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Abstract—Traditional person re-identification aims to retrieve
the surveillance images containing the same pedestrian. As the
quick development of modern cities, a large number of multimodal personal information, including mobile information and
social network log, is available and useful for customer identification and crime tracking. Compared with traditional person reidentification (ReID) only based on image modality, how to make
full use of multi-modal information for efficient person ReID is
more challenging. In this paper, we propose a brand new crossmodal pedestrian retrieval task based on a novel multi-modal
dataset containing GPS trajectories and surveillance images.
Three sub-tasks are evolved in the benchmark: unsupervised
GPS-to-Image, Image-to-GPS, and Image-to-Image retrieval. In
order to further verify our ideas, we propose the Similarity
Driven Model (SDM), which utilizes the attention mechanism to
improve the performance of domain adaptation. Furthermore,
we build a cross-modal heterogeneous graph based on SDM, and
adopt Triplet-Walk to uniformly represent different modalities
for retrieval. Experimental results demonstrate that our method
achieves the state-of-the-art on the GPS-ReID dataset.

I. I NTRODUCTION
Most existing person re-identification (ReID) methods [1]–
[5] are based on single modality of surveillance image. Beyond
the image modality, abundant unlabeled multi-modal personal
information is available, such as GPS trajectory, WiFi accessing log, social network log, and etc. Making full use of these
information for cross-modal retrieval can greatly promote the
application of person ReID.
In this paper, we propose a brand new cross-modal pedestrian retrieval task, which contains following three useful subtasks:
• (1) Unsupervised GPS-to-Image retrieval: Taking a
GPS trajectory as the query to retrieve relevant pedestrian
images based on unsupervised method. This sub-task can
be used for intelligent surveillance of suspects, etc.
• (2) Unsupervised Image-to-GPS retrieval: Using a
pedestrian image to retrieve relevant GPS trajectories.
This sub-task has multiple applications, such as finding
the activity trajectory of a patient in the context of infectious diseases, and preventing patients from forgetting or
lying.
• (3) Unsupervised Image-to-Image retrieval: Unsupervised matching a target person in a set of gallery pedestrian images. This sub-task can be used for tasks such as
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Fig. 1. The cross-modal pedestrian retrieval problem includes three subtasks, namely, unsupervised GPS-to-Image retrieval, which can be used for
surveillance of suspects; unsupervised Image-to-GPS retrieval, which can be
used for trajectory tracking; and unsupervised Image-to-Image retrieval, which
can be used for security monitoring.

security monitoring. Fig. 1 shows a few applications of
cross-modal pedestrian retrieval.
The cross-modal pedestrian retrieval is a challenging problem, because first of all, GPS trajectory and pedestrian image
are two types of data. Hence, cross-modal relationship modeling is required, which means that it is necessary to find
a good way to uniformly represent the two modalities for
retrieval. At the same time, the cross-modal pedestrian retrieval
problem needs to solve three sub-tasks, and they are all based
on unsupervised methods, which will bring great challenges
to researchers. Finally, although the cross-modal pedestrian
retrieval is promising and important for surveillance and public
security, it is impractical to conduct research without suitable
datasets.
In order to solve the above-mentioned challenges, we build
a benchmark, namely GPS-ReID, based on a newly collected
multi-modal dataset. To further verify our ideas, we propose
Similarity Driven Model (SDM), which utilizes attention
mechanism to make the pedestrian feature vectors with high
similarity closer in space and push away the feature vectors
with low similarity, thereby improve the performance of
domain adaptation. Furthermore, we propose Heterogeneous
Representation Learning (HRL), which builds a cross-modal
heterogeneous graph based on SDM. After that, HRL employs

Triplet-Walk (TriWalk) to uniformly represent embedding of
different modalities, so as to achieve the purpose of crossmodal retrieval. Specially, we also propose a dataset of GPSReID, which contains 39 volunteers and 2,369 pedestrian
images. At the same time, each volunteer has a corresponding
GPS trajectory, which is recorded by the volunteers’ smartphone.
All our contributions can be summarized as follows:
•

