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ABSTRACT
Person Re-identification (ReID) targets to identify a probe person
appeared under multiple camera views. Existing methods focus on
proposing a robust model to capture the discriminative information.
However, they all generate a representation by mining useful clues
from a given single image, and ignore the intercommunication with
other images. To address this issue, we propose a novel network
named Feature-Fusing Graph Neural Network (FFGNN), which fully
utilizes the relationships among the nearest neighbors of the given
image, and allows message propagation to update the feature of
the node during representation learning. Given an anchor image,
the FFGNN firstly obtains its Top-K nearest images based on the
feature generated by the trained Feature-Extracting Network(FEN).
We then construct a graph G based on the obtained K + 1 images,
in which each node represents the feature of an image. The edge
of the graph G is obtained by combing the visual similarity and
Jaccard similarity between nodes. Within the constructed graph G,
FFGNN conducts message propagation and adaptive feature fusion
between nodes by iteratively performing graph convolutional op-
eration on the input features. Finally, the FFGNN outputs a robust
and discriminative representation which contains the information
from its similar images. Extensive experiments on three public
person ReID datasets including Market-1501, DukeMTMC-ReID,
and CUHK03 demonstrate that the proposed model can achieve
significant improvement against state-of-the-art methods.

CCS CONCEPTS
• Computing methodologies → Image representations; Ob-
ject identification.
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Figure 1: The top row is the rank list of raw features, the
bottom row is the rank list of Feature-Fusing Graph Neural
Network (FFGNN). Images with red bounding box are false
results and with green bounding box are ground-truth. The
black lines denote the edges between similar images, and the
orange arrowheads represent feature updapting
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1 INTRODUCTION
Person re-identification (ReID) targets to identify a probe person ap-
peared under multiple disjoint camera views. It has recently drawn
increasing attention from both academia and industry due to its
essential applications in intelligent surveillance. Because person
images taken by different cameras are easily affected by the clut-
tered backgrounds, occlusions, illumination and pose variations,
the person ReID remains a challenging task.

The person ReID can be regarded as the combination of person
description and person matching. As the person images captured
from multiple cameras contain large intra-class and subtle inter-
class differences, the core problem for person description is to gen-
erate a discriminative and robust representation to describe these
differences. Inspired by the significant success achieved by convolu-
tional neural networks (CNNs) in representation learning, most the
of existing methods employ CNN [1, 2, 9, 23, 26, 38, 42, 44, 46, 48]
to generate person description for person ReID recently. These
methods improve the descriptive ability from the following aspects:
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1) using auto-detected person parts to generate aligned descrip-
tion [23, 42, 44]; 2) employing siamese or triplet network to make
the generated feature more discriminative [9, 10]; 3) using atten-
tion mechanism to automatically infer the discriminative informa-
tion [26, 46].

Although the above methods are effective for person ReID, they
all generate a robust description by mining useful clues from the
given single image. Due to the diversity of person images, using a
single person image is hard to generate a comprehensive and robust
feature of person description. For example, it is difficult to match the
front and back of the person due to the distinct apperances, but the
front and back both have a certain similarity to the side appearance.
As the images of each person have a large inter-class difference,
ignoring the intercommunication between different images makes
the generate feature less robust. Therefore, how to propagate and
fuse useful clues from additional images becomes the key to improve
the robustness of person description.

Different from person description, the personmatching is to mea-
sure the similarity between the probe and gallery images. Most of
the existing methods retrieve images from gallery set by calculating
the Euclidean distance or Cosine distance between the generated
representations. Based on the retrieval results, some re-ranking
methods [14, 34, 50] are proposed to refine the results by integrat-
ing similarity relationships between the probe and gallery images.
The core idea of re-ranking is that the co-similar gallery images
should have similar similarities with probe person, e.g., k-reciprocal
is used in [50] to select the co-similar gallery images for re-ranking.
However, in person ReID, the re-ranking methods merely adjust the
similarity with the gallery image for each probe image, and do not
affect the representation learning. In other words, the re-ranking
targets to improve the performance during person matching, while
it is independent of the representation learning.

