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1

Related Works

A brief review of visual tracking and generative adversarial methods are provided in this
section due to the limited space in the original paper.
Multi-domain based Trackers. The idea of use multi-domain layers for the training of
CNN is first proposed by Nam et al. in [16]. They pre-train a CNN using a large set of
videos with tracking ground truth to obtain a generic target representation. Their network is
composed of shared layers and multiple branches of domain-specific layers, where domains
correspond to individual training sequences and each branch is responsible for binary classification to identify target in each domain. Their final tracking performance is indeed great
and many trackers are developed based on this idea, such as BranchOut [8], Meta-tracker
[19], Real-time MDNet [10]. Although these trackers are all attempt to improve MDNet
from different views (e.g., Ensemble Learning, Meta-learning, Speed-up), however, these
trackers still adopt the local search strategy which may make them sensitive to challenging
factors as mentioned above. Our tracker joint use the global and local proposals for classification which make the baseline tracker more robust to challenging factors.
Visual Attention based Trackers. To handle the influence of video noises and/or tracker
noises in the extremely challenging conditions, there are several attempts to combine attention maps with visual tracking. Choi et al. [2] present an attention-modulated visual tracking
algorithm that decomposes an object into multiple cognitive units and trains multiple elementary trackers to modulate the distribution of attention based on various features and kernel
types. Han et al. [9] propose an online visual tracking algorithm by learning discriminative
c 2019. The copyright of this document resides with its authors.
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Figure 1: Illustration of local search mechanism in tracking-by-detection framework (subfigure (a)) and our proposed joint local and scale-aware global search strategy for robust
visual tracking (sub-figure (b)). Best viewed in color.

saliency map using CNN. They also directly search the target object from attention locations. Recently, a number of efforts [3] [4] [27] have been made to exploit visual attention
within deep models. These approaches emphasize attentive features and resort to additional attention modules to generate feature weights. However, the feature weights learned in
single frame are unlikely to enable classifiers to concentrate on robust features over a long
temporal span. Instead, our proposed target-aware attention network take continuous video
frames and initial target object as inputs. The generated attention maps are video-specific,
therefore, it can provide high-quality global proposals for visual tracking.
Conditional Generative Adversarial Networks. Generative Adversarial Networks (GAN)
[6] was introduced in 2014, which is a system of two neural networks contesting with
each other in a zero-sum game framework. In 2016, Ledig et al. [12] applied an imageconditioned GAN for super-resolution. Yoo et al. [29] introduced the task of generating
images of clothes from images of models wearing them, by training corresponding pairs of
the clothes worn by models and on hangers with GANs. GANs are also popular in domain
adaptation tasks [31] [11] [28] and object detection [1] [13] [17] [23]. Bai et al. [1] propose
an algorithm to directly generate a clear high-resolution face from a blurry small one by
adopting a GAN. They design a network which can address the problem of super-resolving
and refining jointly. Nguyen et al. [17] propose an adversarial approach (scGAN) to model
higher level relationships and global scene characteristics for shadow detection instead of
using limited local context reasoning in the form of pair-wise potentials in a conditional random field. Although many works has been proposed in the object detection area, however,
seldom of researchers consider to use GAN to handle the issues in visual tracking task. Inspired by these works, we propose to utilize Generative Adversarial Networks conditioned
on input video frames and initial target object for global target-driven attention map estimation. To our best knowledge, this work makes the first attempt to accommodate GANs on
the visual tracking task to address the extremely challenging factors.

2

Review: Conditional Generative Adversarial Network.

The learning objective for vanilla GAN [6] corresponding to a minimax two-player game,
which can be formulated as follows:
min max L(G, D) = Ey∼Pdata (y) [logD(y)] + Ex∼Pdata (x),z∼Pz (z) [log(1 − D(G(x, z))]
G

D

(1)
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Figure 2: The illustration of vanilla GAN (left-figure) and conditional GAN (right-figure).
where G represents the generator that learns a mapping from random noise vector z to generate image y: z → y in an unsupervised manner. The D is a discriminator network which
can be used to judge one sample coming from the dataset or produced by a generative model
G. These two networks i.e. G and D are simultaneously trained so that G learns to generate
images that are hard to classify by D, while D attempts to discriminate the images generated
by G. Finally, it is not easy for D to recognize which one is real/fake, when G is well trained.
The vanilla GAN can be extended to a conditional model if both the generator and discriminator are conditioned on some extra information x. The auxiliary information x could
be anything, such as image, speech or natural language or class labels. The conditioning can
be conducted by feeding x into the both the discriminator and generator as additional input
layer. Specifically, the prior input noise z and conditional information x are combined in a
joint hidden representation and input into the generator G. That is to say, conditional GANs
generate images y based on random noise vector z and observed image x: {x, z} → y. The
whole training procedure of CGANs can be formulated as:
min max LCGAN (G, D) = Ex,y∼Pdata (x,y) [logD(x, y)] + Ex∼Pdata (x) [log(1 − D(x, G(x, z)))] (2)
G