•

•

•

(1) We propose the novel cross-modal pedestrian retrieval
task, which has major applications in many fields such
as tracking and public security.
(2) We build a benchmark, namely GPS-ReID, based
on a newly collected multi-modal dataset. To further
verify our ideas, we propose Similarity Driven Model
(SDM), which utilizes attention mechanism to make the
pedestrian feature vectors with high similarity closer
in space and push away the feature vectors with low
similarity, thereby improve the performance of domain
adaptation.
(3) We propose Heterogeneous Representation Learning
(HRL), which builds a cross-modal heterogeneous graph
based on SDM. After that, HRL employs Triplet-Walk
(TriWalk) to uniformly represent embedding of different
modalities, so as to achieve the purpose of cross-modal
retrieval.
(4) We propose a dataset for cross-modality pedestrian
retrieval, also namely GPS-ReID. Experimental results
demonstrate that our method has achieved the state-ofthe-art on the dataset of GPS-ReID.
II. R ELATED W ORK

1) Unsupervised Person ReID: Due to the practical significance of ReID tasks, a large number of person ReID
methods have been proposed. Most person ReID algorithms
[4], [5] are based on supervised. Although they perform
well in source-domain, their performance tends to be poor
when transferred to target-domain. Furthermore, obtaining
labels is time-consuming and laborious. Therefore, now most
researchers are focused on the task of unsupervised person
ReID. BUC [2] proposed a bottom-up clustering framework to
solve the unsupervised ReID problem. ECN [3] helped to learn
a more robust model by introducing three domain invariances,
thereby overcoming the problem of image variances in the
target domain. MMT [6] employed more robust ”soft” tags
to optimize pseudo labels online, thus effectively solving the
problem of pseudo label noise in clustering-based algorithms.
SpCL [7] treated all source domain classes, target domain
clusters, and target domain cluster outlier instances as equal
categories, and reasonably mined all available information,
thereby improving the effect of the model. However, all above
retrieval methods are based on image modality and are not
suitable for cross-modal retrieval.
2) Human mobility signature identification: Human mobility signature identification is mainly to infer whether the object
belongs to the trajectory. This is a newly problem in recent

years, and its research work is insufficient. Gao et al. [8] formalized the problem and proposed a multi-classification model
based on bidirectional and stacked recurrent neural networks.
Literature [9] incorporated the trajectory data of unlabeled
users into its semi-supervised training mode, which is helpful
to overcome data sparsity. Ren et al. [10] proposed a Spatiotemporal Siamese Networks to match the identity of the person
only from their historical trajectory data. However, human
mobility signature identification is a verification problem and
needs to be further expanded into a retrieval problem.
3) Graph Embedding: Many scenes in the real world can be
abstracted into a graph structure, such as social networks, the
relationship between users and items in e-commerce websites,
and transportation networks. In recent years, the graph embedding has greatly improved the applications of graph representation learning. The goal of the graph embedding is to map
the nodes in a given graph structure into a low-dimensional
vector space. These low-dimensional vectors can reflect the
context information of the nodes in the graph. LDA [11] and
LPP [12] mainly implement graph embedding through matrix
decomposition. DeepWalk [13] borrows ideas from Word2vec
[14], [15], and adopts the co-occurrence relationship between
nodes in the graph to learn the vector representation of nodes.
After using random walk to sample nodes in the graph and
obtain a sufficient number of node access sequences, DeepWalk employs skip-gram model to learn the representation
of nodes. LINE [16] redefines the similarity between vertices
in the graph, and can be seen as an algorithm that adopts
BFS to construct neighborhoods. Node2vec [17] is a graph
embedding method that comprehensively considers the DFS
neighborhood and the BFS neighborhood. However, most of
these methods are used for personalized recommendation task,
etc., and applications in cross-modal retrieval have yet to be
explored.
III. GPS-R E ID DATASETS AND TASKS
To promote the development of the community on the
problem of cross-modal pedestrian retrieval, we make the first
attempt to propose the GPS-ReID dataset, which is the first
dataset for cross-modal pedestrian retrieval.
The GPS-ReID dataset, collected on South China University
of Technology, is a real multi-modal pedestrian dataset. The
dataset contains 39 volunteers. Among them, each volunteer
corresponds to a walking trajectory composed of GPS records.
Each GPS records includes temporal information and spatial
information (longitude and latitude). At the same time, a total
of 6 cameras are deployed in our dataset, and each camera also
records the temporal information and spatial information. For
surveillance videos collected by each camera, we employed
the object detection algorithm SSD [18] to detect pedestrians.
In the end, a total of 2,369 pedestrian images were collected,
with an average of about 60 pedestrian images per volunteer. In
particular, each pedestrian image also records spatial-temporal
information. The temporal information is the time recorded on
each camera, and the spatial information is the latitude and
longitude of each camera.
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represent different modalities, so as to achieve the purpose of retrieval.

