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Abstract

The goal of this paper is to detect objects by exploit-
ing their interrelationships. Contrary to existing methods,
which learn objects and relations separately, our key idea
is to learn the object-relation distribution jointly. We first
propose a novel way of creating a graphical representa-
tion of an image from inter-object relation priors and ini-
tial class predictions, we call a context-likelihood graph.
We then learn the joint distribution with an energy-based
modeling technique which allows to sample and refine the
context-likelihood graph iteratively for a given image. Our
formulation of jointly learning the distribution enables us
to generate a more accurate graph representation of an im-
age which leads to a better object detection performance.
We demonstrate the benefits of our context-likelihood graph
formulation and the energy-based graph refinement via ex-
periments on the Visual Genome and MS-COCO datasets
where we achieve a consistent improvement over object de-
tectors like DETR and Faster-RCNN, as well as alternative
methods modeling object interrelationships separately. Our
method is detector agnostic, end-to-end trainable, and es-
pecially beneficial for rare object classes.

1. Introduction
Object detection is a classical task in computer vi-

sion [2, 29], where methods in the last decade have evolved
from deep convolutional architectures [38, 37, 26, 4] to self-
attention based transformer networks [5, 49, 35, 42]. Al-
though these two approaches vary widely in architecture,
they both focus exclusively on the image space for feature
representation, rather than incorporating contextual seman-
tics about object categories. Once fed with sufficient data,
these architectures might implicitly learn some object rela-
tions, but prior works [21, 45, 46, 44] have shown that ex-
plicitly modeling object relations enhances object detection
performance by a substantial margin.

Amongst existing work on modeling object relations,
Jiang et al. [21] hypothesize that in case a dataset has lit-
tle information about certain classes, incorporating prior

Faster-RCNN [27] Ground truth detections

Initial context-likelihood graph Results after energy-refinement

Figure 1. We generate a context-likelihood graph from the initial
predictions of a base detector, here Faster-RCNN, by incorporating
inter-object relation priors. Having learnt the joint object-relation
distribution, we iteratively sample a refined graph by energy opti-
mization. This enables us to predict objects undetected by Faster-
RCNN, due to their relations or co-occurrence patterns with al-
ready detected objects. For instance, the detection of a face makes
the occurrence of eyes or a nose much more likely and vice versa.
Likewise for the trousers in the presence of a man, which are not
even present in the ground truth.

knowledge in the training of a detector should improve de-
tection. This prior knowledge could be from another source,
or it could even be distilled from the original dataset. The
authors establish a novel way of explicitly incorporating se-
mantic prior knowledge into a base object detection frame-
work by predicting object-relations from features, creating
a graphical representation of the image. Xu et al. [45] pro-
pose to predict object relations solely from object features
and their spatial orientation, without any extra prior infor-
mation, by creating a sparse graphical representation. Both
these methods are dependent on the correctness of the pre-
dicted relations since they refine the object features for clas-
sification. Instead of predicting an explicit graph represen-
tation, Xu et al. [46] enhance object detection by evolv-
ing high-level semantic representations globally, rather than
relying solely on visual features. This is accomplished
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through a network that generates a global semantic pool and
adapts each object’s features by attending to different se-
mantic contexts in the pool, automatically discovering the
most relevant categories for feature evolution. Although all
these works utilize prior knowledge about objects in their
problem formulation, they do so consecutively making them
critically dependant on the object features. Instead, we pro-
pose to model the objects and their relations jointly from the
start, in order to have a better understanding of the scene and
infer better class predictions.

Our main contributions are thereby as follows:
(1) We propose a novel way of leveraging inter-object rela-

tion priors for object detectors during training by creat-
ing a context-likelihood graph with relation edges based
on initial class predictions. (Sec. 3.1).

(2) We demonstrate the potential of our context-likelihood
graph with an empirical evaluation showing that in-
corporating inter-object relations from the start leads
to substantially better object detection rates when us-
ing a graph built with ground truth class predictions
(Sec. 3.2).

(3) We introduce an energy-based method for learning
object-relation joint distribution, which allows to itera-
tively refine our context-likelihood graph to further ben-
efit us in our end task (Sec. 3.3).

Experiments on the Visual Genome [23] and MS-
COCO [28] datasets demonstrate our method is detector
agnostic, end-to-end trainable, and especially beneficial for
rare object classes. What is more, we establish a consis-
tent improvement over object detectors like DETR [5] and
Faster-RCNN [38], as well as alternative methods modeling
object interrelationships. Before introducing our method,
we first provide more background on related works.

