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Abstract

Online learning is crucial to robust visual object track-

ing as it can provide high discrimination power in the pres-

ence of background distractors. However, there are two

contradictory factors affecting its successful deployment on

the real visual tracking platform: the discrimination issue

due to the challenges in vanilla gradient descent, which

does not guarantee good convergence; the robustness is-

sue due to over-fitting resulting from excessive update with

limited memory size (the oldest samples are discarded).

Despite many dedicated techniques proposed to some-

how treat those issues, in this paper we take a new way to

strike a compromise between them based on the recursive

least-squares estimation (LSE) algorithm. After connect-

ing each fully-connected layer with LSE separately via nor-

mal equations, we further propose an improved mini-batch

stochastic gradient descent algorithm for fully-connected

network learning with memory retention in a recursive fash-

ion. This characteristic can spontaneously reduce the risk

of over-fitting resulting from catastrophic forgetting in ex-

cessive online learning. Meanwhile, it can effectively im-

prove convergence though the cost function is computed

over all the training samples that the algorithm has ever

seen. We realize this recursive LSE-aided online learning

technique in the state-of-the-art RT-MDNet tracker, and the

consistent improvements on four challenging benchmarks

prove its efficiency without additional offline training and

too much tedious work on parameter adjusting.

1. Introduction

Online learning basically aims at updating the predictor

for future data at each step when a continuous stream of data

becomes available in a sequential order. Sometimes it needs

dynamically adapting to new patterns in the stream when

the data itself changes from time to time. Since it is just

right for visual tracking, a number of interesting pioneering

works (e.g. [31, 1, 12, 41, 6, 26, 17, 7, 4, 5]) that use variants

of fundamental online learning methods for visual tracking

are published during the past several years.

In contrast to the typical supervised learning tasks train-

ing static models with fixed volumes of data, e.g. image

classification [34] and object detection [14], the online up-

dated dynamic tracking models need to have flexibility in

tackling the different distortions of the object appearance

over time (e.g. intrinsic object scale and pose variations, and

variations caused by extrinsic illumination change, camera

motion, occlusion and background clutter). This ability is

known as robustness. Nevertheless, a good tracker also need

to strike a compromise between its robustness ability and

instance-level discrimination power in case of background

distractors, because these two requirements are sometimes

contradictory and hard to be fulfilled at the same time [36].

By design, some earlier online trackers [6, 26, 17] face

challenges in meeting those two demands. On one hand,

since the standard gradient descent or its momentum-based

stochastic twin [30] is applied in online updating the target

classification model, it may cause a discrimination issue due

to the convergence challenges stemming from the learning

rate selection, model initialization, non-convex cost func-

tion, and so on [32]. Another key factor is the limited

optimization iteration number allowed in the update stage

for the sake of tracking speed. On the other hand, de-

spite the benefits of improved instance-level discrimination

power with frequent update, the excessive update with lim-

ited memory size (the oldest samples are discarded) may re-

sult in over-fitting to recent training samples, deteriorating

the robustness.

Recently, there have been many dedicated techniques

proposed to treat the above two issues more or less. For

instance, the Conjugate Gradient method [33] is widely ap-

plied to efficiently solve normal equations derived from dis-

criminative correlation filter (DCF) learning function [7, 4],

or more generally the positive definite quadratic func-

tion [5], leading to improved convergence while online

learning. Some other works [28, 21] concentrate on the of-

fline training stage and exploit some one-shot/meta learning

methods in this stage to provide a robust model initialization

to account for the convergence challenges in online track-

ing stage. To relieve suffering from over-fitting to recent

training samples, or even corrupted samples, some track-
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ers widely apply the moderately infrequent update [7, 4, 5],

passive update [22], or long short-term complementary up-

date [26, 17] settings in the update stage. In this paper, how-

ever, we take a new way to manage to handle both of them.