Nowadays, cameras have been widely distributed in areas
that need security, and GPS devices are widely equipped on
vehicles and smart phones. Therefore, data needed by our
GPS-ReID dataset is easy to collect.
Based on the multi-modal dataset, three cross-modal subtasks are proposed: 1) Unsupervised GPS-to-Image Retrieval:
taking a GPS trajectory as the query to retrieve relevant
pedestrian images based on unsupervised method. 2) Unsupervised Image-to-GPS Retrieval: using a pedestrian image to
retrieve relevant GPS trajectories. 3) Unsupervised Image-toImage Retrieval (also known as unsupervised person ReID):
unsupervised matching a target person in a set of gallery
pedestrian images.

IV. O UR A PPROACH
In order to solve the task of cross-modal pedestrian retrieval, we build a retrieval model, namely GPS-ReID, which
includes Similarity Driven Model (SDM) and Heterogeneous
Representation Learning (HRL). Due to the well-known domain shift [19] problem, SDM utilizes attention mechanism to
make the pedestrian feature vectors with high similarity closer
in space and push away the feature vectors with low similarity,
so as to improve the performance of domain adaptation. Based
on SDM, HRL builds a cross-modal heterogeneous graph,
and employs Triplet-Walk (TriWalk) to uniformly represent
embedding of different modalities, so as to achieve the purpose
of cross-modal retrieval. The whole framework can be seen in
Fig. 2. Below we will detail each component.
A. Similarity Driven Model

Additionally, the cross-modal pedestrian retrieval studied
here is specifically for unsupervised tasks, which are more realistic, so the GPS-ReID dataset does not distinguish train/test
in all unsupervised retrieval tasks. We believe that our dataset
can promote the research of cross-modal pedestrian retrieval
in the entire community.

In order to train a robust visual model in the target-domain,
Similarity Driven Model (SDM) is proposed, which includes
two stages: source pre-training and target adaptation. The main
purpose of source pre-training is to make full use of labeled
source-domain data to improve the adaptability of the visual
model, and target adaptation is to help visual model to learn

some unique characteristics from the target-domain. Though
source pre-training is not necessary, experiments demonstrate
that it can greatly improve the performance of the SDM. Thus
below we will still introduce the source pre-training first.
1) Source Pre-training: Based on ResNet-50 [20], our
visual model V, is pre-trained on the labeled source-domain
Z. The reason chooses ResNet-50 as our backbone is that we
want to fairly compare with other methods. The loss functions
adopt in the pre-training are hard triplet loss [21] and identity
loss, which can be formulated as,

R̄i =




Ri,j
max Ri,j ,

j 6= i
(5)

j
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In order to further increase the distinguishing ability of each
pedestrian image feature from others, we utilizes a selfattention mechanism. For pedestrian images t ⊂ T in minibatch Bt , we extract features through the backbone, and then
send it to a fully connected layer Wt :
f = WtT V(t, θ)

Ltriplet =

1
Bs

Bs
X

max(0, m + ||V(zi , θ) − V(zi,p , θ)||

i=1

(1)
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log( PK
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T
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j=1 exp(W V(zj , θ))

(2)

Si,j = e−

||V(ti ,θ)−V(ti ,θ)||
2δ 2

It is worth noting that the shape of Wt is 2048∗n, where 2048
is the output dimension of the last layer of the backbone, and
n is the number of pedestrian images in the target-domian.
After that, we perform the inner product of the feature f ,
and then obtain the attention value among each pedestrian by
performing sigmoid activation:
att = sigmoid(f T f )

where zi , zi,p , zi,n ∈ Z, and zi,p , zi,n are the positive and
negative sample of an instance zi in the current batch Bs
respectively. V(zi , θ) indicates a feature vector extracted by V.
The same as V(zi,p , θ) and V(zi,n , θ). ||.|| means Euclidean
distance. The triplet margin m is set to 0 in default. K is the
number of source-domain classes and W denotes the last fully
connected layer.
2) Target Adaptation: Since the background, illumination
and angle taken by the camera of each domain are unique, the
performance of the visual model pre-trained on the sourcedomain will be worse when it is transferred to the targetdomain, which is the well-known domain shift [19] problem.
In order to tackle this problem, we need to make an adaptation
and further learn the unique characteristics of the targetdomain. We first utilize the above visual model V to extract
features on the target-domain T , and calculate the similarity
between each pedestrian image,
(3)