2. Related Work

Object detection. Modern object detection models can
be broadly classified into two groups: those based on con-
volution architectures and those based on transformers. In
the convolution family, methods like Faster-RCNN [38] and
R-FCN [8] are well established. They consists of a region
proposal network to generate regions of interest and a clas-
sification and bounding box regression module to predict a
set of objects. YOLO [37] and SSD [30] predict objects
directly from convolutional feature maps. ObjectBox [48]
treats objects as center-points in a shape and size agnostic
fashion and allows learning at all scales. All these meth-
ods typically utilize a pretrained backbone like ResNet [18]
for feature extraction. Recently, there has been a rise in
methods which use an attention mechanism in a transformer
network. For instance, ViT [42], SwinTransFormer [32]
and MViTv2 [25]. Carion et al. [5] introduced a detec-
tion transformer (DETR) which uses an attention mech-

anism for object detection in an end-to-end manner. To
speed up convergence and reduce the computational cost
for the self-attention on image features, Zhu et al. [49] in-
troduced multi-head deformable attention replacing the dot-
product in the attention computation with two linear pro-
jections for sampling points and computing their attention
weights. Nguyen et al. [35] introduced BoxeR which sam-
ples boxes instead of points for attention computation, and
demonstrates utility for object detection, instance segmen-
tation and 3D detection. Although these object detectors
use spatial context information in the image space, they do
not explicitly model the relation between (detected) objects.
Using Faster-RCNN and DETR as representative examples
of the convolution and transformer approach to object de-
tection, we demonstrate that creating a graphical represen-
tation of an image from inter-object relation priors and ini-
tial class predictions improves object detection.

Object graph representation. Aside from classic object
detection, many works have aimed to represent the interac-
tions between objects and scenes. Early works [14, 15, 34]
use object relations as a post-processing step on simpler
datasets like PASCAL VOC [13]. Recent works model
objects and relations together in a graph structure, e.g.,
[6, 7, 22, 33] where Xu et al. [47] use a unified conditional
random field to model the joint distribution of all the objects
and their relations in a scene graph. However, this requires
ground truth labels for both the objects and their relations
for each image during training. To avoid explicit relation
annotations, others, e.g., [21, 45, 46, 44] exploit priors like
co-occurrence statistics or attributes of object classes to ob-
tain a graph representation of an image. Jiang et al. [21]
predict the edge values representing the relations between
object pairs, whereas Xu et al. [45] propose a form of self-
attention to obtain these edges. In a follow-up work, Xu et
al. [46] further introduce a global semantic pool, created us-
ing the weights of individual object classifiers, as a relation-
ship prior instead of generating an explicit graph represen-
tation. To aggregate information from different domains,
they also introduce graph transfer learning [44]. All these
works enhance the object feature representation by propa-
gating the relation information via a graph structure. These
works utilize the relation information as is and do not con-
sider the joint modeling of the relation with the objects in
the scene. In our work, we learn the joint distribution of ob-
jects and their relations by sampling meaningful relations
for object pairs before the graph propagation.

Energy-based models. Energy-based models (EBMs)
bring forth simplicity and generality in likelihood model-
ing [1, 19, 24, 20]. Various tasks like image generation
[11, 36], out-of-distribution detection [31], memory model-
ing [3] and anomaly detection [9] have been addressed with
the help of EBMs. Recently, there has been an increasing
interest in applying EBMs to the task of image generation.
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Figure 2. Method overview. Our end-to-end trainable architecture extends object detectors by inserting a context-likelihood (CL) graph
between the first stage (object proposal generation) and the second stage (proposal classification). The default detector pipeline is visualized
by the green arrows. With the use of our context-likelihood graph before the classification stage, the proposals can be better assessed since
the presence or absence of other objects can be explicitly taken into account which for example can enforce proposals with low visual
evidence. The context-likelihood graph is used in two ways: (1) During training, to learn the energy landscape and train the classifier. (2)
At test time, to obtain the refined graph via energy-based optimization.

Both Du et al. [12] and Grathwohl et al. [17] learn the un-
derlying data distribution and use the learnt distribution to
generate new data. Moving forward from only modeling
the data distribution, [17, 43] model the joint distribution
of data and labels to benefit classification tasks by a joint
energy-based model. Recently, Suhail et al. [40] propose
an energy-based learning framework for scene graph gen-
eration to learn the joint distribution of objects and their
relations together. To the best of our knowledge, our work
is the first to utilize energy-based modeling to learn a graph
representation of an image from just object annotations.