1.1. Motivation

Following [29], the parameters to be learned in an online

learning algorithm A can be defined recursively as

Wn+1 = A (Wn, on) , (1)

or a weaker notion with the memory of the past retained

Wn+1 = A (Wn, {ot}
n

t=1
) , (2)

where W1 is the initialized weight parameters, and the ob-

servation ot arrives sequentially in a continuous stream of

data. It is well-known that the single instance stochastic gra-

dient descent (SGD) can be used for online learning in the

paradigm of Eq. (1) and meanwhile computationally cheap,

and the model can adapt to changes if we use some art in

choosing a good learning rate. Since the historical memory

is not retained, directly applying this technique to the visual

tracking problem will potentially be faced with the prob-

lem of being prone to tracking drift due to over-fitting to

some non-accurate samples collected in the current obser-

vation on. As the number of arriving observations increases,

the straightforward way of incorporating the memory of the

target in visual tracking following Eq. (2) will encounter

the significant computational overhead, because fine-tuning

the parameters over the whole increasingly larger sample

set gives rise to more mini-batch SGD iterations to achieve

good convergence, which prohibits high tracking speed.

The aforementioned trackers adopting the long short-

term complementary update strategy aim to strike a balance

between the above two paradigms by setting the memory

with constant length, while much earlier aspects of the ob-

servations are forgotten. As in RT-MDNet [17], two types

of memory with different length (long-term and short-term)

are maintained, and switching back and forth between them

in fine-tuning depends on the tracking confidence of the

tracker itself. However, there is still some memory missing

and it may be difficult to know a priori what the best hyper-

parameter of the long-term memory length is. The question

is whether we have a more elegant path to both retain the

memory and improve convergence while online learning.

1.2. Contributions

In this work, we provide a recursive solution based on

the system of normal equations in solving the linear least-

squares estimation (LSE) problem [13]. As our first contri-

bution, we provide some derivations to connect each fully-

connected layer with LSE separately via normal equations,

which is a prerequisite for the consequent derivation of re-

cursive LSE-aided online learning. Our second contribu-

tion is an improved mini-batch SGD algorithm for fully-

connected network learning in a recursive fashion from the

recursive LSE-aided online learning derivation with mem-

ory retention. This characteristic can spontaneously reduce

the risk of over-fitting resulting from catastrophic forget-

ting in excessive online learning. Meanwhile, it can effec-

tively improve convergence [13] though the cost function is

computed over all the training samples that the algorithm

has ever seen. It is noteworthy that the derivations can be

easily transplanted to the case of cross-entropy loss func-

tion. As our final contribution, we realize this proposed

recursive LSE-aided online learning technique in the state-

of-the-art RT-MDNet tracker, and the consistent improve-

ments on four challenging benchmarks, i.e. OTB-2015 [38],

VOT2016/2017 [20, 19] and UAV123 [25], prove its effi-

ciency without additional offline training and too much te-

dious hand engineered work on parameter adjusting.

2. Related work

Online tracking. Online learning has been an important

part of visual tracking for about ten years since the classic

IVT tracker [31] was first proposed in 2008. The subsequent

research has been concentrated on online robust classifier

construction, including MIL [1], Struck [12], MEEM [41],

TGPR [9], DCF-based approaches [16, 6, 4], and deep clas-

sifiers [26, 17, 5], just to name a few. Despite their success,

these approaches suffer from over-fitting to recent training

samples, which may deteriorate the robustness.

In addition to the earlier mentioned different update set-

tings during online learning, many approaches also rely on

constructing heavy target classification models to improve

robustness, leading to significant computational overhead

while optimizing the cost functions. For instance, the DCF

learning function always incorporates a spatial regulariza-

tion term and is jointly optimized over several historical

training samples [6, 7, 4]. To provide a meaningful 2D-

location of the object in the target classification score map,

ATOM [5] exploits a 2-layer fully convolutional network

for learning based on the positive definite quadratic func-

tion derived through quadratic Gauss-Newton approxima-

tion. In contrast, the MDNet-style trackers [26, 17] learn

the target-background binary classification models from a

3-layer fully-connected network based on the cross-entropy

loss function. To overcome the convergence challenges in

them, the Conjugate Gradient method [33] is widely ap-

plied in [7, 4, 5] to efficiently solve normal equations de-

rived from the cost functions. Meta-learning [8] is also in-

troduced to optimize the initial deep networks for a repre-

sentation that can quickly adapt to a particular target in a

test sequence using a small number of gradient steps and a

small amount of training samples during online update [28].