D

Based on the aforementioned CGANs, many works are proposed to handle different
kinds of tasks, such as image super-resolution [12], semantic segmentation [15], natural
language based image generation [26], salient object detection [18, 25]. Many of existing
works also found that the combination of CGANs and traditional loss such as L1 loss will
generate more realistic images [20]. We illustrate the two kinds of GANs in Fig. 2.
In this work, our network architecture also follows the conditional GAN due to the generation of global attention maps is based on the target object given in the first frame. Different
from the standard formulation of CGAN which takes the random noise z and conditional
image as input, our target-driven attention estimation network only input the video frames
and conditional image x (i.e., the target object template extracted from first frame). We will
give a detailed introduction of our network in following subsections.
The whole training process of proposed convolutional encoder-decoder generative adversarial network can be found in the following Algorithm 1.

3
3.1

Experiment
Implementation Details

Proposals generated from attention maps can be summarized as the following three steps:
1) Obtain attention regions and center location of each region, given the attention map. 2)
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Algorithm 1 Adversarial Training for Target-aware Attention Estimation.
1: Set the learning rates ρD and ρG , and weight λ .
Input: Video frame { f1 , f2 , ..., fN }, initial target location p1 , pre-trained VGG and C3D
model.
Output: Target-driven Attention Map Generator G.
while not converged do
Update the discriminator D:
Get M data samples (X,Y ) = (X1 ,Y1 ), ..., (XM ,YM )
αLD (X ,Y )

adv i i
θD = θD − ρD ∑M
i=1
αθD
Update the generator G:
Get M new data samples (X,Y ) = (X1 ,Y1 ), ..., (XM ,YM )

θG = θG − ρG ∑M
i=1 (

G (X ,Y )
αLadv
i i
αθG

(Xi ,Yi )
+ λ αLmse
)
α
θG

Figure 3: The illustration of global proposal generation from target-aware attention maps.

Obtain BBox, which attempts to cover each attention region. 3) Employ Gaussian sampling
strategy on these BBoxes to generate proposals. The illustration of this procedure can be
found in Fig. 3.
The ground truth maps can be adopted from ground truth annotations in the training
dataset. Specifically, we generate a black map which has the same resolution of each video
frame and whiten the target regions according to locations provided by annotated BBox.
Hence, we can obtain the same number of attention maps as the video frames.
The training details are: For the target-driven attention network, the initial learning rate
is 3 × 10−4 . The batch size is set as 32 and AdaGrad is utilized for optimization. L2 weight
regularization is used when training both the generator and discriminator (λ = 1 × 10−4 ).
All the experiments are implemented on a desktop computer with Ubuntu 14.04, I7-6700k,
GTX 1080 with 8G VRAM and 32G RAM. Our code is implemented under deep learning
framework Lasagne 1 and Theano 2 .

1 https://lasagne.readthedocs.io/en/latest/
2 http://deeplearning.net/software/theano/
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Algorithm 2 Online Tracking with Joint Local and Scale-aware Global Search Strategy.
Input: Pre-trained CNN filters {w1 , ..., w5 }, Initial target state x1 , Target-aware Attention
Maps {a1 , a2 , ..., aN }
Output: Tracking Results xt∗ .
1: Randomly initialize the last layer w6 .
2: Train a bounding box regression model.
−
+
3: Draw positive samples S1 and negative samples S1 .
−
+
4: Update w4 , w5 , w6 using S1 and S1 ;
5: Ts ← {1} and Tl ← {1}. # Ts and Tl are frame index sets in short-term and long-term
periods, respectively.
6: Locate attention regions according to estimated attention maps {a1 , a2 , ..., aN }.
7: Repeat
8:
Draw target candidate samples xti from previous tracking results and attention regions.
Find the optimal target state xt∗ .
if f + (xt∗ ) > 0.5 then
Draw training samples St+ and St− .
S
S
Ts ← Ts t, Tl ← Tl t.
if | Ts | > τs then Ts ← Ts \ {minv∈Ts v}.
if | Tl | > τl then Tl ← Tl \ {minv∈Tl v}.
Adjust xt∗ using bounding box regression.
if f + (xt∗ ) < 0.5 then
−
+
Update {w4 , w5 , w6 } using Sv∈
Ts and Sv∈Ts .
else if t mod 10 = 0 then
−
+
Update {w4 , w5 , w6 } using Sv∈
Tl and Sv∈Ts .
Until end of sequence

