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ABSTRACT
Image retrieval in complicated scene is a challenging task that requires the comprehensive understanding of an image. In this paper,
we propose a scene graph based image retrieval framework that
combines the scene graph generation with image retrieval and fine
tuning the searching results via a dialogue mechanism. Specifically,
we proposed an image retrieval oriented scene graph generation
model that takes an image and a text describing the image as inputs.
The additional text input is used to control the generated scene
graph. It provides information for a newly introduced attributes
head to better predict the attributes and helps constructing an adjacency matrix at the same time. Graph Convolutional Network
is further used to gather information among nodes for precise relation estimation. Moreover, modification on the scene graph can
be done by changing the text. Our proposed approach achieves
the state-of-the-art performances in both scene graph based image
retrieval and scene graph generation in the Visual Genome dataset.
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Figure 1: Finding images by dialoguing with image. Given
an image (a) which is treated as a scene graph, we use text
to change the nodes connection (remove “man”) to obtain
searching result (b) and then change the node attributes
(convert “young” to “little”) to obtain searching result (c).
The blue and green nodes in column 3 denote objects and
attributes respectively.

1

INTRODUCTION

With the exponential growth of multimedia data on the Internet,
image retrieval becomes increasingly important. Considering a scenario that we have an image and are going to search similar or
slightly modified ones. For example, we have a query image depicting "Blond hair young girl with boyfriend walk black dog" as
shown in Fig.1 (a). And we need to retrieve similar images. What’s
more, in many cases the query image doesn’t exactly match our
requirements. We may need to change the query like removing
the “man” (b) or replacing "young girl" with "little girl" (c). Obviously, this kind of image retrieval is challenging for existing image
retrieval systems.

Approaches which are capable for such kind of image retrieval
need to: (1) obtain full information of images with complicated
structures and (2) be able to modify the information. The conventional image retrieval methods can be roughly divided into two
categories, text based and content based. Text Based Image Retrieval
(TBIR) approaches can handle simple query like “girl walks dog”.
But when it comes to more complicated query, the searching results
become scattered since TBIR is based on human generated text
which is usually too brief to include all information. As for Content
Based Image Retrieval (CBIR) approaches, it is often used to search
identical images which can not meet the complex requirements, let
alone modification. A better way for this task is to consider images
as scene graphs. The scene graph, composed of nodes and edges
represented respectively by objects and relations between them, is
considered as a comprehensive description of an image. Objects relations detection is first introduced in [4, 10] which mostly focuses
on spatial correlations like “A above / under B” at that time. Recent
years common relations detection has drawn increasing attentions.
For a given image, the objects are first detected using popular detection framework [41]. Next, the relations between objects are
formulated as a pair-wised classification problem. The scene graph
is finally obtained by connecting the objects and relations, namely
Scene Graph Generation [50] (SGG). However, existing scene graph
generation approaches have two limitations. On one hand, they
can not do modifications on image. These SGG models intent to
generate a full graph of an image but can not change the nodes or
edges. On the other hand, as these approaches are not designed for
image retrieval, object attributes are not taken into consideration.
However, attribute is a crucial element in image retrieval. “Black
dog” and “white dog” can refer to visually distinct dogs.
In this paper, we propose a novel scene graph based image retrieval framework where users can dialogue [29] with image. Our
framework consists of two stages, scene graph generation and scene
graph based image retrieval. In the first stage, a specially designed
scene graph generation model is introduced to generate scene graph
with text association. Our scene graph generation model takes an
image and a text describing this image as inputs and can be decomposed into two components, attribute aggregated object detection
and scene graph generation. For a given image, the object detection
module first locates the object and classifies them. To integrate the
object attributes, we introduce another attribute head in addition
to the original box head. The attribute head consists of a MLP and
several classifiers including object color, shape, material and so on.
Specially, the attribute head also takes text input into consideration.
An attention model is proposed to extract adjective information
from the text then combined to the attribute representation so that
we can control the attributes via different text inputs. With the
attributes aggregated boxes detected by the detector, scene graph
generation module is able to estimate relation between objects. The
objects detected and the text input are fused in the intermediate
layer to construct an adjacency matrix which determines whether
there is an edge between two nodes or not. The adjacency matrix
is then used in the Graph Convolutional Network (GCN [21]) to
gather neighbor’s information for nodes. Relations between objects
are finally estimated by combining two objects features followed
by a classifier and the scene graph can be obtained by connecting
these nodes and edges. In the second stage, the generated scene