Deep trackers. Recently, with the astonishing improve-

ments in deep learning and CNN, deep features have been

widely exploited in visual tracking. For instance, many

DCF-based [24, 10, 7, 4] or Siamese-style [3, 37, 21, 42,

7387



5] trackers adopt the off-the-shelf classification/detection

CNN models or their offline fine-tuned versions only in fea-

ture extraction and set them fixed while tracking for effi-

ciency. Note that some Siamese-style trackers [3, 21, 42]

based on one-shot learning even completely abandon on-

line learning to emphasize more on robustness improve-

ment. Although they are not bothered by convergence chal-

lenges anymore, the instance-level discrimination issue due

to background distractors still exits [42]. In contrast, some

online deep trackers [26, 17, 28, 5] focus on learning deep

target classification models with online fine-tuning, and the

different strategies are designed for efficient optimization

without heavy computational overhead. As the focus has

been directed towards more powerful deep trackers, we

align our work with this research line to set up a different

view on visual online tracking.

Continual learning. The aim of continual learning is to

achieve artificial general intelligence, which requires the

ability of learning consecutive tasks without forgetting how

to perform previously trained tasks. It has recently proved

valuable in numerous supervised learning and reinforce-

ment learning-based applications along with deep learning

success, leading to an emerging field [18, 15, 39, 27]. Since

our proposed recursive LSE-aided online learning method

also aims at retaining past memory while learning different

tracking models sequentially over time, we share the same

purpose of tackling catastrophic forgetting incurred by plain

SGD. However, these previous works only focus on the of-

fline training phase to demonstrate the effectiveness of their

memory retention methods in the classic image classifica-

tion [18, 15, 39] or Atari 2600 games [18]. Our depar-

ture from them is that we are the first to improve on online

learning procedure by incorporating memory retention and

demonstrate its success in visual tracking.

3. Recursive LSE-aided online learning

In [35, 34], the multi-layer perceptron (MLP) with sev-

eral fully-connected 1-D layers is applied to the last stage

of deep learning architectures. The features present in the

final 2-D feature maps are concatenated into one long in-

put vector to the following MLP. By organizing the network

parameters in matrices, the calculations in the networks can

be quickly performed using fast linear algebra routines.

3.1. Some preliminaries

In the derivation that follows, we will describe the MLP

network without considering the bias in each layer (i.e. set

the bias option to False or add the bias unit +1 corre-

sponding to the intercept term to the input of each layer) for

the sake of simplicity. Specifically, we denote the calcula-

tions in the (l + 1)-th layer as

zl+1 = Wlul , ul+1 = f
(
zl+1

)
, (3)

where the L-layered network weight matrix Wl = [wl
jk],

1 ≤ l < L has each element associated with the connection

between unit k in layer l and unit j in layer l + 1, i.e.

zl+1,j =
∑

k

wl
jk · u

l,k . (4)

The activation function f(·) is applied to vectors in an

element-wise fashion with its output cast as the input of

next layer or the final output of the whole network hW(x),
where x is the input of the whole MLP network and we can

also denote u1 = x and hW(x) = uL.

Since SGD is a commonly used strategy for training the

networks, we hereby consider the feedforward pass for only

one training example (xi,di), and calculate the desired par-

tial derivatives for gradient descent in the backpropagation

pass based on its individual prediction error. For a multi-

class problem with c classes, we can consider the squared-

error cost function defined as

L (W) =
1

2
‖di − hW(xi)‖

2
+

λ

2

L−1∑

l=1

∥∥Wl
∥∥2 (5)

=
1

2

c∑

k=1

(
dki − u

L,k
i

)2
+

λ

2

L−1∑

l=1

∥∥Wl
∥∥2 , (6)

where the target label di organized as a “one-of-c” code

has its k-th element dki positive (e.g. +1) if the pattern xi

belongs to class k, the rest of its entries will be zero if the

sigmoid activation function is applied, and u
L,k
i is similarly

the value of the k-th output layer unit in response to xi.