where ti , tj ∈ T , δ is a hyper-parameter. Taking the form
of the Gaussian kernel function aims to enhance the nonlinear discriminative ability of the similarity measurement. It
is empirically [22] found that adopt this similarity measure is
more effective than other similarity measures such as cosine
similarity. Furthermore, for any pedestrian image ti , we calculate and sort the similarity between it and all other pedestrian
images. We then keep the most similar kS similarities, and set
all others to 0, which can be formulated as,
(
Si,j , j 6= i ∧ tj ∈ Nti
Ri,j =
(4)
0,
j 6= i ∧ tj ∈
/ Nti
where Nti denotes the set of kS nearest neighbors of ti . In
addition, we normalize Ri,j , which means the greater the
similarity, the greater the probability that ti and tj are the
same:

(6)

(7)

The aforementioned attention value is further multiplied
back to the feature f , and then perform the following similarity
loss:
Lsim = −

Bt
exp(attT fi )
1 X
R̄i log Pn
T
Bt i=1
j=1 exp(att fj )

(8)

After that, the relationship between the attention-activated
pedestrian features would be close to the above-mentioned
similarity probability value, so as to make the pedestrian
feature vectors with high similarity closer in space and push
away the pedestrian features with low similarity.
B. Heterogeneous Representation Learning
In order to support cross-modal pedestrian retrieval, a novel
Heterogeneous Representation Learning (HRL) is proposed.
Based on SDM, HRL first makes full use of the spatialtemporal information of each GPS trajectory and pedestrian
images to establish a cross-modal heterogeneous graph. On the
basis of the cross-modal heterogeneous graphs, Triplet-Walk
(TriWalk) is used to obtain the embedding of each node for
retrieval.
1) Construction of Cross-modal Heterogeneous Graph: In
order to unify the GPS trajectories and pedestrian images into
the same dimension and perform retrieval, we proposed the
novel Cross-modal Heterogeneous Graph.
For the connections among pedestrian images, we use
the Similarity Driven Model to select the kc most similar
candidate images for each pedestrian image. However, how
to associate GPS trajectories with pedestrian images is a
relatively unintuitive step. For this, we propose an indirect
connection method. Since each GPS trajectory is composed of
GPS records, and each GPS record has temporal information
Gt and spatial information (Glo , Gla ), at the same time, each
pedestrian image also contains temporal information It and
spatial information (Ilo , Ila ). Therefore, for each pedestrian

image, we look for GPS records that appear in the spatialtemporal range (It − t, It + t), (Ilo − lo , Ilo + lo ) and (Ila −
la , Ila + la ), where t, lo and la are all hyper-parameter. Then
we can connect the pedestrian image to the GPS trajectory
corresponding to the GPS record. In this way, in our crossmodal heterogeneous graph, the nodes are composed of GPS
trajectories and pedestrian images, the connection between
the image and the image is determined by Similarity Driven
Model, and the connection between the GPS trajectory and
the pedestrian image is selected by the temporal and spatial
relationship.
2) Triplet-Walk: To characterize the nodes in our crossmodal heterogeneous graph, we propose an efficient graph
embedding method: Triplet-Walk (TriWalk).
At the first, we runs a random walk algorithm with a
walk length of wl on the graph, and then obtains a series
of walk sequences. After that, we slide a window with a size
of wt on the above walking sequences to obtain a training
sample composed of a center node Vi and a context node Vj .
Furthermore, we randomly select a negative sample Vk from
all nodes V to form a triplet training sample (Vi , Vj , Vk ),
which is used as the input of TriWalk. For each triplet
training sample, we obtain the embedding vector of the node
by optimizing the following loss function,
L(Vi , Vj , Vk ) = −log(sigmoid(~
vi · v~j − v~i · v~k ))

TABLE I
P ERFORMANCE EVALUATION ON THE TASK OF UNSUPERVISED
I MAGE - TO -I MAGE RETRIEVAL . BASELINE MEANS THAT THE VISUAL
MODEL IS ONLY PRE - TRAINED ON THE SOURCE - DOMAIN . - INDICATES
THAT THE VISUAL MODEL DOES NOT USE ANY SOURCE - DOMAIN . B OLD
INDICATES THE BEST.
Methods
SpCL [7]
SpCL [7]
SpCL [7]
SpCL [7]
MMT [6]
MMT [6]
MMT [6]
MMT [6]
ECN [3]
ECN [3]
ECN [3]
Baseline
Baseline
Baseline
SDM
SDM
SDM
SDM