To address the issue mentioned above, we propose a novel net-
work named Feature-FusingGraphNeural Network (FFGNN), which
fully utilizes the relationships among the nearest neighbors of a
given image, and allows message propagation to update the feature
of the node during representation learning. The core idea of FFGNN
is that it can employ a Graph Neural Network (GNN) to perform the
message propagation among a set of images. Compared with tradi-
tional Convolutional Neural Networks, the GNN can generalize the
convolutional operation on data with arbitrary graph structure, in
which the similarity relationships among data can be built as edges.
One primary task of the FFGNN is to construct a proper graph for
the input data, which is also the significant contribution of our
approach. As the FFGNN aims to perform message propagation
among similar images, for a given anchor image, we use a trained
Feature-Extracting Network (FEN) to retrieve its Top-K similar
images in a dataset. Then, an undirected graph G (V ,E) is defined
on the K + 1 images, where V and E denote the nodes and edges,
respectively. For the graph, each node corresponds to one image,
thus the input for each node in the image representation generated
by the FEN. The edge of the graph G represents similarity relation-
ship between nodes, which is obtained by combining the visual
similarity and Jaccard similarity, where visual similarity denotes
the cosine distance between the feature of nodes, and the Jaccard
similarity is calculated from the k-reciprocal nearest neighbor set
of nodes. Specifically, the well-designed edges ensure the message

propagation and adaptive feature fusion within a graph more ef-
fective. As illustrated in Figure 1, the features generated by the
FFGNN are more discriminative by fusing information from other
similar images and achieve a more accurate rank list. With our de-
signed data sample strategy, the FFGNN can be effectively trained
on the training dataset, and produces a robust and discriminative
representation.

The major contributions of this paper can be summarized as
follows:
• We propose an effective network named Feature-Fusing Graph

Neural Network for person ReID, which allows adaptive feature
fusion between images to obtain more robust representations.

• We have demonstrated that mining and fusing information
from similar images can improve the robustness of person de-
scription.

• Experimental results on three benchmarks including Market-
1501 [47], DukeMTMC-ReID [29], and CUHK03 [24] demon-
strate the effectiveness of the proposed method.

2 RELATEDWORK
Person Re-identification. In the past several years, a lot of deep
learning based methods have been proposed for person ReID. In-
spired by the success of CNN for image classification, Zheng et
al. [48] propose ID-discriminative Embedding (IDE) with simple
ResNet-50 [16] backbones as a baseline for modern deep ReID sys-
tems. To obtain robust representation, leveraging local features
extracted from human body parts has been the mainstream for
person ReID. Part-based methods for person ReID can be divided
into three main categories according to the part generation meth-
ods: 1) locating part regions with strong structural information
such as empirical knowledge about human body [9, 38, 44] or pose
information provided by human pose estimator [36, 45]; 2) locating
part regions with the embedded region proposal module [23, 42];
3) locating salient parts by an attention-ware mechanism [26, 46].
Besides representation learning, metric learning is also applied for
person ReID. For metric learning, several metric losses are elab-
orately designed for similarity measure. Contrastive loss [15] is
commonly used in siamese-liked networks to verify whether the
two input images contain the same person. Triplet loss [19, 32]
enforces a margin between the intra- and inter-class distances to
the same anchor sample. Many variants [7, 9, 18] are proposed to
improve the triplet loss. Nevertheless, the aforementioned methods
do not fully utilize the relationships among all samples in a set and
have no direct interaction or propagation between features.

Also, re-ranking techniques are drawing increasing attention and
have achieved significant improvement in person ReID. Existing re-
ranking methods are mainly divided into two streams: re-ranking
based on manifold learning or contextual information. In manifold
ranking [20], a graph is constructed on the similaritymatrix samples
where the weight of each edge represents the similarity of two
samples. The affinity information of all samples can be propagated
on the weighted graph. Compared with the traditional pairwise
affinity which measures the similarity between two samples, it
explores the affinity information among all samples in a global view.
Themotivation for contextual re-ranking is that similar data possess
similar neighbors. Ye et al.[43], utilize the k-nearest neighbor set to
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Figure 2: Overview of the proposed framework. It consists of the Feature-ExtractingNetwork (FEN) and Features-FusingGraph
Neural Network (FFGNN). For a given query image, we first retrieve its top-K nearest neighbors by using the FEN. Then a
graph is created on the features x f of these images and graph convolutional operation is performed on the graph to propagate
message between nodes to obtain more robust features xд .

calculate both similarity and dissimilarity from different baseline
methods, then the aggregation of similarity and dissimilarity is
performed to optimize the initial ranking list. Zhong et al.[50]
utilized k-reciprocal nearest neighbor set to refine the ranking list.
However, most of the re-ranking methods are unsupervised and
proposed as post-process approaches, which thus cannot benefit
feature representation learning.