3. Method
Given an input image and object proposals, we aim to de-

tect all objects in the image in the form of bounding boxes
and their corresponding class labels. An overview of our
method is provided in Fig. 2. The green arrows in the fig-
ure show the regular object detection pipeline. We add two
key components to it which are described in the following
subsections: First, we present context-likelihood graphs, a
new way of building a graph representations, based on ini-
tial class predictions in Sec. 3.1. We demonstrate the poten-
tial of context-likelihood graphs with a simple oracle exper-
iment in Sec. 3.2. Second, we introduce an iterative method
for obtaining refined graph via energy-based optimization
in Sec. 3.3.

3.1. Context-Likelihood Graphs

Components. For an input image I , visual features {Fi}N1
of dimension D are extracted via a base object detector for
N object proposals. These feature vectors along with con-
textual prior knowledge are used in pairs [21, 45] to obtain

pair-wise edge relationships, thus creating an edge connec-
tivity matrix E . A popular source of prior knowledge about
objects is the large scale Visual Genome dataset [23] which
consists of pairwise relationships between object classes
such as “subject-verb-object” relationships (e.g., walking,
swimming) and spatial relationships (e.g., at, far, in). By
considering the most frequent relationship between sub-
ject and object boxes in the dataset and counting the co-
occurrence among class pairs, a C×C frequent statistics or
prior matrix T is generated. Each entry in the matrix is a
floating point value between 0 and 1, indicating the strength
of the relation between the object pairs in the dataset.
Definition. We obtain a graphical representation of the
input image based on the feature vectors and the edge values
defined as

G=(N , E). (1)

where N are the set of nodes and E is the edge connectiv-
ity matrix. We call this our context-likelihood graph. This
graph is propagated via some message passing algorithm to
calculate refined features, from which we obtain the final
classification and bounding box regression results. To cre-
ate this graph, we model object relations as a function of the
initial class predictions, instead of directly predicting them
from feature vector pairs [21]. Corresponding to the feature
vectors {Fi}N1 , we obtain their classification probabilities
P from the base detector where P ∈ RN×C , C being the
number of classes in the dataset. Given the class predic-
tion matrix P and the prior matrix T , we calculate the edge
connectivity matrix as:

E=P × T × PT . (2)

Each term eij in the matrix E is a result of all possible prob-
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abilistic combinations of classes for nodes i and j along
with their corresponding relation prior values. By modeling
the edge matrix in this manner, we penalize the class pre-
dictions jointly with the edge values, the former guiding the
correctness of the latter. Thus, optimizing for the final task
of classification would ensure refined edge values, which
in turn guides the end task. Our joint task loss function is
given by:

LTask=LCE{P
′
, P ∗}+ LCE{P, P ∗} , (3)

where LCE is the cross-entropy loss, P
′

is the final classi-
fication probability matrix output from our model, P is the
initial class prediction matrix of the base detector and P ∗ is
the ground truth object labels matrix. Optimality is obtained
when initial predictions equal the ground truth labels.

3.2. Potential of Context-Likelihood Graphs

To test the optimal condition of our context-likelihood
graph, we perform an oracle experiment where we replace
the set of edges E , with ground truth relation set EGT . To
calculate EGT , P is replaced by P ∗ in Eq. (2) where each
row of P ∗ is a one-hot encoded class label corresponding
to each object proposal, obtained by IoU-matching. To per-
form IoU-matching, we check the overlap of the regions of
interests of each proposal with each ground truth bound-
ing box, and assign the class label of the highest over-
lapping ground truth bounding box to the proposal. The
ground truth context-likelihood graph GGT=(N , EGT), op-
timally captures the underlying object-pair relationships.
Propagating this graph generates the refined object features
which are used for the final classification results. As ground
truth we rely on the 1000 (VG1000) and 3000 (VG3000) most
frequent object classes from Visual Genome [23].
Analysis. We use two proposal-based object detectors
as our base network, the transformer-based DETR [5] and
convolution-based Faster-RCNN [38]. Both these methods
first identify rectangular regions of interest in an image, ex-
tract their corresponding feature encodings and create clas-
sification predictions for each such region. From Fig. 3, we
see that knowing the relations between objects in a scene
improves the detection results of the base network by a
large margin. For the VG1000 dataset we achieve an 119%
relative improvement in mean average precision results for
DETR, while for Faster-RCNN, it is around 110%. Note
that we do not embed the ground truth information in any
way other than to use it for looking up the true relation prior
between proposed object-pairs.