Source
Market
Duke
MSMT17
Market
Duke
MSMT17
Market
Duke
MSMT17
Market
Duke
MSMT17
Market
Duke
MSMT17
-

R-1
20.9
26.4
35.2
12.9
36.3
29.5
38.7
2.3
35.8
31.8
34.0
25.6
19.3
32.8
34.2
28.1
40.1
19.9

R-5
32.0
36.0
48.1
21.0
46.3
36.3
51.1
7.9
44.3
39.6
47.7
36.1
30.1
47.6
43.3
33.8
49.1
31.3

R-10
38.4
40.5
55.7
27.1
52.2
42.1
58.4
11.7
50.6
44.9
54.6
41.3
36.7
57.1
48.8
39.8
53.7
38.0

mAP
13.0
13.6
22.1
7.8
19.0
15.4
21.2
3.1
13.3
9.6
9.8
10.7
7.6
14.1
19.2
16.1
19.9
8.9

(9)

where v~i , v~j and v~k are the node embedding vectors of
nodes Vi , Vj and Vk respectively. The dimension of each
node embedding vector is d. The loss function here refers to
the learning-to-rank mechanism [23]. For each triplet training
sample, we considers that the context sample node is more
similar to the center node than the negative sample node does.
3) Cross-modal Retrieval: After the optimization of TriWalk, we can obtain the embedding of each node. Then
Euclidean distance is adopted to calculate the distance between
nodes, so as to achieve the purpose of retrieval. In the task of
GPS-to-Image retrieval, we treat the GPS node as the query
and the image node as the galley. In the Image-to-GPS retrieval
task, we treat the image node as the query, and the GPS node
as the galley. In Image-to-Image retrieval task, image can be
used as query and gallery at the same time.
V. E XPERIMENTAL E VALUATION
A. Datasets
We use three public person ReID datasets, Market1501 [24],
DukeMTMC-reID [25], [26] and MSMT17 [27], as the sourcedomain of Similarity Driven Model for pre-training. Among
them, Market1501 training set contains 12,936 pedestrian images, DukeMTMC-reID training set contains 16,522 pedestrian
images, and MSMT17 training set contains 32,621 pedestrian
images. We only used the training set of the public datasets
for pre-training.
As mentioned in Section III, the GPS-ReID dataset is used
as the unlabeled target domain. The cross-modal retrieval tasks
are trained and tested on this dataset.

Fig. 3. The visualization examples of SDM on the task of unsupervised
Image-to-Image retrieval. Image with green rectangle indicates that has the
same identity with query.

B. Evaluation Metric
For three different sub-tasks, the evaluation metric we
use are a littile different. In the unsupervised GPS-to-Image
retrieval task, the evaluation criteria are Cumulative Matching
Characteristic (CMC) and mean Average Precison (mAP). In
the unsupervised Image-to-GPS retrieval task,the evaluation
protocol is CMC. Since a pedestrian image only corresponds
to one GPS trajectory, CMC is considered as the sole criterion.
Furthermore, in the unsupervised Image-to-Image retrieval
task, both CMC and mAP are adopted to evaluate the performance. That is, given a pedestrian image, we retrieve candidate
pedestrian images across cameras.

TABLE II
P ERFORMANCE EVALUATION ON THE GPS-R E ID. - INDICATES THAT THE VISUAL MODEL DOES NOT USE ANY SOURCE - DOMAIN . L ABELED MEANS THAT
THE EDGES BETWEEN IMAGES ARE CONNECTED BY LABELS . L ABEL +HRL INDICATES THE UPPER BOUND OF OUR BENCHMARK . B OLD INDICATES THE
BEST EXCEPT THE UPPER BOUND .
Methods

Source

HRL(DeepWalk [13])
HRL(node2vec [17])
HRL(TriWalk)
SpCL [7]+HRL(TriWalk)
SpCL [7]+HRL(TriWalk)
SpCL [7]+HRL(TriWalk)
SpCL [7]+HRL(TriWalk)
MMT [6]+HRL(TriWalk)
MMT [6]+HRL(TriWalk)
MMT [6]+HRL(TriWalk)
MMT [6]+HRL(TriWalk)
ECN [3]+HRL(TriWalk)
ECN [3]+HRL(TriWalk)
ECN [3]+HRL(TriWalk)
SDM+HRL(TriWalk)
SDM+HRL(TriWalk)
SDM+HRL(TriWalk)
SDM+HRL(TriWalk)
Labeled+HRL(DeepWalk [13])
Labeled+HRL(node2vec [17])
Labeled+HRL(TriWalk)