Graph Neural Network. In recent years, Graph Neural Net-
work (GNN), which generalizes neural networks to data with ar-
bitrary graph structures receive increased attention in deep learn-
ing research. It has achieved significant success in many appli-
cations, such as image classification [3], document classification
[11], action recognition [41] and semi-supervised learning [22].
Scarselli et al.[31] first introduce Graph Neural Network (GNN),
which is an extension for recursive neural networks and random
walk models for graph structure data. There are generally two ways
to construct the GCNs on graph. One is called spectral construction,
which considers the locality of the graph convolution in the form
of spectral analysis [13, 17, 22]. Kipf et al.[22] propose a localized
first-order approximation of spectral graph convolutions for semi-
supervised classification. The other is spatial construction, which
directly applies the convolution filters on the graph nodes and their
neighbors [4, 28]. Yan et al.[41] exploit spatial construction GCN
for human action recognition, which constructs the CNN filters on
the spatial domain, by limiting the application of each filter to the
1-neighbor of each node.

Compared with existing methods, GNN not only propagates and
fuses message between nodes but also can be trained together with
CNN, which can benefit the representation learning. For person
ReID, Shen et al.[35] fully exploit the training data label supervision
to obtain more accurate similarity estimation by propagating affin-
ity information in the graph. Compared with [35], our approach
has the following advantages. Firstly, we take both the Jaccard
similarities and cosine similarities between nodes into account for
the weights of edges in graph, which ensure message propagation
in graph more effective. Secondly, our FFGNN directly performs

feature fusion on the features of person images. It can be easily com-
bined with any of other networks used for feature learning, while
the SGGNN in [35] is limited to combine with siamese networks.

3 OUR APPROACH
In this section, we first provide an overview of the proposed frame-
work in Section 3.1. Then, the details of the Feature-Fusing Graph
Neural Network (FFGNN) is presented in Section 3.2, and the train-
ing and testing of our architecture are described in Section 3.3.

3.1 Framework Overview
For the person ReID, the training dataset is defined as Dtrain =

{I i ,yi }
N
i=1, where N is the number of training images, I i and yi are

the i-th image along with its label. The traditional methods always
train a Feature-Extracting Network (FEN) on the dataset Dtrain
to generate the person representation. However, the generated
representation contains less discriminative information because it
ignores the relationship between the image I i and its similar images
in dataset Dtrain . To achieve direct intercommunication between
images, the Features-Fusing Graph Neural Network (FFGNN) is
proposed to utilize the relationships among the similar images, and
allows message propagation to update the feature during represen-
tation learning.

As shown in Figure 2, the framework of our approach consists of
the Feature-Extracting Network (FEN) and Feature-Fusing Graph
Neural Network (FFGNN). The Feature-Extracting Network (FEN)
is used to generate the description for the input image. For ex-
ample, given the image I i , the FEN outputs the representation
x
f
i = F (I i ,θ1), where θ1 is the parameter of FEN. In this paper, we

employ the modified ResNet50 [16] as the Feature-Extracting Net-
work. The Feature-Fusing Graph Neural Network (FFGNN) applies
a Graph Neural Networks (GNN) [31] to embed the relationship be-
tween the image I i and its nearest neighbors. For the image I i , the
Top-K nearest images can be obtained by ranking the similarities
with all images. Once the Top-K similar neighbors obtained, an
undirected graph G (V ,E) is constructed to represent the relation-
ships between image I i and its Top-K similar neighbors. Within
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Figure 3: The message propagation and feature fusion be-
tween nodes. The edge weight si j is calculated from both of
the Jaccard similarity and cosine similarity between the i-th
and j-th nodes. The kernelW of graph convolution can be
the parameters of a fully connected layer without bias and
shared by all nodes.

the G(V ,E) , V denotes the set of nodes, and each node represents
the visual feature of each image. The goal of FFGNN is to update
the feature on each node by utilizing the information from its joint
nodes to generate a more robust description. As the edge is used
for message propagation between nodes, how to define the weight
of the edge becomes crucial for FFGNN, e.g., a loose edge setting
may pass noise information between nodes. In the following, we
will introduce the FFGNN in detail.

