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1 Overview

This supplementary material contains the concrete derivation of the proposed
cost-sensitive loss and more experimental results on the MOT benchmark datasets.

2 Optimization of the Cost-Sensitive Tracking Loss

We propose a cost-sensitive tracking loss defined as follows (the same as (3) in
the paper):

E(f) =

M∑
j=1

αj ‖q(t)(Sf{xj}(t)− yj(t))‖L2 +

D∑
d=1

∥∥w(t)fd(t)
∥∥
L2 . (1)

This objective function aims to learn a continuous T -periodic multi-channel con-
volution filter f = {f1, · · · , fD} from a batch of M training samples. In (1),
xj = {x1

j , · · · ,xD
j } is the feature map with D feature channels extracted from

the jth training sample. Each feature channel xd
j ∈ RNd has a resolution Nd.

Note that in [1], the ECO tracker introduces a factorized convolution operator
P to reduce the dimensionality of the feature map. Here in our formulation, xj

denotes the feature map obtained after dimensionality reduction. For clarity, we
first consider the optimization on single training sample xj :

Ej(f) = ‖qj(t)(Sf{xj}(t)− yj(t))‖L2 +

D∑
d=1

∥∥w(t)fd(t)
∥∥
L2 . (2)

To enable the target localization with sub-pixel precision, the discrete feature
map xj is transformed to the continuous spatial domain t ∈ [0, T ) by the inter-
polation operator Jd:

Jd{xd
j}(t) =

Nd−1∑
n=0

xdj [n]bd(t− T

Nd
n). (3)
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Here, xdj [n] is the feature value of xd
j indexed by the discrete spatial variable

n ∈ {0, · · · , Nd − 1} and bd(t) is a cubic spline kernel with period T . Hence, in
(2), the convolution response map of the filter f on the feature map xj is defined
as:

Sf{xj}(t) = f ∗ J{xj}(t) =

D∑
d=1

fd ∗ Jd{xd
j}(t). (4)

In (4), the circular convolution operation ∗ in the continuous spatial domain is

defined as g ∗ h(t) := 1
T

∫ T

0
g(t− s)h(s)ds.

By applying the Parseval’s theorem, the object function (2) can be trans-
formed to the equivalent objective function in the Fourier domain:

Ej(f) =
∥∥∥q̂j ∗ (Ŝf{xj}[k]− ŷj [k]

)∥∥∥
L2

+

D∑
d=1

∥∥∥ŵ ∗ f̂d[k]
∥∥∥
L2
. (5)

In (5), the hat ĥ denotes the Fourier coefficients of the T -periodic function
h. The circular convolution operation ∗ in the Fourier domain is defined as
ĝ ∗ ĥ[k] :=

∑+∞
l=−∞ ĝ[k − l]ĥ[l]. Using the linearity and the convolution property

of Fourier series, the Fourier coefficients of the confidence score Sf{xj} in (4)
can be obtained as

Ŝf{xj}[k] =

D∑
d=1

f̂d[k]Xd
j [k]b̂d[k], k ∈ Z, (6)

where Xd
j [k] is the Discrete Fourier Transform (DFT) of the feature channel xd

j .

Thus, the loss function (2) can be optimized with respect to f̂d in the Fourier
domain as:

Ej(f) =

∥∥∥∥∥q̂j ∗
(

D∑
d=1

f̂d[k]Xd
j [k]b̂d[k]− ŷj [k]

)∥∥∥∥∥
L2

+

D∑
d=1

∥∥∥ŵ ∗ f̂d[k]
∥∥∥
L2
. (7)

Assume f̂d[k] = 0 for |k| > Kd where Kd = bNd

2 c, the filter fd is then pa-

rameterized by Nd non-zero Fourier coefficients f̂d = (f̂d[−Kd], · · · , f̂d[Kd])> ∈
C2Kd+1. We define ŷj = [ŷj [−K], · · · , ŷj [K]]

>
as the K := maxdKd first Fourier

coefficients of yj . Like [1], to simplify the convolution operations in (7), we let
Lw denote the number of non-zero coefficients ŵ[k], such that ŵ[k] = 0 for
all |k| > Lw. Then we define Wd to be the (2Kd + 2Lw + 1) × (2Kd + 1)

Toeplitz matrix corresponding to the convolution operator Wdf̂d = vec ŵ ∗ f̂d.
Similarly, assume q̂j [k] = 0 for |k| > Lq, we further define Qj to be the
(2K + 2Lq + 1) × (2K + 1) Toeplitz matrix corresponding to the convolution

operator Qj(
∑D

d=1 f̂dXd
j b̂d − ŷj) = vec q̂j ∗ (

∑D
d=1 f̂dXd

j b̂d − ŷj). Thus, (7) can
be rewritten as:

Ej(f) =

∥∥∥∥∥Qj

(
D∑

d=1

Ad
j f̂

d − ŷj

)∥∥∥∥∥
L2

+

D∑
d=1

∥∥∥Wdf̂d
∥∥∥
L2
, (8)
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where Ad
j is the diagonal matrix containing the elements {Xd

j [k]b̂d[k]}Kd

−Kd
.