This experiment shows the potential of our context-
likelihood graph, irrespective of base object detectors, in the
optimal setting. However, we will not have access to ground
truth during inference, which prevents us from reaching op-
timality in the above described fashion. The edge matrix
E in Eq. (2) is a function of the class probability matrix,

VG1000 VG3000

Figure 3. Potential of context-likelihood graph. An oracle ex-
periment with the ground truth context-likelihood graph, created
by replacing the initial predictions by ground truth class labels
in Eq. (2), yields substantial improvements on the VG1000 and
VG3000 partitions of visual genome [23], for both a DETR [5]
and F-RCNN [38] object detector.

P which in turn is generated from feature vector set N .
The optimal solution EGT lies in the joint distribution space
of (N , E). In order to sample a refined context-likelihood
graph, we need to learn the joint distribution, for which we
propose an energy-based method in the following section.

3.3. Energy-Based Graph Refinement

Before detailing our graph refinement approach, we first
provide a brief background on energy-based models.
Energy model background. For two variables x
and y, energy-based models [24] represent their joint
probability distribution as pθ(x, y)=

exp(−Eθ(x,y))
Z(θ) , where

exp(−Eθ(x, y)) is known as the energy function that
maps each input pair to a scalar value and Z(θ) =∫
exp(−Eθ(x, y)) is referred to as the normalization con-

stant or partition function. Computing Z(θ) typically be-
comes intractable since it computes the integration over the
entire joint input space of (x, y). Thus, we cannot learn the
parameter θ of the energy-based model by using a direct log
likelihood approach. In order to understand the problems
with the partition function, we investigate the derivatives
[12, 39] of the log likelihood function given as:

∂ log pθ(x, y)

∂θ
= (4)

Epd(x,y)

[
−∂Eθ(x, y)

∂θ

]
+ Epθ(x,y)

[
∂Eθ(x, y)

∂θ

]
.

The first term is an expectation over the data distribution
and the second term is over the model distribution. Maxi-
mizing the log-likelihood log pθ(x,y) is equivalent to min-
imizing the KL-divergence DKL

(
pd(x, y)||pθ(x, y)

)
which

is achieved by minimizing the contrastive divergence [20]:

L = DKL
(
pd(x, y)||pθ(x, y)

)
−DKL

(
qθ(x, y)||pθ(x, y)

)
,

(5)
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where qθ(x, y)=
∏t

θ pd(x, y) represents t sequential
Markov chain Monte Carlo transitions [20], used to ap-
proximate the model distribution pθ(x, y). An effective
example being Stochastic gradient Langevin Dynamics
(SGLD) [41]:

xi+1 = xi − λ

2

∂Eθ(x
i)

∂xi
+ ϵ, s.t. ϵ ∼ N(0, λ) . (6)

Eq. (5) can be rewritten in expectation terms as follows:

L =Epd(x,y)[Eθ(x, y)]− Eµ(qθ(x,y))[Eθ(x, y)] (7)

Eqθ(x,y)[Eµ(θ)(x, y)] + Eqθ(x,y)[log qθ(x, y)] .

Here, the lock symbol µ(·) denotes that the variables in the
argument list are not optimized, i.e., their gradient flow is
stopped. With this knowledge of training an energy model
to learn a joint probability distribution, we formulate our
context-likelihood energy-refined graph.
Energy model for object detection. Langevin dynamics
[41] simulate samples of the distribution expressed by the
energy-based model through gradient-based updates, with
no restriction on the sample initialization if the sampling
steps are sufficient. We leverage this property to sample a
refined graph of the image by setting the context-likelihood
graph as the initialization of the Langevin process and then
updating it iteratively to obtain a more accurate context-
likelihood graph.