graph is used to do scene graph based image retrieval. What’s more,
we can refine the query graph by changing the text input to further
adjust the searching results. By iteratively dialoguing with image
in this way, we can finally retrieve the images that exactly match
our requirements.
Our contributions can be summarized as follow. (1) We combine
the scene graph generation with image retrieval and propose a
complete framework for scene graph based image retrieval. Besides,
by introducing additional text input, we can dialogue with image
and do the image retrieval more precisely. (2) We propose an image
retrieval oriented scene graph generation model that aggregates attributes and graph modification. To this end, we collect an attribute
subset from original Visual Genome dataset and integrate attributes
to the detector and use additional text input to construct adjacency
matrix for message passing. (3) Our approach outperforms other
state-of-the-art approaches in both scene graph based image retrieval and scene graph generation on Visual Genome dataset [22].

2

RELATED WORK

Image Retrieval: Image retrieval task has attracted a lot of research attentions in multimedia. Thanks to discriminative power of
convolutional neural networks, the accuracy of image retrieval has
been greatly improved [11, 12, 20, 39, 40]. Kalantidis et al. create
powerful image representations via cross-dimensional weighting
and aggregation of CNN layer outputs. Gordo et al. produce a global
and compact fixed-length representation for image by aggregating region-wise descriptors. Radenović et al. fine-tune CNN for
image retrieval from a large collection of unordered images in a
fully automated manner. Such CNN-based methods focus more
on instance-level retrieval. They tend to find images with similar
visual perception but ignore the overall scene structures of images.
In addition, [7, 34, 47] take natural language description of images
as queries but still fail in complex queries. To address this concern,
a new type of image representation, scene graph, which contains
abundant and detailed semantic image information, is used for image retrieval [19]. With a well-designed conditional random field
model, Johnson et al. [19] obtain the matching degrees between
given scene graph and images which is regarded as the ranking
scores for image retrieval while entering a complicated scene graph
is not user friendly. Schuster et al. [42] ease the input complexity
via a text parsing algorithm so that the graphs can be generated
using user entered image descriptions. However, both approaches
can not generate scene graph from image directly.
Another common problem in image retrieval task is the intention
gap between users and retrieval systems. The intention gap refers
to the difficulty that a user suffers to precisely express the expected
visual content as a query. Some research [13, 14, 46] has been done
to help users better express the retrieval intention and receive
more satisfactory images. In [13], apart from a query image, a
text modifier is adopted to add or remove semantic concepts such
as object categories, image scenarios, and so on. Guo et al. [14]
propose a dialog-based interactive image retrieval system, which
uses reinforcement learning to improve rankings from every user
feedback. Recently, Vo et al. [46] explore different mechanisms of
image text composition to facilitate users to express real search
intention. Inspired by prior study, we allow users to add a region

or image level description in order to emphasize or modify target
concepts in the query image.
Scene Graph Generation: Stimulated by the innovative work
from Lu et al. [31] and the large-scale scene graph dataset Visual
Genome [22], a number of approaches [2, 5, 16, 25, 26, 36, 38, 48, 50–
54] have been proposed for scene graph generation and relative
tasks. In the early stage, the need for independent detection process
and feature design are discussed more, while neglecting to utilize
visual context for relation estimation. Researchers now mainly
adopt two methods to make use of contextual information: (1) to
design various message passing mechanisms to propagate local
context [2, 26, 50, 51], and (2) to aggregate global context with
recurrent neural network or graph feature embedding [16, 38, 48,
52]. Recently, graph-based neural networks [21, 28, 45] become a hot
researching topic and show their effectiveness in many other fields.
As the scene graph is originally a special format of graphs (the nodes
represent objects and the edges represent relationships between
objects respectively), we believe that using the graph convolution
network to propagate information from neighboring nodes can
better refine the feature representation of object nodes. Compared
to [51], the additional text description for the query image helps
our model to sparse the initial fully connected adjacency matrix
and place attention on entities where users interested, which is
customized for retrieval task.
In [19], the attribute of objects is considered as an important
component of the scene graph, which also plays a role in retrieval.
However, current scene graph generation models do not take attribute prediction into account. One of the major factors that hinders the development of attribute prediction in scene graphs is
that the Visual Genome dataset [22] has serious long tail effects
in object attributes. Referring to some works of visual attributes
[8, 9, 23, 24, 37], we collect a subset of attributes from the original Visual Genome dataset to alleviate the complexity of attribute
prediction task.