Finally, let f̂ = [(f̂1)>, · · · , (f̂D)>]> be the vectorization of Fourier coeffi-

cients f̂d. We define Aj = [A1
j , · · · ,AD

j ] (Ad
j is padded to have 2K + 1 rows),

and let W be the block-diagonal matrix W := W1
⊕
· · ·
⊕

WD. The minimiza-
tion of (8) is equivalent to the following least squares problem:

Ej(f̂) =
∥∥∥Qj

(
Aj f̂ − ŷj

)∥∥∥
L2

+
∥∥∥W f̂

∥∥∥
L2
, (9)

which can be optimized by solving the normal equations:(
(QjAj)

H(QjAj) + WHW
)
f̂ = (QjAj)

HQjŷj . (10)

Here, H denotes the conjugate transpose of a matrix. Like in [1], we use the
Conjugate Gradient (CG) method to iteratively solve (10). The dominating
computation in CG is the evaluation of the left term in (10). Because CG does
not require explicit evaluations of the matrix product (QjAj)

H(QjAj), we can
compute the left term efficiently by switching operations between the spatial
domain and the Fourier domain. More specifically, the left term in (10) can be

rewritten as AH
j (QH

j (Qj(Aj f̂))) + WHWf̂ , where the parentheses are used to
indicate the order in which the operations are performed. As defined in (8) and

(9), Aj f̂ = Ŝf{xj}. Hence, QH
j (Qj(Aj f̂)) = q̂Hj ∗ (q̂j ∗ Ŝf{xj}). Because q̂j is

conjugate symmetric (as qj(t) is a real-valued function), we obtain:

QH
j (Qj(Aj f̂)) = q̂j ∗ (q̂j ∗ Ŝf{xj}) = q2jSf{xj}

∧

. (11)

Thus, the value of QH
j (Qj(Aj f̂)) can be obtained by first performing element-

wise multiplication in the spatial domain and then applying the Fast Fourier
Transform (FFT) to transform it to the Fourier domain, which is more efficient
than convolution operation in the Fourier domain when the kernel q̂j [k] of the
convolution operator Qj is large. Finally, another element-wise multiplication
in the Fourier domain is performed to compute the left term in (10). The right
term in (10) can be computed using the same strategy. Compared to the normal

equations (AH
j Aj + WHW)f̂ = AH

j ŷ in [1], the additional computations mainly
come from the element-wise multiplication in the spatial domain, which only
have a marginal impact on the overall processing time.

The generalization of (10) to M training samples can be obtained by applying
a weighted summation on both sides of the equation as follows:(

(QA)HΓ(QA) + WHW
)

f̂ = (QA)HΓQŷ, (12)

where Γ = α1I⊕ · · ·αMI is a diagonal matrix containing the weight αj for each
sample xj .

3 Visualization of Dual Matching Attention Maps

Figure 1 shows more visualization results of the attention maps generated by
the proposed Dual Matching Attention Networks (DMAN). As we can see, the
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Fig. 1. More visualization results of dual matching attention maps. The red color
indicates a high attention value while the blue color refers to a low attention value.

Table 1. Density and tracking speed of each squence in the MOT16 training set

Sequence 16-02 16-04 16-05 16-09 16-10 16-11 16-13

Density 29.7 45.3 8.1 10.0 18.8 10.2 15.3
Runtime 2.1 4.0 1.4 1.7 3.7 1.2 2.1

generated attention maps enable the model to focus on the common patterns
between the hard positive pair of images, which enhance the model robustness
to noisy detections undergoing misalignment, scale change and occlusion.

4 Runtime Analysis

The overall tracking speed of the proposed approach on the MOT16 training
dataset is 0.42 frame per second (FPS) using 2.4GHz CPU and GeForce GTX
1080 Ti GPU. Table 1 presents how the runtime scales with an increasing num-
ber of targets. The density (provided by the MOT16 benchmark) indicates the
average number of pedestrians per frame. The runtime indicates the average
running time (second) for each frame.
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