Market
Duke
MSMT17
Market
Duke
MSMT17
Market
Duke
MSMT17
Market
Duke
MSMT17
-

GPS → Img
Rank-1
Rank-5
35.9
59.0
41.0
59.0
41.0
64.1
46.2
66.7
46.2
56.4
51.3
61.5
43.6
56.4
35.9
61.5
43.6
64.1
46.2
66.7
48.7
66.7
46.2
56.4
38.5
59.0
43.6
61.5
43.6
66.7
48.7
61.5
48.7
64.1
43.6
64.1
61.5
76.9
64.1
66.7
74.4
79.5

mAP
21.1
21.0
21.2
23.8
24.2
26.0
21.9
24.4
24.6
25.4
21.8
27.5
25.4
25.7
24.3
24.3
26.9
24.3
67.4
67.4
76.3

Rank-1
22.0
22.0
21.6
38.7
38.5
41.4
32.2
40.9
38.0
40.4
31.1
39.3
39.3
39.3
39.8
39.8
44.4
34.8
68.8
77.5
84.9

Rank-1

45

Img → GPS
Rank-5
Rank-10
53.3
63.3
53.6
63.5
53.4
63.9
64.5
72.2
64.3
72.4
68.5
74.5
59.6
69.4
66.1
73.3
63.4
70.2
66.5
73.5
56.1
67.2
70.4
78.3
65.6
72.0
65.4
71.5
66.9
73.7
64.1
72.6
70.5
77.1
62.0
71.0
99.5
100.0
99.6
100.0
100.0
100.0

Rank-1
10.6
10.6
10.8
17.1
20.7
29.5
8.7
26.6
20.0
30.5
1.3
28.6
26.8
25.5
24.6
22.3
32.2
15.3
-

Rank-1

45

Source: MSMT17
Source: Duke
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Source: --
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(a) Parameter sensitivity of ks in SDM

Img → Img
Rank-5
mAP
20.3
6.8
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6.7
21.1
6.8
24.7
10.8
26.6
12.6
38.0
16.9
13.5
5.9
37.0
16.5
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12.2
40.9
17.8
2.9
3.3
36.6
43.8
35.6
11.1
34.4
10.3
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(b) Parameter sensitivity of kc in HRL on the task of unsupervised
Image-to-GPS.

Fig. 4. Parameter analysis of GPS-ReID.

C. Implementation details
1) Similarity Driven Model:
a) Source Pre-training: The backbone of our visual
model is ResNet-50 [20], pretrained on ImageNet [28]. The
mini-batch Bs is set to 64 by default and the image is
resized to 128*256 with random flip, random blur and random
earse. During the training, we use the Aadm optimizer with a
learning rate of 0.00035 and run 120 epochs in total.
b) Target Adaptation: We set Bt to 128 and δ to 1. In
training, we set the learning rate to 0.00035, and apply warmup
[29] for the first 10 epochs to bootstrap the backbone but not
use it for the last 5 epochs. With the help of grid search, ks
is set to 21.

2) Heterogeneous Representation Learning:
a) Construction of GPS-ReID Heterogeneous Graph:
During the process of construction, kc is searched through
the grid and is set to 4 by default. t is 5 seconds. lo and la
are 0.000114 and 0.0001 respectively.
b) Graph Representation Learning: The window size wl
for random walk is set to 250. The dimension d of each node
embedding vectors in the graph is 128. During training, minibatch is set to 10000, the learning rate is 0.001, and a total of
3 epochs are run.

Fig. 5. The retrieval examples of unsupervised GPS-to-IMG. The GPS
trajectory is visualized on the map based on spatial-temporal information.
Image with green rectangle indicates that has the same identity with query.

Fig. 6. The retrieval examples of unsupervised IMG-to-GPS. The GPS
trajectory is visualized on the map based on spatial-temporal information.
Image with green rectangle indicates that has the same identity with query.