The L2 regularization term of layer l + 1, controlled by the

weight decay λ, encourages its weights to be small in mag-

nitude to improve the generalization performance of the net-

work [40].

Mini-batch SGD (MBSGD) is a compromise between

batch gradient descent (BGD) and the single instance SGD.

Suppose there are b examples in one batch used for one

update iteration of the MBSGD process, it is thus the fol-

lowing mean value of the partial derivatives over all the b

examples that is used for updating Wl of each layer:

∆Wl =

[
1

2b

b∑

i=1

∇Wl ‖di − hW(xi)‖
2

]
+ λWl , (7)

Wl ←−Wl − η∆Wl , (8)

where the gradient matrix in Eq. (7) can be derived us-

ing some basic operations for derivatives of traces in the

second-order case as follows:

∇Wl ‖di − hW(xi)‖
2

=∇Wl Tr
[
(di − hW(xi)) (di − hW(xi))

⊤

]
. (9)

3.2. SGDrelated normal equations for solving LSE

In the squared-error cost function case of SGD-based

MLP network learning, the intuition behind the backprop-

agation algorithm using Eq. (8) is strongly related to the
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system of normal equations for solving the LSE problem.

Naturally, we may derive this system of equations in its

own independent way by formulating the gradient matrix

∇WlL in terms of the weights of Wl and then solving for

Wl for which ∇WlL is zero. To this end, we make some

simplifications again in the following way the cost function

of Eq. (5) is constructed.

On the one hand we simplify the derivation of normal

equations by ignoring the activation function in hW(xi)
leading to its linear version

hW(xi) =
L−1∏

l=1

WL−lxi (10)

based on the following recurrence relation:

ul+1
i = Wlul

i , (11)

u1
i = xi . (12)

Thus, if layer l + 1 is chosen to derive the system of nor-

mal equations with the input ul
i and other layers’ weights

are treated as constant, the squared-error cost function of

Eq. (5) will degrade to

L (Wl) =
1

2

∥∥∥∥∥di −
L−l∏

s=1

WL−sul
i

∥∥∥∥∥

2

︸ ︷︷ ︸
Q1

+
λ

2

L−1∑

s=l

‖Ws‖
2

︸ ︷︷ ︸
Q2

.

(13)

From the L2 norm’s sub-multiplicativity, it holds that
∥∥∥∥∥

L−l∏

s=1

WL−s

∥∥∥∥∥ ≤
∥∥∥∥∥

L−l−1∏

s=1

WL−s

∥∥∥∥∥ ·
∥∥Wl

∥∥ . (14)

So, on the other hand we can use a new regularization term

with different weight decay to substitute (←) the original

term of Q2 in Eq. (13) to facilitate the derivation with-

out sacrificing consistency of network generalization per-

formance improvement

λ

2

L−1∑

s=l

‖Ws‖
2
←−

λ̃

2

∥∥∥∥∥

L−l∏

s=1

WL−s

∥∥∥∥∥

2

. (15)

Afterwards we could derive the gradient matrix ∇WlL

of Eq. (13) by considering its two components separately.

For sum of error squares,

∇WlQ1=

(
L−l−1∏

s=1

WL−s

)⊤(
L−l∏

s=1

WL−sul
i − di

)
(
ul
i

)⊤
.

(16)

For regularizing term,

∇WlQ2= λ̃

(
L−l−1∏

s=1

WL−s

)⊤(
L−l−1∏

s=1

WL−s

)
Wl . (17)

Isolating the term Wl corresponding to s = L − l from

the rest of the product of the network weight matrices, i.e.

Wr =
L−l−1∏
s=1

WL−s, in Eq. (16) and solving for Wl for

which ∇WlL is zero, we may write

Wl
(
ul
i

(
ul
i

)⊤
+ λ̃I

)
=
(
W⊤

r Wr

)−1
W⊤

r di

(
ul
i

)⊤
.