3.2 Features-Fusing Graph Neural Network
In this section, we first describe how to construct the graphG . Given
an image I along with its Top-K nearest neighbors in the datasets,
the graph G is constructed based on the K + 1 images, which are
denoted as {I , I1, ..., IK }. As the node of the G represents the fea-
ture of each image, we hence apply the Feature-Extracting Network
(FEN) to generate feature for each image, which are denoted as
x f ∈ RDin and x fk ∈ RDin ,k ∈ [1,K], where Din is the dimension
of the generated feature. By combining theK+1 features into a ma-
trix, we can obtain the input data matrix X in = [x f ,x

f
1 , . . . ,x

f
K
],

X in ∈ RDin×(K+1). Then the graph convolutional operation is per-
form on X in , and the generated feature Xout can be obtained as
follows:

X⊤
out
= SX⊤

in
W , (1)

whereW represents the kernel of the graph convolutional layer, S
is the normalized adjacency matrix that is obtained by:

S = Λ− 1
2AΛ− 1

2 , (2)

where the adjacency matrix A represents the connections of nodes
within a graph, including self-connections. Next, we introduce how
to generate the A.

Edge Setting. As mentioned above, to ensure the output feature
being more discriminative and robust, a well-designed edge setting
for the graphG is necessary. In the graphG , the weight of the edge
is used to represent the similarity of the connected nodes. In the
previous methods [35], the similarity of the connected nodes is
inferred by a linear binary classifier. As the linear binary classifier
can merely measure the visual similarity of two nodes, the major
shortcoming is that it ignores the contextual information of nodes.
Inspired by [50], we take the Jaccard similarity betweenk-reciprocal
nearest neighbor sets of images into account to calculate the weight
of the edge.

Given the feature of two nodes, i.e., x i and x j , the visual similar-
ity can be measured by the cosine similarity:

ci j =
x⊤i x j

| |x i | | | |x j | |
. (3)

We denote the C =
[
ci j

] (K+1)×(K+1) as the similarity matrix
for all nodes. Besides the visual similarity, we further compute the
Jaccard similarity with their k-reciprocal sets by:

di j =

��R (x i ,k) ∩ R
(
x j ,k

) ����R (x i ,k) ∪ R
(
x j ,k

) �� , (4)

where R (x i ,k) is the k-reciprocal set of x i , which can be calculated
as:

R (x i ,k) = {x |x ∈ topk (x i )&x i ∈ topk (x)} , (5)
where topk (x i ) represents the top-k nearest neighbor set of x i .
The k-reciprocal nearest neighbor set can be encoded into a vector
vi =

[
vi1,vi2, . . . ,vi(K+1)

]
, where vi j is a binary value to indicate

whether x j is in the set R (x i ,k). However, the above definition
treats each neighbor as equal, and ignores the visual difference
of the sample. Intuitively, a closer neighbor should have a higher
weight while farther neighbor has a lower weight. Thus, we convert
the hard binary weight into soft according to the visual similarity.
Therefore, the vi j is reformulated as:

vi j =

{
ci j x j ∈ R (x i ,k)
0 otherwise .

(6)

Based on the above definition, the Jaccard similarity between x i
and x j can be calculated as:

di j =

��R (x i ,k) ∩ R
(
x j ,k

) ����R (x i ,k) ∪ R
(
x j ,k

) �� =
��min

(
vi ,v j

) ��
1��max

(
vi ,v j

) ��
1
. (7)

We define the D =
[
di j

] (K+1)×(K+1) as the Jaccard similarity
matrix for all nodes.

As mentioned in [50], simply using the Jaccard similarity would
pose considerable barriers to utilize sufficient contextual infor-
mation. We thus jointly utilize the visual similarity and Jaccard
similarity to calculate the similarities between nodes:

A = λD + (1 − λ)C . (8)

where λ is used to balance the effect of each term.
As the nodes connected by an edge with small weight can be

observably different, the edge with small weight may pass noisy
information instead of discriminative information. It is noteworthy
that the matrix A contains a large number of edges with a small
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weight. Therefore we design a mask B = [bi j ]
(K+1)×(K+1) to re-

move the edges with small weight. The element bi j is defined as
follows:

bi j =

{
1 ai j ≥ r

(
τ ,

[
ai1, . . . ,ai(K+1)

] )
0 otherwise,

(9)

where r (τ , [ai1, . . . ,ai(K+1)])means the τ -th largest element in the[
ai1, . . . ,ai(K+1)

]
. Thus, the matrix A can be reformulated as:

A = (λD + (1 − λ)C) ◦ B, (10)

where ‘◦’ denotes the Hadamard product. Finally, we can calculate
the normalized adjacency matrix S =

[
si j

] (K+1)×(K+1) according
to Eq. (2).