3

IMAGE RETRIEVAL ORIENTED SGG

An overview of our proposed approach is shown in Fig.2. Our
framework can be divided into two stages. In the first stage, a
specially designed model is used to generate scene graphs, which is
built upon recent success of relation detection approaches [50–52].
The model takes an image and its corresponding image description
as inputs. The image is fed into attribute aggregated detector to
obtain region proposals which are referred to as nodes of scene
graph. The information of node and image description are fused
in hidden states to construct an adjacency matrix which is used by
the following GCN to gather information from neighbors for each
node. The relations between nodes are finally estimated to obtain
the scene graph. In the second stage, the generated scene graph
can be used to do image retrieval with image and text (optional)
as query and graph as semantic representation of image. And we
can refine the searching results by modifying the image description
(e.g., change the attributes, remove a specific object) which is so
called dialoguing with image.

3.1

SGG with Text Association

In order to constrain the graph generated by image, we introduce
another text input and design a dual inputs scene graph generation
approach with each input performs its own function. The image is
used to generate the visual feature while the image description plays
a guide in the graph construction. Given an image I , we first feed
it to the VGG-16 based detector to obtain the Region of Interests
(RoIs) and corresponding visual feature F RoI ∈ R512×7×7 . F RoI is
then projected to Fnode ∈ R512 through several fully connected
layers. Considering an image containing objects can be regarded as
a scene graph, therefore Graph Convolution Network (GCN) is used
in this work to gather information among nodes. In the original
GCN, the topological structure, or adjacency matrix A ∈ RN ×N ,
where N is the number of nodes, is given so that the message
propagation can be done alone with A. However, this brings us
a problem that we are going to generate a scene graph while the
graph is needed in the message propagation process. One naive way
to address this problem is to use fully connected A which means
every element in A is set as 1. But this usually introduces redundant
information even noise since information from some nodes are
totally useless for other nodes.
We solve this problem by utilizing the second text input mentioned above. The texts are collected from the region caption in
Visual Genome dataset. We count the frequency of all words in the
dataset and only keep the top 10,000 words. The low frequency
words in text are replaced with unknown during training. The image
description is first converted to word embeddings ω = [ω1, . . . , ω K ]
using Word2Vec [35], where K is the number of words in image
description. A two layers LSTM [17] is further used to encode the
word embeddings into hidden states H = [h 1, . . . , h K ]. Next, the A
is constructed via:


Ai,j = max
(Wα ϕ(Snodei ) + Wα ϕ(Snode j )) · hk , (1)
h=1,...,K

where Snodei ∈ RC (C denotes the number of object categories)
is the classification probability of node i, ϕ is a one layer MLP
to map Snodei to the same hidden state with hk , Wα is learnable
parameters. + and · denote element-wise addition and dot products
respectively. Each row of adjacency matrix is then normalized by
SoftMax function:
Ai = So f tMax(Ai ).
(2)
The intuitive purpose of Eq.1 and Eq.2 is to create strong connection (near 1) between nodes which are affinitive with description,
otherwise, a weak connection (near 0) is established. For example,
The “person” and “bike” nodes will get higher score than “sofa” and
“cat” when the given text is “a person is riding bike”.
As the graph A is established, the information aggregation among
nodes can be achieved by:
Õ
∗
Fnode
= σ (Fnodei +
Ai,j Wβ Fnode j ),
(3)
i

j ∈N (i)

where N(·) and Wβ respectively denotes the neighbor nodes of a
specific one and learnable parameters. σ is a non-linear function.
The edges r i,j ∈ RR (relations) finally established by combining
the subject and object nodes:
r i,j = δ ([Fˆnodei , Fˆnode j , Funion ]),

(4)
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Figure 2: Framework overview. Given an image and a text describing the whole image (or region) as inputs, the model first
detects the objects and predicts their attributes. Next, the text input is utilized to help constructing the adjacency matrix for
GCN to pass information among nodes. The generated scene graph is used to do image retrieval.
where R denotes the number of relation categories, δ denotes fully
connected layer. The subject, object nodes together with their union
features are concatenated to estimate the relation.
Specially, different from existing works that generate the whole
scene graph, we only generate a sub-graph corresponding to the
given text. This is achieved by only keeping the relations insides
the region proposal which is related to the text during training time.
By doing so, the scene graph generation is highly related to the
given text input. During inference, an adjacency matrix full of one
is provided if no text is given. This characteristic is further utilized
to refine the query in the following section.