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

3.2

Visualization

In this subsection, we give some visualization of our target-aware attention maps and
tracking results.
• Some tracking results under bad attention estimation which demonstrate the robustness
of our proposed algorithm. The red bounding box is our tracking results (Best viewed
in color) in Figure 4.
• The maps generated by our proposed target-driven attention network and saliency detection algorithm DeepSaliency [14] as shown in Figure 5.
Difference Between Regular Saliency Detection and Our Target-driven Attention
Estimation. The maps generated by our target-driven attention estimation network is different from regular saliency detection. Because regular saliency detection attempt to focus
on the regions people will pay attention to, however, these regions maybe do not have any
relations with the target object at all. Therefore, the target-driven attention generation is urgent and necessary for the visual tracking problem. To better validate our statement, we also
conduct external experiments on OTB-100 dataset to help visual tracking based on normal
saliency maps (we take the DeepSaliency [14] 3 for an example). As shown in Table 2, the
3 http://www.zhaoliming.net/research/deepsaliency
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Figure 4: Some tracking results under bad attention estimation which demonstrate the robustness of our proposed algorithm. The red bounding box is our tracking results (Best
viewed in color).

Figure 5: The maps generated by our proposed target-driven attention network (middle column) and saliency detection algorithm DeepSaliency [14] (right column).
tracking performance of deep saliency maps guided tracker (i.e. DSaliency) is worse than
ours on both evaluation criteria, even the baseline tracker MDNet on precision plot. These
facts all demonstrate the effectiveness of our target-driven attention maps for global search
in visual tracking.
The Influence on Number of Input Frames. To better capture the motion feature in
continuous video frames, we use the 3D CNN to conduct feature learning. We implement this
experiment to check how many video frames we encode could bring the best performance.
As shown in Table 1, we input continuous 1, 2 and 3 frames into the 3D CNN and test the
tracking results on VOT-2016 dataset with precision and success plot. We can find that the
continuous 3 frames input can bring better tracking results.
Table 1: Ablation study of the number of input video frames on VOT-2016 benchmark.
Components
VOT-2016

Input-1
0.598/0.533

Input-2
0.602/0.528

Input-3
0.609/0.541

Tracking Results with Bad Attention Estimation. The accurate estimation of attention
map is a key element in our proposed tracking framework. In our experiments, we find
that the adopted multi-domain CNN is robust to inaccurate attention estimation. Thanks to
the utilization of mean squared loss and adversarial loss, the estimated attention maps are
robust and accurate enough for most cases, as demonstrated in our experiments. Moreover,
the proposals are sampled from the attention map and the previous tracking bounding box,
i.e. we adopt the proposed joint local and scale-aware global search under the tracking-by-
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detection framework for visual tracking. Therefore, the tracking results are robust to the
noise of attention maps. Even if the attention is not correct, the tracking results will not be
largely affected.

3.3

Discussion

In this section, we will discuss the difference between our proposed method with existing
trackers from two aspects. In addition, we also analyse the limitations of our method and
propose several possible research directions as our future works.
Difference with Existing Works. We will talk about the difference with existing works
from the perspective of search strategy and attention based algorithms.
From the perspective of search strategy, most of existing algorithm set their search window only based on previous tracking results, named local search window. This strategy
is rather sensitive to challenging factors, such as fast motion, heavy occlusion. Therefore,
EBT [30] propose to use instance specific proposals extracted from global images for visual
tracking. Although they achieve good results, however, their proposals are simply generated
by EdgeBox [32] which may not accurate enough to handle scale variation. Our proposals
are generated from target-driven attention maps and it can simultaneously handle the target
object localization and scale variation. Our method is generic and can also integrate with
other trackers to help improving their performance. Our experiments also shown that we can
achieve better results than EBT.
For the attention based trackers, many previous works learn attention for feature weighting, such as MemTrack [27], RASNet [24]. They adopt attention mechanism which is first
proposed in natural language processing domain and achieve better tracking performance,
but ignore the target object provided in first frame in the visual tracking task. This prior
information can help learning the attention and locating target object which is rather important for visual tracking. We introduce this prior into our network design, and take the
attention map generation as a segmentation problem. The tracking results on several public benchmarks validated the superiority of our introduced target-aware attention estimation
network.
Limitation Analysis. Although our algorithm has achieved good performance on some
tracking benchmarks, however, the design of our target-driven attention network may still
not optimal. Because the target object still has appearance variation to a certain extent in
subsequent video frames. Only the initial target object may not accurate enough to describe
the target we want to track which is important for attention region mining. Examples of
inaccurate attention estimation can be found in Fig. 4. Recently, dynamic external memory
network [7] is introduced to take additional memory or knowledge into many applications,
such as visual tracking [27], image caption [22]. We think such memory mechanism may
helpful to model the variation of target object and generate more accurate attention maps
based on initial target object and estimated tracking results. We leave this as our future
works.
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