Message Propagation and Features Fusion. After obtaining
the normalized adjacency matrix S , we then compute message
propagation between each node. Message propagation targets to
absorb effective information from other images. For the i-th node,
the message propageted from other nodes is calculated as follows,

∆x i =
∑
j ∈R(i)

si jx
⊤
j W . (11)

whereW is the kernel for the graph convolution, x j and si j are the
feature and similarity for the j-th node. An intuitive illustration
of message propagation is shown in Figure 3. In this paper, the
graph convolution is implemented with the fully connected layer
by ignoring the bias.

To maintain the stability of the feature, we apply a moment-
based method to update the x i with Eq. (12). The hyper-parameter
α ∈ [0, 1] is used to balance the importance of fusion feature and
original feature. In the experiment section, we will give a detailed
analysis of α . Note that the Eq. (12) can be performed iteratively.
We find that the best performance is obtained by performing three
iterations.

x̃⊤i = (1 − α)x⊤i + α∆x i . (12)

3.3 Training and Testing
Loss Function. The person ReID targets to infer a robust and dis-
criminative representation. Inspired by the previous methods [25],
we employ three types of losses during training: softmax loss, triplet
loss, and verification loss. Existing methods have verified that the
combination of the three loss functions can enhance the discrimi-
nation ability of the learned representations.

Given the training dataset, we can treat person ReID problem as
a multi-class classification task, and employ the softmax loss for
discriminative representation learning. The softmax loss function
is defined as follows:

Lsf t = −

K+1∑
i=1

log
exp

(
w⊤
yix i + byi

)
∑L
l=1 exp

(
w⊤
l x i + bl

) , (13)

where L is the number of classes, i.e., L=751 for Market-1501,w is
the weight for classifier, and yi is the ground-truth label.

Beside the softmax loss, we also employ a batch-hard triplet loss
to enhance the ranking performances. The candidate triplets are
built by the furthest positive and closest negative sampled pairs in

a mini-batch with P identities and Ki images from the i-th identity.
The loss function is then defined as follows:

Ltr i = −
P∑
i=1

Ki∑
a=1

[
β + max

p=1...Ki

x ia − x ip


2

− min
n=1...Ki , j=1...P, j,i

x ia − x jn


2

]
,

(14)

where x ia denotes the feature for the a-th positive image of the i-th
identity, while x ia , x ip and x jn are the features for anchor, positive
and negative samples, receptively. The β is the margin to control
the differences between intra-class and inter-class distances.

In addition, we further apply verification loss on the visual simi-
larity matrixC = [ci j ]

(K+1)×(K+1), which can be formulated as:

Lver if =
K+1∑
i=1

K+1∑
j=1

(
yi j − ci j

)2
, (15)

where yi j is binary label of image pair, e.g., 0 for negative pair and
1 for positive pair.

Training Stage. The FFGNN is desiged for fusing information
from the images in a batch. Therefore, how to construct the mini-
batch used for training is crucial for FFGNN, e.g., manually or
randomly selected mini-batches for training distinctly differ from
the distribution in testing stage, which make the FFGNN hard to
generalize to testing data. Therefore, we propose a novel sampling
strategy to select samples for training. The details are provide as
follows:
• First, the FEN is trained to convergence with the combination of
softmax loss and triplet loss. Note that the input mini-batches
consist of randomly selected P × K training samples, where P
identities are selected and K images for each identity.

• Second, we randomly sample N
5 images from the training

dataset Dtrain as query set, and the rest ones are the gallery
images.

• Third, for each image in the sampled query set, we retrieve its
Top-K nearest neighbor from the sampled gallery images based
on the feature generated by the trained FEN. As a consequence,
we obtain a new training dataset with N

5 mini-batches, and
each mini-batch consisting of K+1 images.

• Fourth, we fix the layers in FEN, and train the FFGNN with the
selected mini-batch samples.

• Finally, we fine-tune the overall architecture including FEN and
FFGNN.
Testing Stage. During testing stage, given a query image Iq , we

first retrieve its Top-K nearest neighbors from the gallery images.
We then feed the K + 1 features into the FFGNN to obtain fused
features. The fused features are more discriminative and robust by
fusing information from the Top-K nearest neighbors.

4 EXPERIMENTS
4.1 Datasets and Protocols
To demonstrate the effectiveness of the proposedmodel, we conduct
extensive experiments on three widely-used datasets: Market-1501
[47], DukeMTMC-ReID [29], and CUHK03 [24].
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Market-1501. This dataset is collected from six different camera
views. It contains 32,668 bounding boxes of 1,501 identities detected
by a Deformable Part Model. Following the standard split, we use
12,936 images of 751 identities as the training set, and 19,732 images
of the rest 750 identities for testing.