Our problem represents the image as a graph G=(N , E),
where N is the set of nodes in the graph represented by a
matrix of dimension Rn×D, n being the number of objects
in the image and D being the object feature dimension, and
E ∈ Rn×n is the set of edges represented by the relations
between the objects in the image. In our case, we represent
E as a connectivity matrix of dimension Rn×n where each
entry is a value between 0 and 1, representing the strength of
the relation between the object pairs. Although estimating
the underlying object relationship of the image is important
to us, our main goal is to correctly detect the objects in the
image, which is a discriminative task. Therefore we want
to learn the conditional distribution p(z|N , E), where p(z)
is the classification probability for the n object proposals,
along with the data distribution p(N , E). Thus we model
the joint distribution for our tasks as follows:

pθ,ϕ(N , E , z) = pϕ(z|N , E)exp(−Eθ(N , E))
Zθ,ϕ

, (8)

where pϕ(z|N , E) represents the classification model and
Eθ(N , E) is the energy function, which is modeled by a
neural network parameterized by θ. An image I is initially
passed through the base detector producing initial predic-
tions which are used to create the context-likelihood graph
G0=(N0, E0⟩. We consider G0 to be the initial state of
our Langevin dynamics sampling process which is updated

through the energy function Eθ(N , E) to produce the re-
fined graph, Gt after t sampling iterations and then passed
through the message passing and the classification model
pϕ(z|N , E) to get the final predictions.
Optimization. We optimize the model parameters jointly
by minimizing the joint loss function stated below

Ltotal =− Epd(N ,z)[log pϕ(z|N, E)] + Epd(N ,z)[Eθ(N, E)]
− Eµ(qθ,ϕ)[Eθ(N, E)] (9)

+ Eqθ,ϕ(N,E)

[
Eµ(θ)(N, E)− log pµ(ϕ)(z|N, E)

]
,

where pd(N , z) and qθ,ϕ(N , E) denote the data distribution
and the t sequential MCMC sampling from the joint energy
distribution. The first term, referred to as LCE{P, P ∗} in
Eq. (3) maximizes the data log likelihood for ground truth
samples by training the classification model; the second and
third terms are the ground truth and sampled energy values
which trains the energy model; the fourth term corresponds
to the KL divergence loss which trains the sampling pro-
cess, and the final term corresponds to the log likelihood of
the sampled data. Training the whole network jointly forces
the classification model to adapt to ground truth samples,
minimizes the ground truth energy value, and forces the
sampling process to sample a graph representation whose
energy will be close to the ground truth energy value, as
well as a correct classification for the object detection task.
Inference. During testing, we pass an image through the
base network, gather the object proposals and initial classi-
fication probabilities, P . We calculate E0=P ×T ×PT and
N0 with the feature vectors creating the initial graph state
G0. Then through the SGLD sampling, we refine this graph
t times to produce the final graph state Gt, which is then
fed through the message passing and classification model to
obtain the final classification and bounding box results.

4. Experiments
4.1. Datasets, Evaluation and Implementation

We conduct our experiments on two established bench-
mark datasets: Visual Genome [23] and MS-COCO
2017 [28]. The task is to localize an object by its bounding
box and classify it into one of the preset object categories.
Visual Genome. For the Visual Genome dataset [23], we
use the latest release (v1.4). Following standard practice,
we consider two sets of target classes: the 1000 most fre-
quent categories and the 3000 most frequent categories, re-
sulting in two settings: VG1000 and VG3000. We split the
92.9K images of the dataset with objects on these class sets
into 87.9K for training and 5K for testing. Instead of the
raw names of the categories, we use the synsets as class
labels due to inconsistent label annotations, following pre-
vious works [21, 46]. The dataset contains an average of 21
objects per image, with a maximum of 145.
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MS-COCO. We evaluate on the 80 object categories of
MS-COCO 2017 [28] with 118k images for training and 5k
for evaluation. There are a maximum of 93 object instances
per image in this dataset with an average of 7 objects.
Evaluation criteria. We follow the common evaluation
conventions from the literature [21, 46]. Thus, we adopt the
full set of metrics from the COCO detection evaluation cri-
teria comprising the mean Average Precision (mAP) across
IoU thresholds ranging from 0.5 to 0.95 with an interval of
0.05 as well as mAP at IoU thresholds of 0.5 and 0.75, mul-
tiple scales (small, medium and large), Average Recall (AR)
with different number of given detections per image (1, 10,
100) and different scales (small, medium, big).
Two base detectors. We implement our method on top
of two base detectors: the convolutional Faster-RCNN [38]
and transformer DETR [5], using feature pyramid net-
works [27] along with a ResNet-101 [18] pretrained on Im-
ageNet [10] as their backbone. For training Faster-RCNN,
we use an image size of 1333×800 and augment with ran-
dom horizontal flips. We choose N=512 region proposals,
represented by features of dimension 1024. We use stochas-
tic gradient descent as the optimizer and train on 8 GPUs
with a mini-batch size of 2; an initial learning rate of 0.02,
reducing it twice by 10; a weight decay of 10−4 is used
along with a momentum of 0.9. We train the model for
20 epochs with learning rate reductions at the 8th and 11th
epoch. For DETR, we use 6 encoder and decoder layers,
200 output queries, a learning rate of 10−4, and train it for
100 epochs on 8 GPUs with a mini-batch size of 2.
Context-likelihood graph propagation. Edges in our
graph represent the relationship between two objects in a
scene. We treat it as an attention weight between the two
nodes. Taking inspiration from [16], we use a graph atten-
tion based network to propagate the node and edge features
jointly, additional details of which are provided in the sup-
plementary material. For the network, we use two layers
with an input dimension of 1024 and a final output dimen-
sion of 256. We use skip connections in between the lay-
ers to propagate feature information. Sigmoid activation is
used in the graph message passing computations. The final
output features of dimension 256 are concatenated with the
original features of dimension 1024, and fed into the classi-
fication and bounding box regression layers.
Energy model. The graph representation is pooled into a
vector via attention pooling. We use two linear layers af-
ter pooling which converts the features into a scalar energy
value. The noise added during sampling has a variance of
0.0001; the SGLD learning rate is fixed at 10, and we use 5
steps of sampling to get the final output graph.