3.2

Attribute Aggregation

Attribute is an important component in image retrieval. However,
This is ignored by most scene graph generation approaches. We
incorporate the attribute prediction in our framework and make it
a whole for scene graph based image retrieval.
Data Collection: There are 40,513 kinds of unique attributes in
the original Visual Genome dataset. To engage the attribute classification in detection, we collect a attribute subset from the original
one. The guideline is to keep the object inherent and common attributes. Following this guideline, the attributes with count less than
50 are first removed so that the number of attributes substantially
decreases to 1,120. Next, the remained attributes are classified into
12 specific groups via popular clustering algorithm and the outlier

Figure 3: t-SNE visualization of the grouped attributes.

attributes are simply removed. The roughly clustered groups are
further refined by manually combining the synonyms and adjusting
group members to make it exclusive between groups. Finally, we obtain a attribute subset containing 11 groups with several attributes
in each group and 53 kinds of attributes in total. Fig.3 visualizes the

Algo.1 shows the pipeline of graph based image retrieval. This
pipeline is used to both build corpus and do image retrieval. Comparing with TBIR and CBIR, the differences lie in feature extraction and
distance calculation. The feature extraction is replaced with graph
generation while distance is now measured by graph similarity
instead of L2 Norm or cosine distance. With slightly modification,
current image retrieval system can be converted to graph based.
(a)

(b)

Figure 4: Attributes data distribution. (a) 11 groups of attributes. (b) Color group.

kept attribute groups using t-SNE [33]. We can see that attributes
in each group are closer in semantic level which proves that our
grouping is reasonable. The attributes distribution is shown in Fig.4
(a). Attribute group like “age” only occurs in human so that the
proportion is smaller. And the most common attribute group, color,
contains 12 kinds of different colors as shown in Fig.4 (b).
Attribute Head: The attribute head has a similar architecture to
conventional detection heads. It consists of 2 fully connected layers
followed by 11 classifiers corresponding to 11 groups of attributes.
For each RoI, the feature map F RoI is fed into fully connected
layers to obtain Fvec ∈ R1024 . The text features in hidden states H
mentioned in Section.3.1 is aggregated to attributes via:
M = tanh(φ(H ))

(5)

α = so f tmax(Wθ H )

(6)

a = Mα
∗
Fvec

T

= Fvec + a,

(7)
(8)

where φ is a fully connected layer used to convert the original H to
intermediate state M ∈ R1024 , Wθ denotes the learnable parameters.
In Eq.8, we introduce a text attention α. The α is multiplied with
original hidden states to obtain the adjective information a. We then
simply sum the Fvec with a to obtain final attributes representation
∗ which is used to do attributes classification. By doing so, the
Fvec
object attributes and our text input are linked which can contribute
to our image retrieval.

3.3

Image Retrieval and Dialogue

Scene graph representation contains rich and structured information which is a good carrier for image retrieval. Using scene graphs
to do image retrieval, the first problem we need to tackle is to define
the relevant and irrelevant searching results. On the consideration
of both rationality and efficiency, we use triplet coincidence degree
to measure the graphs similarity. Two graphs with more identical
triplets consisting of ⟨subject, relation, object⟩, the corresponding
images are more likely to be relevant. Specially, we balance the
weight of different triplets in a scene graph by using the value of
adjacency matrix A so that the triplets matching text input will
have a higher weights.

Algorithm 1: Image retrieval using scene graph
Input: Query Iq , Text Tq Corpus Gc =[G 1, G 2, . . . , G N ]
Output: Query result R[N]
Graph Gq ← SGG(Iq ,Tq );
for i = 1, . . . , N do
score ← 0;
for triplet in Gq do
if triplet in Gc [i] then
score ← score + 1;
end
end
R[i] ← score
end
sort the R by row in descending order;
return R;
Dialoguing with Image: As the retrieval is scene graph based,
modification on graph, e.g., changing the nodes (object/attribute
type) or edges (relations), can directly affect the searching results.
Recall that our text input corresponding to image is also fed into
network as a second input. This text input simultaneously provides
information for attributes prediction and adjacency matrix construction. During the training time, the text input exactly matches
the image region so that the model is trained to be highly related
to the text input. As a result, during retrieval, we can modify the
image description to fine-tune the searching results. By iteratively
dialoguing with image, we can obtain more and more accurate
searching results. Specially, if the image description is not given,
we use a all one adjacency matrix.
Discussion: The goal of scene graph based image retrieval is to
search images with similar scene structure. From this perspective, it is closer to TBIR. But comparing with TBIR, it can handle
images with more complicated scene (or graph) which may take a
lengthy description in TBIR. However, this intuitive advantage also
becomes a limitation when the graph is too simple even without
edges. For example, searching for the identical things with query or
a specific person/object. Hence scene graph based image retrieval
is more likely to become a complementary component in current
image retrieval systems. Besides, since the query image can not always exactly match the query condition, this dialoguing process is
an important way to perfect the scene graph based image retrieval.