DukeMTMC-ReID. It is constructed from the multi-camera
tracking dataset DukeMTMC and contains 1,812 identities from
eight cameras. Following the evaluation protocol in [49], 702 identi-
ties are adopted as the training set and the remaining 1,110 identities
as the testing set. During testing, one query image for each identity
in each camera is used for query and the remaining as the gallery
set.

CUHK03. It includes 14,096 images of 1,467 identities, captured
by six camera views with 4.8 images for each identity in each cam-
era on average. Specifically, both manually annotated and DPM-
detected bounding boxes can be used for experiments on this bench-
mark. The evaluation protocol of CUHK03 is in a different format
compared with other datasets. We follow the standard protocol
detailed in [24] and report the results on the DPM-detected images.

Protocols. In our experiments, to quantitatively evaluate the
performances of the proposed method, we use the Cumulative
Matching Characteristic (CMC) curves as the evaluation metric.
CMC represents the probability that a query identity appears in
different-sized candidate lists. We report the rank-1,5,10 accuracy
in our experiments. For the Market-1501 and DukeMTMC-ReID
datasets, the mean Average Precision (mAP) is also used. Specifi-
cally, all the experiments are performed in single query setting.

4.2 Implementation Details
Our approach is implemented in the pytorch framework. In our
architecture, we use the ResNet-50 [16] as the FEN for feature ex-
traction, and it is pre-trained on the ImageNet [12]. Inspired by the
existing works, some valid modifications are applied to ResNet-50:
the setting of the last stride=1 and using BNNeck which has been
verified to be effective in [27]. For the FFGNN, we adopt three graph
convolutional layers with output channel dimensionality (Dout ) of
2048 for each layer. Following [41], we apply batch normalization
and non-linear operation, i.e., ReLU, after each graph convolutional
layer. All the person images are resized to 384 × 128 and normal-
ized. Some data argumentation methods are adopted, including
translation, horizontal flipping, and random erasing. We use the
ADAM [21] algorithm for model optimization. The learning rate is
initialized as 0.0003, and gradually declined by 10 times after every
20 epochs for the training of the FEN, and 10 times after every 5
epochs for the FFGNN. For the hyper-parameters setting, theK for
top nearest neighbors is set as 150. The hyper-parameters of k , τ , λ,
and α are set as 20, 20, 0.7, and 0.3, respectively.

4.3 Ablation Study
To investigate the effectiveness of the proposed method, we conduct
a series of ablation studies on the Market-1501 and DukeMTMC-
ReID datasets. Table 1 shows the comparison under different set-
tings related to components of the proposed method. Note that
other unrelated settings in each comparative experiment are the
same as Basel.+FFGNN, and the Basel. is obtained using the FEN
for person retrieval. The Basel.+FFGNN jointly considers Jaccard

Table 1: Effectiveness of different components on the
Market-1501 and DukeMTMC-ReID datasets.

Methods Market-1501 Duke
R-1 mAP R-1 mAP

Basel. 94.5 85.2 86.1 75.3
Basel.+FFGNNor i_w_mask 94.6 89.4 86.5 82.7
Basel.+FFGNNjnt_wo_mask 94.0 88.7 85.6 81.9
Basel.+FFGNNrdm 94.2 87.6 86.3 80.2
Basel.+FFGNNsf t 94.5 88.2 86.2 82.3
Basel.+FFGNNsf t+tr i 95.2 91.4 87.1 83.6
Basel.+FFGNN 95.6 92.7 87.6 85.3

similarities and visual similarities between nodes and removes the
edges with small weight. It is trained with a combination of softmax
loss, triplet loss and verification loss.

Effect of edge setting. As the weight of the edge is crucial for
GNN, we first evaluate the effect of different weight calculation
methods. In Table 1, the Basel.+FFGNNor i_w_mask only uses origi-
nal cosine similarities between nodes as weights, and removes the
edges with small similarity. As shown in Table 1, the Basel.+FFGN-
Nor i_w_mask achieves 4.2% improvement at the metric of mAP over
the the Basel.. The improvement demonstrates that message propa-
gation and feature fusion within a graph is useful for robust repre-
sentation learning. However, the Rank-1 accuracy and mAP of the
Basel.+FFGNNor i_w_mask are both lower than the Basel.+FFGNN.
We argue that the visual similarity is not representative enough for
contextual information between features, and Jaccard similarity can
enhance the similarity relationships between nodes. Furthermore,
we target to verify the effectiveness of the mask used in Eq. (10). The
Basel.+FFGNNjnt_wo_mask jointly considers Jaccard similarity and
cosine similarity without using the edge weight mask in Eq. (10).
From Table 1, we can see that the Basel.+FFGNNjnt_wo_mask has
a lower performance than Basel.+FFGNN because the edge with
a small weight is not removed, which proves that removing the
edges with small weight makes message propagation in graph more
efficient.