4.2. Ablations

Context-likelihood graph and graph refinement ablation
In Tab. 1, we report the contributions of the components

AP↑ AP50↑ AP75↑ APS↑ APM↑ APL↑

F-RCNN [27] 7.3 12.7 7.6 4.2 7.8 11.0
F-RCNN w CL 8.2 13.3 8.6 4.5 8.7 12.8
F-RCNN w GR 8.5 13.7 8.8 4.8 8.8 13.4

F-RCNN w GT 15.3 20.1 16.5 12.5 15.9 17.5

DETR [5] 5.8 9.9 5.7 2.1 5.6 10.6
DETR w CL 6.6 10.7 6.6 2.6 6.8 11.6
DETR w GR 6.8 11.2 6.8 2.7 7.0 12.1

DETR w GT 12.7 21.0 12.9 5.2 11.8 19.7

Table 1. Context-likelihood graph and graph refinement abla-
tion on VG1000. We compare the baseline detector with context-
likelihood graph (w CL) and the graph refinement (w GR). For
reference we show the result obtained with ground truth relation
set (w GT) in gray. Best results are highlighted as first , second ,
and third . Using context-likelihood, we achieve consistent im-
provement while graph refinement improves results further.

#Proposals AP↑ AP50↑ AP75↑

This paper w DETR 200 6.6 11.2 6.8
This paper w DETR 300 7.2 11.8 7.4
This paper w F-RCNN 256 8.0 13.0 8.4
This paper w F-RCNN 512 8.2 13.4 8.5

Table 2. Detectors and proposals. We test our context-likelihood
energy-refined graph on V G1000 [23] with DETR [5] and F-
RCNN [27] as backbones. Results on DETR are more affected
by the number of proposals than F-RCNN.

of our method. We see that only using context-likelihood
graph, we improve consistently on both base detectors, with
context-likelihood energy-refinement our results improve
further. For reference, we also provide the results of our
oracle experiment with ground truth relation set EGT .
Detectors and proposals. In Tab. 2, we ablate the influ-
ence of selecting the number of object proposals for differ-
ent object detectors. For DETR, there is a performance gap
between 200 and 300 object queries with AP values chang-
ing from 6.6 to 7.2. With higher number of queries, the size
of attention computation increases exponentially, leading to
slower training. For F-RCNN however, the number of pro-
posals during training influences our results only slightly,
due to already high number of proposals.
Energy model training. To understand the impact of en-
ergy model training in our framework, we plot the classifi-
cation accuracy as a function of training time in Fig. 4. As
expected, training accuracy is highest for the oracle experi-
ment with ground truth context-likelihood graph. The base-
line experiment has the lowest accuracy, followed by the
one with context-likelihood graph. For context-likelihood
energy-refined graph, the training accuracy further im-
proves, moving closer to the oracle experiment.
Benefit for rare objects. In Fig. 5, we show the impact of
our method on different object classes. We plot the classes
on the x-axis in decreasing order of frequency of occurrence
in the VG1000 dataset; below it we plot the relative improve-
ment of our method over Faster-RCNN for each class. As
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Figure 4. Energy model training. As expected, the oracle
experiment with ground truth context-likelihood graph (w GT)
achieves the highest accuracy. Context-likelihood graph (w CL)
reports higher training accuracy over the baseline F-RCNN. When
context-likelihood energy-refinement (w GR) is introduced, the
accuracy of our method improves further.