4

EXPERIMENTS

Dataset and Metrics: Following existing works, we use the pruned
version [50] of VG (VG-150 for short) so that the results can be
comparable. VG-150 contains 150 unique object categories and 50
relation categories which is selected by frequency. We use 62,723

• Both handcrafted feature (HOG [6]) and deep Multi Labels
Classifier (MLC) feature are used to do content based image
retrieval.Specially, since the images in VG dataset contain
more than one object, the MLC is trained with multi labels
using ResNeXt 152 [49].
• Besides, we draw comparisons with [27, 50, 52]. IMP [50]
propose a model that passes messages between nodes and
edges iteratively via GRU [3]. In MSDN [27], three vision
tasks (detection, scene graph detection and image caption)
are solved jointly. Motifs [52] uses object and edge contexts
to refine the relation representation. We also compare our
scene graph generation performances with these works.

images for training and 26,446 for testing. The testing set is used
to evaluate the performance of both image retrieval and scene
graph generation. As for image retrieval, for each image (or query)
in testing set, the graph similarities with the rest of images are
calculated so that we can get a 26, 446 × 26, 446 similarity matrix.
The sorted similarity matrix (descending order by row) is regarded
as the ground truth of image retrieval results and similarity with
higher score refers to higher relevance. We use mean NDCG@K
[18] to measure the retrieval performance:

DCG =

K
Õ
2r eli − 1
loд2 (i + 1)
i=1

(9)

|GT
Õ|

2r eli − 1
(10)
loд2 (i + 1)
i=1
DCG
nDCG =
,
(11)
IDCG
where K is the top K retrieval results and GT denotes the ideal
retrieval sequence. The reli denotes the relevance with query of
result. Here we use the graph similarity as this relevance term in
NDCG.
For scene graph generation, we follow the commonly used three
metrics:
IDCG =

• Predicate Classification: recognizing the relation between
two objects given the ground truth boxes and classes.
• Scene Graph Classification: recognizing the relation between two objects given only the ground truth boxes.
• Scene Graph Detection: recognizing the relation between
two objects.
And accuracy is used to measure the performance of our attribute
head.
Implementation details: We use Faster-RCNN [41] with VGG16 [43] as our backbone. During training, the image batch size and
proposal batch size are set to 4 and 256, respectively. The positive sample ratio in RPN is set to 0.5 while NMS threshold is set
to 0.7. The text input is first embedded to 100-d vector then encoded to 512-d hidden states via 2 layers LSTM. RoIAlign [15] is
used to extract RoI features which are projected to 512-d vector
to pass information in GCN. We use second-order GCN so that
every node can obtain information from first-order neighbors and
second-order neighbors. The attribute head only calculate losses on
positive samples and focal loss [30] is used to tackle the imbalance
data distribution problem. The whole framework is trained using
a two-stages strategy. In the first stage, we only train the detector.
The whole network is trained end to end with backbone parameters
frozen in the second stage. We perform SGD [1] to optimize the
model with learning rate initialized with 1e − 3 and weight decay
is set to 1e − 4. These two stages take about 18 hours and 14 hours
respectively in single Nvidia GTX 1080Ti GPU. During image retrieval, the object attributes are regarded as nodes with the relation
set to "is".
Baselines: We compare our image retrieval performance with
three kinds of existing approaches.
• TF-IDF [32, 44] is used to do text based image retrieval and
the index is build using the testing dataset.

Table 1: Image retrieval comparison using NDCG@K.
Methods
TF-IDF [32, 44]
HOG [6]
MLC
IMP [50]
MSDN [27]
MOTIFS [52]
OURS

NDCG@5
0.3707
0.2628
0.3322
0.4325
0.4659
0.4823
0.4977

NDCG@10
0.3645
0.2187
0.2732
0.3561
0.3702
0.3922
0.4089

NDCG@20
0.3596
0.1774
0.2036
0.3159
0.3168
0.3345
0.3498

NDCG@K

OURS

0.6
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Figure 5: NDCG@K curve.