Effect of the training procedure and loss functions. Similar
to the training of FEN, Basel.+FFGNNrdm is trained with randomly
selected images among the mini-batch. From Table 1, we can ob-
serve that the Basel.+FFGNN achieves the significant improvement
over the Basel.+FFGNNrdm , e.g., 5.1% improvement of mAP for
Market-1501 and Duke datasets. The improvements demonstrate
that the consistency between the distribution of training and testing
samples is important for model generalizing. Moreover, we further
verify the effectiveness of the combination of softmax loss, triplet
loss and verification loss. Basel.+FFGNNsf t is trained merely with
softmax loss, and additional triplet loss for Basel.+FFGNNsf t+tr i .
From Table 1, we can observe that progressive improvements are
achieved by Basel.+FFGNNsf t+tr i and Basel.+FFGNN. The reason is
that the supervisory labels are fully utilized in the model training.

Parameters analysis. We evaluate the effect of parameters for
FFGNN introduced in Section 3., and choose the optimized parame-
ters for all datasets. As K is a significant parameter for selecting
the top nearest neighbors to construct the graph, we firstly verify
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Figure 4: Effect of hyper-parameters K and α .

impact of five different values ofK , e.g.,K = {20, 50, 100, 150, 200}.
The related results are summarized in the Figure 4. As shown in
Figure 4, increasing K can boost the performance, e.g., the perfor-
mance is improved from 87.4 to 92.6 by increasing the K from 20
to 150 on Market-1501. Once the K is larger than 150, increasing
K cannot give any improvement. It is because that a small near-
est neighbor set cannot cover the most of person images having a
same person IDs with the probe image, and a large set may contain
many dissimilar samples which are useless for message propaga-
tion and feature fusion. Therefore, K is set to 150 in the following
experiments.

The α is another vital parameter which can determine the propor-
tion of propagated message in the updated feature. We then analyze
the effect of α , and show the comparison in Figure 4. From Figure 4,
we can see that larger α is helpful to get better performance. The
better performance proves that combining the information from
the feature itself and its joint nodes can generate more robust repre-
sentation. However, too large α degrades the performance because
the larger α mainly considers the information collected from its
joint nodes and ignores the original feature. Therefore, we set α=0.3
in the following.

4.4 Comparison with State-of-the-Art Methods
We compare the proposed method with current state-of-the-art
methods to show our considerable performance advantage over all
the existing competitors.

We summarize the results on Market-1501 dataset in Table 2.
The compared methods mainly focus on representation learning,

Table 2: Results on the Market-1501 dataset.

Methods R-1 R-5 R-10 mAP
SVDNet [37] 82.3 92.3 95.2 62.1
Basel. + LSRO [49] 84.0 - - 66.1
PDC [36] 84.1 92.7 94.9 63.4
JLML [25] 85.1 - - 65.5
DPFL [8] 88.9 - - 73.1
HA-CNN [26] 91.2 - - 75.7
PCB+RPP [38] 93.8 - - 80.9
DNN_CRF [6] 93.5 - - 81.6
MGN [40] 95.7 - - 86.9
Basel. 94.5 98.2 99.0 85.2
Basel.+FFGNN 95.6 98.0 98.9 92.7
Basel.+FFGNN+ECN [30] 95.4 98.1 98.7 94.6

Table 3: Results on the DukeMTMC-ReID dataset.

Methods R-1 R-5 R-10 mAP
ACRN [33] 72.6 84.8 88.9 52.0
SVDNet [37] 76.7 86.4 89.9 56.8
DPFL [8] 79.2 - - 60.6
HA-CNN [26] 80.5 - - 63.8
PCB+RPP [38] 83.3 - - 69.2
DNN_CRF [6] 84.9 - - 69.5
PSE+ECN [30] 84.5 - - 75.7
MGN [40] 88.7 - - 78.4
Basel. 86.1 93.7 95.1 75.3
Basel.+FFGNN 87.6 93.9 94.9 85.3
Basel.+FFGNN+ECN [30] 89.6 94.1 95.3 88.6