Figure 5. Benefit for rare objects on VG1000 [23]. Object classes
plotted on the x-axis are arranged in decreasing order of their fre-
quency in the dataset. As expected, our method has a higher rela-
tive improvement for rare object classes.

expected, most of the improvement happens for rare classes
of the dataset. We attribute this to the rare objects not hav-
ing enough examples to learn a meaningful feature repre-
sentation, so they benefit from inter-object relation statistics
more than classes with ample instances.
Inference speed. We compare the inference speed of our
method with F-RCNN [27] on VG1000 [23]. Our method
improves over the baseline from 7.3 to 8.5 AP, at the ex-
pense of a drop in fps from 14.6 to 9.4, due to the graph re-
finement stage. The supplementary material also provides a
plot for inference time and AP for various refinement steps.

4.3. Comparison with Others

Comparison on VG1000 and VG3000 [23]. For the com-
parative evaluation of our method, we first focus on the
large-scale detection benchmarks: VG1000 (Visual Genome
with 1000 categories) and VG3000 (Visual Genome with
3000 categories). For both these settings, we report the re-

sults of our method on top of F-RCNN and DETR and com-
pare with alternative methods modeling object interrelation-
ships which are trained with similar backbone and dataset
settings. As can be seen from Tab. 3, we achieve competi-
tive results for both datasets on almost all metrics when our
method is applied on F-RCNN, be it that SGRN [45] out-
performs us slightly on the APL, AR1 and ARL metrics
for the VG3000 dataset. For VG1000 we outperform Xu et
al. [44] when we compare with their intra-domain setting
using the same backbone and training data (8.5 AP vs. 7.9
AP). They have an edge for their inter-domain setting (8.8
AP), when training with multiple datasets (COCO, Visu-
alGenome and ADE), suggesting our approach may profit
as well from training with more data. We also see a good
improvement in our average recall numbers with ARM im-
proving by 6.5 and 5.1 over baseline F-RCNN for VG1000

and VG3000 respectively. DETR results are below the re-
sults on F-RCNN due to DETR not producing region pro-
posals, making it dependant on the number of object in-
stances per image. Nonetheless, we still observe an im-
provement over DETR on VG1000 from 5.8 AP to 6.8 AP
when our method is applied.
Comparison on MS-COCO [28]. We report results based
on F-RCNN on MS-COCO and compare with previously
reported results in Tab. 4. We achieve an absolute improve-
ment of 4.2 AP over F-RCNN, and are either better or com-
parable to alternatives. We do not achieve as much improve-
ments as in the Visual Genome datasets, partly because, the
prior statistics have been directly transferred from the Vi-
sual Genome dataset based on the common classes between
the two, and hence, fail to capture the true prior distribu-
tion of the object classes in MS-COCO. For the transformer-
based detectors DETR [5] and Deformable DETR [49] we
also achieve a consistent improvement.
Limitations. Our approach cannot create a detection if a
corresponding region proposal is missing. However, we ob-
serve in practice 512 proposals are enough to capture small
instances, initially classified incorrectly, and later predicted
correctly via our graph refinement. Although our method is
optimized for region-based algorithms, adapting it to single-
stage detectors like SSD or Yolo requires only minor adjust-
ments in the training process. For example, for Yolo v3, we
use the objectness scores to select candidate nodes above
a 0.5 threshold, form edges based on initial class predic-
tions, and update features with enriched information from
the context-likelihood graph for classification.

5. Conclusion
We demonstrated a new approach to exploit inter-object

relations for object detection by generating a context-
likelihood graph based on initial object predictions which
leads to improved detector performance. Second, we show
the potential of this context-likelihood graph via an oracle
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Method AP↑ AP50↑ AP75↑ APS↑ APM↑ APL↑ AR1↑ AR10↑ AR100↑ ARS↑ ARM↑ ARL↑
V

G
1
0
0
0

Light-head RCNN [26] 6.2 10.9 6.2 2.8 6.5 9.8 14.6 18.0 18.7 7.2 17.1 25.3
Cascade RCNN [4] 6.5 12.1 6.1 2.4 6.9 11.2 15.3 19.4 19.5 6.1 19.2 27.5
R-RCNN [46] 8.2 13.3 8.5 4.4 8.9 12.9 16.4 22.2 22.5 12.3 22.1 27.1
SGRN [45] 8.1 13.6 8.4 4.4 8.2 12.8 19.5 26.0 26.2 12.4 23.9 34.0
U-RCNN-intra [44] 7.9 13.7 8.3 - - - - - - - - -
U-RCNN-inter [44] 8.8 14.2 9.3 5.0 9.4 13.3 17.5 23.7 24.0 13.4 23.3 28.8
F-RCNN [27] 7.1 12.7 7.2 3.9 7.6 11.1 14.8 19.7 19.9 10.6 18.8 24.9