4.1

Results on image retrieval

We compare the performance of our approach with existing works
including conventional image retrieval approaches and other scene
graph generation approaches. Tab.1 shows the experimental results
on VG dataset using NDCG@K, where K is set to 5, 10 and 20
respectively. Obviously, content based image retrieval approaches
are incapable for this kind of retrieval task which requires the ability
of catching most semantic information of a given image. The text
based image retrieval approach has a better performance comparing
with the former. However, it can only handle some simple scene
which can be elaborated with several words. This will be further
discussed in the visualization session. As for scene graph based
image retrieval, our approach outperforms other works. We also
illustrate the NDCG results under continuously K and draw the

(a)

(b)

(c)

(d)

Figure 6: Top-down are TF-IDF, MLC, MOTIFS and our results (with the description “Dog on the bed”) respectively. The left
column is query and the right columns are query results. Image in Green / yellow / red box denote high / medium / low match.

(a)

“A man wearing hat is
riding a horse near water”

(b)

“A man wearing hat is
riding a horse”

(c)

“A man wearing hat is
riding a white horse”

Figure 7: Searching results change with the text input. Image in red box is failure case.
NDCG@K curve which is depicted in Fig.5. From Fig.5 we can see
that the our approach has advantage with minor K. It’s caught up
by TF-IDF when the K increases to more than 20. The reason is that
there are not many highly structural similar images in the corpus
built from testing set. Our approach can retrieve the most similar
results so that we have better performance in minor K. However,
when the K getting bigger and the highly similar images running
out, our NDCG score decreases while the TF-IDF maintains stability
since there are many key words in its query.
Visualization: Fig.6 visualizes the image retrieval results. From
the results, we can see that the text based image approach can
retrieve images that matches query text segments (a). As a results,

these images are often different. The performance might get worse
in practical applications since the user generated image tags are
mostly not as structural and complete as the deliberately labeled
description in VG dataset which are used for TF-IDF. The content
based approach suffers severe “semantic” gap problem so that the
results are very strange (b). We also find that scene graph generation approaches are very suitable for this task (c) since they can
catch the objects relations. And our retrieval results are more satisfying as the comprehensive image understanding that composed of
⟨doд, on, bed⟩, ⟨book, on, bed⟩ and ⟨doд, near, book⟩ are learned by
our model.
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Figure 8: Scene graph generated by our model. Green boxes and arrows are true positive prediction while the red ones are false
positive. Boxes and arrows with dotted line are false negative.
Table 2: SGG results.

IMP [50]
MSDN [27]
MOTIFS [52]
OURS

SGDet
R@50 R@100
16.3
19.0
7.7
10.5
27.0
30.3
27.6
30.4

SGCls
R@50
28.3
19.3
35.8
36.3

R@100
29.3
21.8
36.5
37.2

quantity and quality. Qualitative results are shown in Fig.8. Although there are some false negative predictions in (a), they are
mostly reasonable.
PredCls
Attribute Result: Even if the the attributes we used is a selected
R@50 R@100
subset of the original one, it’s still a challenging task due to the
57.2
60.1
extremely imbalance data distribution. Besides, some attributes like
63.1
66.4
“silver”
and “metal” are very similar in many scenario which makes
65.2
67.1
this task more complicated. The attributes performance is shown
65.9
68.2
in Tab.3.

Table 3: Accuracy of attributes classification.
class
Color
Material
Pattern
Shape

Acc
0.4746
0.5273
0.6205
0.7118

class
Cloth Style
Age
Length
Size

Acc
0.6286
0.7433
0.7153
0.6751

class
Humidity
Capacity
State
Mean

Acc
0.7444
0.7293
0.6583
0.6571

Fig,7 shows the different searching results from the same image
with different text inputs. From (a) we can see that the searching
results completely matches our query. And by removing the connection between “water”, we obtain ⟨man, ridinд, horse⟩ images in
different backgrounds (b). The horse become white as expected
when we change the horse’s color by text (c).

4.2

Components Analysis

Scene Graph Generation Results: Tab.2 illustrates the performance comparison on scene graph generation. These approaches
are all implemented with the VGG-16 as the backbone for fair comparison. Our model outperforms the state-of-art methods in both

5

CONCLUSION

In this paper we propose a scene graph based image retrieval framework with text association to handle complicated scene image. The
image together with text are fed into model to generate a structural and complicated scene graph which is then used to do image
retrieval. By dialoguing with image using given text, our model
can further flexibly refine the image retrieval results. Our approach
is proved to be effective in scene graph based image retrieval and
scene graph generation. It also fills in the blanks of complicated
scene image retrieval. The future works can be done in the direction
of scene graph hash and scene graph for detection.
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