e.g., Sun et al. [37] propose an SVDNet to infer the global discrimi-
native representation, other methods [26, 38, 40] mine local cues to
improve the robustness of person description. From Table 2, we can
see that our Basel.+FFGNN has achieved a higher mAP than existing
method, e.g., the Basel.+FFGNN achieves 5.8% improvement against
the 2nd best method without exhaustively mining local cues for
feature learning. The higher performance proves that utilizing the
similarity relationships among features to perform feature fusion
is useful for ReID. Figure 5 shows retrieval results for two given
query, The first and third rows are the rank list calculated from
the features by the Basel., and the second and the fourth rows are
from the Basel.+FFGNN. we can observe that Basel.+FFGNN achieve
more accurate rank list by pull positive samples forward, which
owes to the adaptive feature fusion between similar images.

Comparisons on DukeMTMC-ReID and CUHK03 are summa-
rized in Table 3 and Table 4, respectively. The Basel.+FFGNN exceeds
the 2nd best method by 6.9% and 5.6% in mAP on the two datasets,
respectively. The performance is further enhanced by employ the
re-ranking method ECN [30]. It is noteworthy that all the results
are achieved on the global feature of person image.

To further investigate the validity of the proposed FFGNN, we
compare FFGNN with other approaches that also take the similar-
ity relationships among gallery images into account. The results
on Market-1501 and DukeMTMC-ReID are summarized in Table 5.
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Figure 5: Samples of the retrieval results onMarket-1501. The first and third rows are the rank list calculated from the features
generated by FEN, and the second and the fourth rows are from the FFGNN. Images with red bounding box are false results.

Table 4: Results on the CUHK03 dataset.

Methods R-1 mAP
SVDNet [37] 41.5 37.3
HA-CNN [26] 41.7 38.6
MLFN [5] 52.8 47.8
PCB+RPP [38] 63.7 57.5
Mancs [39] 65.5 60.5
MGN [40] 66.8 66.0
Basel. 65.6 64.3
Basel.+FFGNN 68.2 71.6
Basel.+FFGNN+ECN [30] 68.7 73.1

Table 5: Comparison with other methods that also take the
similarity relationships among gallery images into account
on the Market-1501 and DukeMTMC-ReID datasets.

Methods Market-1501 Duke
R-1 mAP R-1 mAP

L-Basel. 91.2 76.4 78.8 61.8
L-Basel.+RW [34] 91.5 79.2 80.3 66.0
L-Basel.+SGGNN [35] 92.3 82.8 81.1 68.2
L-Basel.+FFGNN 92.6 85.2 81.4 69.8
Basel. 94.5 85.2 86.1 75.3
Basel.+k-R [50] 95.1 93.4 89.5 87.1
Basel.+ECN [30] 95.3 93.6 89.1 87.8
Basel.+FFGNN 95.6 92.7 87.6 85.3
Basel.+FFGNN+k-R 95.2 94.3 89.9 88.2
Basel.+FFGNN+ECN 95.4 94.6 89.6 88.9

Since the source codes of RW [34] and SGGNN [35] are inaccessible,
we thus train a FEN that obtains approximate performance to the
L-Basel for fairly comparison. As shown in Table 5, our FFGNN

achieves 2.4% and 1.6% improvement in mAP on those two datasets,
respectively. Furthermore, the FFGNN can be combined with any
of other networks designed for feature learning compared with
SGGNNN, which is limited to train with siamese networks. As the
re-ranking methods are always used to improve the retrieval per-
formance, we further show that the proposed FFGNN is compatible
with the existing re-ranking methods. As shown in Table 2, by com-
bining the existing re-ranking method ECN, Basel.+FFGNN+ECN
improve the mAP from 92.7% to 94.6% on Market-1501.

5 CONCLUSIONS
Person ReID targets to generate a discriminative and robust rep-
resentation for person description. In this work, we demonstrated
that mining and fusing the information from similar images could
benefit robust representation learning. Given an image, to fully
utilize the similarity relationships among its nearest neighbors, we
propose a Feature-Fusing Graph Neural Network (FFGNN) for adap-
tive feature fusion. A graph G is constructed based on the given
image and its K nearest neighbors. Then, The FFGNN achieves
message propagation and adaptive feature fusion between nodes
by iteratively performing graph convolutional operation on the
graph structure. From the extensive experimental results, we can
conclude that the proposed FFGNN can improve the robustness
of representation by considering discriminative information from
other similar images. Since the FFGNN is compatible with other
networks used for feature learning, it can jointly take the global
description and local description into consideration to enhance the
person description in the future work.
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