F-RCNN* [27] 7.3 12.7 7.6 4.2 7.8 11.0 15.1 20.1 20.3 11.2 19.4 24.3
This paper with F-RCNN* 8.5 13.7 8.8 4.8 8.8 13.4 19.8 27.2 27.5 14.1 25.9 34.2

DETR* [5] 5.8 9.9 5.7 2.1 5.6 10.6 12.1 17.4 18.0 6.6 15.8 26.1
This paper with DETR* 6.8 11.2 6.8 2.7 7.0 12.1 13.8 20.0 20.6 8.3 18.2 28.9

V
G
3
0
0
0

Light-head RCNN [26] 3.0 5.1 3.2 1.7 4.0 5.8 7.3 9.0 9.0 4.3 10.3 15.4
Cascade RCNN [4] 3.8 6.5 3.4 1.9 4.8 4.9 7.1 8.5 8.6 4.2 9.9 13.7
R-RCNN [46] 4.3 6.9 4.6 3.2 6.0 7.9 8.5 11.1 11.2 8.3 13.7 16.2
SGRN [45] 4.5 7.4 4.3 2.9 6.0 8.6 10.8 13.7 13.8 8.1 15.1 21.8
F-RCNN [27] 3.7 6.5 3.7 2.1 4.9 6.8 7.6 9.8 9.9 6.8 11.8 14.6

F-RCNN* [27] 3.3 5.8 3.4 2.4 4.6 5.9 6.8 8.9 9.0 6.5 11.1 13.0
This paper with F-RCNN* 4.5 7.4 4.7 3.1 6.1 8.4 10.6 14.0 14.1 8.8 16.2 21.5

Table 3. Comparison with others on VG1000 and VG3000 [23]. We report the results of our context-likelihood energy-refined graph on
top of F-RCNN and DETR, where we applied context-likelihood energy-refinement graph. We compare with alternative methods modeling
object interrelationships which are trained with similar backbone and dataset settings. Methods denoted with an asterisk like F-RCNN*
refer to results we obtained by running the original code with default parameters, while the other numbers are the reported values. Rows in
gray use more datasets for training. We achieve competitive results for both datasets on almost all metrics. Best results are highlighted as
first , second , and third .
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Figure 6. Qualitative results from the VG1000 test set [23] for a F-RCNN* object detector (top) and our results (bottom). We observe
positive effects of exploiting contextual-likelihood graphs with energy-based refinement. Especially for repetitive occurrence of objects
like the cars, cabinet doors or windows, the information that other such objects exist in the scene helps detection. Baseline performance can
be poor, as is evident by failure to detect many cars in the first top-left image, our approach is also beneficial for such challenging cases.

Method AP↑ AP50↑ AP75↑ AR1 ↑ AR10↑ AR100↑

HKRM [5] 37.8 58.0 41.3 - - -
SGRN [46] 41.7 62.3 45.5 - - -
R-RCNN [46] 42.9 - - - - -

F-RCNN [38] 38.3 60.5 42.0 32.2 50.7 53.0
This paper w F-RCNN 42.5 62.1 45.8 34.0 53.4 55.9
DETR [5] 39.9 60.4 41.7 32.2 50.7 53.0
This paper w DETR 40.6 61.2 42.1 34.0 53.4 55.9
Def-DETR [49] 44.3 63.2 48.6 32.2 50.7 53.0
This paper w Def-DETR 44.7 64.0 49.0 34.0 53.4 55.9

Table 4. Comparisons on MS-COCO [28]. Our context-
likelihood energy-refined graph performs comparable to alterna-
tive methods, with prior statistics transferred from the Visual
Genome dataset, demonstrating the generalizability.

experiment. Finally, we learnt the joint distribution of ob-
jects and their relations using an energy-based model, en-
abling us to sample a refined graph representation of an im-
age. We further demonstrated that refinement of the graph
representation at test time yields further improvements, out-
performing alternative methods on the challenging VG1000

and VG3000 datasets.
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