D. Comparison with the state-of-the-art

images will affect the final GPS-to-Image retrieval performance. Furthermore, we also compare different visual methods
to establish edges between images, SDM+HRL can gain a
competitive advantage in the GPS-to-Image retrieval tasks. An
example of retrieval can be seen in Fig. 5.
3) Performance on the task of unsupervised Image-to-GPS
retrieval: The comparisons with the state-of-the-art algorithms
on the task of Image-to-GPS retrieval are shown in Table II.
Compared with the SOTA method, SDM+HRL (TriWalk) can
achieve a rank-1 accuracy of 44.4% and rank-5 accuracy of
79.5%. An example of visualization can be seen in Fig. 6.

1) Performance on the task of unsupervised Image-to-Image
retrieval: We first compare with the current best methods on
the task of unsupervised Image-to-Image retrieval. In Table
I, baseline indicates the visual model which is only pretrained on the source-domain. Table I shows that SDM has
significantly improved performance on the basis of baseline,
and rank-1 has increased by more than 7%. Compared with the
current SOTA unsupervised person ReID methods, we can see
that the performance of SDM is optimal regardless of whether
there is a source-domain or not. In particular, when there is no
source-domain, SDM is weaker, but it is still at least 7% higher
than SpCL [7] and MMT [6]. An example of visualization can
be seen in Fig. 3. However, by comparing Table II with Table
I, we can see that the performance of Table II is lower than
that of Table I in the task of Image-to-Image retrieval. This
may be caused by the noise introduced by the multi-modal
interaction between GPS trajectories and images based on the
spatial-temporal constraints, which are not very precise. Thus,
for the image-to-image retrieval task, image features are more
robust than the graph embedding representation achieved from
the heterogeneous graph.
2) Performance on the task of unsupervised GPS-to-Image
retrieval: Table II reports a comparison on the task of unsupervised GPS-to-Image retrieval. The source in the table
means which source-domain is used for pre-training. It can
be seen that the performance of SDM+HRL will be different
when pre-training different source-domains, which means that
in the cross-modal heterogeneous graph, the edges between

E. Ablation study and parameter analysis
1) Parameter analysis of ks : In the Similar Driven Model,
ks mainly determines the nearest neighbors of each pedestrian.
As shown in Fig. 4(a), we use grid search to perform results
based on different source pre-training, and finally set ks = 21.
2) Parameter analysis of kc : In the Heterogeneous Representation Learning, kc helps to construct the cross-modal
heterogeneous graph. Observed from Fig. 4(b), we can see that
different kc has different retrieval results for the unsupervised
GPS-to-IMG retrieval. We set kc = 4 by default.
3) The benefit of the SDM: The performance of with and
without the Similarity Driven Model is shown in Table II(HRL
and SDM+HRL). In the task of unsupervised IMG-to-GPS
retrieval, SDM can help to increase the rank-1 accuracy from
21.6% to 44.4%. This further illustrates that in the crossmodal heterogeneous graph, the correct connection between
pedestrian images can bring important help for TriWalk.

Because of the addition of these edges, the structure of the
entire heterogeneous graph will be more robust.
4) Effectiveness of TriWalk: From Table II, we can see
that if there is no edges between images in the cross-modal
heterogeneous graph (that is, only HRL), HRL(TriWalk) can
achieve competitive results compared to HRL(DeepWalk [13])
and HRL(node2vec [17]). If connections between images in
the cross-modal heterogeneous graph is connected according
to the label, namely Labeled + HRL, we find that the performance of Labeled + HRL(TriWalk) greatly exceeds Labeled +
HRL(DeepWalk) and Labeled + HRL(node2vec). In particular,
in the task of GPS-to-Img retrieval, we reach a rank-1 accuracy
of 74.4%, and in the task of Img-to-GPS retrieval, we reach
a rank-1 accuracy of 84.9%.
VI. C ONCLUSION
In this paper, we propose a brand new retrieval task called
the cross-modal pedestrian retrieval, which contains three subtasks, namely Unsupervised GPS-to-Image Retrieval, Unsupervised Image-to-GPS Retrieval and Unsupervised Image-toImage Retrieval. At the same time, we build a benchmark
for this task, namely GPS-ReID. In order to further verify
our ideas, we propose the Similarity Driven Model (SDM),
which utilizes attention mechanism to improve the performance of domain adaptation. Furthermore, we build a crossmodal heterogeneous graph based on SDM, and adopt TripletWalk to uniformly represent different modalities for retrieval.
Experimental results demonstrate that our method has achieved
the state-of-the-art on the dataset of GPS-ReID.
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