, respectively. Un-
like approaches such as MOTIFS [49] and VCTREE [37],
which only utilize a predicate classifier to predict predicates
and overlook the triplet cues, our method leverages coarse-
grained predicate cues and fine-grained triplet cues for re-
lation recognition and thus achieves superior results. 2)
Our DRM method also has considerably better performance
compared to the baseline unbiased SGG methods. Notably,
based on the proposed DKT strategy in DRM, our method
outperforms the recent multi-expert method SHA+GCL [6]
by 5.5%, 4.9%, and 3.2% at mR@100 on three tasks. This
demonstrates that transferring knowledge from head pred-
icates to tail predicates at dual granularities and enriching
the patterns in tail predicates can effectively mitigate the
long-tail problem.

Open Image. Compared to the VG dataset, Open Image
provides a relatively complete labeling of relationships in
the images. Consequently, the model’s capability to gener-
ate scene graphs can be evaluated at a fine-grained level uti-
lizing the AP metric. To evaluate the generalizability of our
method across various datasets, we conduct experiments on
Open Image V6. Since the metrics in Open Image V6 tend
to prioritize frequent predicates, we just compare our DRM
w/o DKT with state-of-the-art approaches. The compari-
son results shown in Table 2 indicate that our DRM w/o
DKT significantly outperforms the recent approaches, i.e.,
SQUAT [12] and PE-Net [54].

GQA. Compared to Visual Genome and Open Image
datasets, GQA200 contains a broader range of predicates.
So we further confirm the generality of our model on the
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(a) MOTIFS, Triplet

tail triplet

(b) DRM w/o DKT, Triplet

generated triplet

(c) DRM, Triplet

tail predicate

(d) DRM w/o DKT, Predicate

generated predicate

(e) DRM, Predicate

Figure 4. The comparison of t-SNE visualization results on predicate and triplet feature distributions within the VG dataset. “MOTIFS,
Triplet” and “DRM w/o DKT, Triplet” visualize the same set of samples, where each unique color represents a different type of triplet.

GQA200 dataset. As shown in Table 3, our method sig-
nificantly outperforms the recent VETO [34] at R@100 on
three tasks. When equipped with DKT, our DRM outper-
forms SHA+GCL [6] by an average of 0.4% at mR@100
across three tasks. These results demonstrate the consistent
effectiveness of our method in handling relation recognition
under different data distributions.

4.3. Ablation Study

To verify the contributions of different components in our
DRM network, we conduct the following ablation studies.

Predicate and Triplet Cue Learning. We first perform
an ablation study on the leverage of predicate and triplet
cues. As shown in Table 4, we incrementally incorpo-
rate one component into the baseline to verify their effec-
tiveness. Compared with the application of predicate or
triplet cue modeling in isolation, leveraging both predicate
and triplet together improves the performance. Our dual-
granularity constraints include a constraint loss component
and a two-view augmentation component to generate pos-
itive pairs in each training batch. The constraints compel
predicate and triplet cue modeling to concentrate on cor-
responding granularities. We observe from the results that
both the loss component and augmentation component con-
tribute to the performance improvements.

Dual-Granularity Knowledge Transfer. As shown in
Table 5, we conduct an ablation study for the DKT. We ob-
serve an obvious performance gain on mR@K when trans-
ferring knowledge at either predicate or triplet granularity.
The mR@K is further improved when predicate and triplet
granularities are simultaneously employed. In comparison
to the scenario without the application of DKT, we observe
a performance decrease in R@K when using it. This is at-
tributed to the capability of our model to reasonably classify
ambiguous head predicates, e.g. “on”, into more specific tail
predicates, e.g. “sitting on”. Consequently, decreases at the
R@K for these head predicates are inevitable [17, 54].

4.4. Visualization Analysis

To illustrate the ability our method to learn triplet cues and
impact of the DKT strategy, we visualize the predicate and

triplet feature distributions using t-SNE. The visualization
results are shown in Figure 4. Comparing Figure 4a with
Figure 4b, we observe that our DRM generates compact
and distinguishable triplet representations, while MOTIFS
[49] appears to overlook the triplet cues, leading to a chal-
lenge in distinguishing various triplet types. By comparing
Figure 4b with Figure 4c, it can be observed that DKT can
generate synthetic samples with diverse distributions for the
tail triplets. Figures 4d and 4e demonstrate that DKT also
transfers the knowledge of head predicates to tail predicates,
increasing the tail predicate patterns. The visualization of
predicate and triplet feature distributions demonstrates the
interpretability of our method in leveraging predicate and
triplet cues and transferring the dual-granularity knowledge.

5. Conclusion

In this paper, we propose a Dual-granularity Relation Mod-
eling (DRM) network to address two issues in SGG, i.e. the
diverse visual appearance within the same predicate and the
lack of patterns in tail predicates. Our DRM network cap-
tures the coarse-grained predicate cues shared across differ-
ent subject-object pairs and fine-grained triplet cues under
specific subject-object pairs for relationship recognition.
The Dual-granularity Knowledge Transfer (DKT) is further
proposed to transfer the variation from head predicates to
the tail to enrich the tail predicate patterns. Quantitative and
qualitative experiments demonstrate that our method estab-
lishes new state-of-the art performances on Visual Genome,
Open Image and GQA datasets.
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