(18)

Recall that in the backpropagation pass, it is the deriva-

tive of the error with respect to a layer’s total input that

is propagated backwards from higher layers to lower lay-

ers, using the following recurrence relation (if the activation

function is ignored):

δ
l
i =

(
Wl
)⊤

δ
l+1
i , (19)

where each entry of the “error term” δli measures how much

the corresponding node is “responsible” for any errors in the

output, and

δ
L
i = uL

i − di . (20)

Then the right side of Eq. (18) can be written as a more

intuitive term using some substitution operations, i.e.
(
W⊤

r Wr

)−1
W⊤

r

(
uL
i − δ

L
i

) (
ul
i

)⊤

=
(
W⊤

r Wr

)−1 (
W⊤

r Wru
l+1
i − δ

l+1
i

) (
ul
i

)⊤

=
(
ul+1
i −

(
W⊤

r Wr

)−1
δ
l+1
i

) (
ul
i

)⊤
. (21)

As it can be seen, this new term includes the desired output

yl+1
i for layer l + 1, i.e.

yl+1
i = ul+1

i −
(
W⊤

r Wr

)−1
δ
l+1
i , (22)

where ul+1
i is the actual state of the (l+1)-th layer’s output,

and the last term is the “normalized” error term. Finally, the

system of normal equations for layer l+1 is written as:

Wl = yl+1
i

(
ul
i

)⊤ (
ul
i

(
ul
i

)⊤
+ λ̃I

)−1

. (23)

The above derivation concludes that each layer of MLP can

be represented by the system of normal equations for solv-

ing the linear LSE problem.

3.3. Recursive formulation for memory retention

Following [13], we can expand the normal equations in

Eq. (23) to include inputs collected from all the historical

observations with variable length n over time, and introduce

an exponential weighting factor, or forgetting factor, for dif-

ferent arriving time. By doing so, we are able to write the

normal equations as follows in a straightforward manner

Wn = ZnΦ
−1
n , (24)

where Zn and Φn are defined respectively by Eqs. (25) and

(26), and the superscripts of l for indicating different lay-

ers in Eq. (23) are dropped to simplify the notation. The

time-average cross-correlation matrix Zn between the de-

sired output and the input is shown by the formula

Zn =
n∑

i=1

βn−iyiu
⊤

i , (25)
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and the time-average cross-correlation matrix Φn of the in-

put including the regularizing term is defined by

Φn =

n∑

i=1

βn−iuiu
⊤

i + λ̃βnI , (26)

where 0 < β ≤ 1 is to measure the memory of the al-

gorithm, the regularizing term is reformulated to make its

effect forgotten with time for β less than unity, and we only

consider one sample pair from each arriving observation for

the sake of simplicity.

Isolating the terms corresponding to i = n from the rest

of the summations in Eqs. (25) and (26) yields the following

recursions for updating Zn and Φn respectively:

Zn = βZn−1 + ynu
⊤

n , (27)

Φn = βΦn−1 + unu
⊤

n . (28)

With Φn assumed to be non-singular and thus invertible, we

may obtain the following recursive equation for the inverse

of Φn by applying the Sherman-Morris formula [11]

Φ−1
n = β−1Φ−1

n−1 −
β−2Φ−1

n−1unu
⊤

nΦ
−1
n−1

1 + β−1u⊤
nΦ

−1
n−1un

. (29)

If we denote Pn = Φ−1
n and let

kn =
β−1u⊤

nPn−1

1 + β−1u⊤
nPn−1un

, (30)

then Eq. (29) can be rewritten as

Pn = β−1Pn−1 − β−1Pn−1unkn . (31)

It is surprising to find that multiplying u⊤

n by each side of

Eq. (31) yields the following simple expression

u⊤

nPn=β−1u⊤

nPn−1 − β−1u⊤

nPn−1unkn=kn . (32)

This facilitates the derivation for recursively updating Wn

when we substitute Eqs. (27) and (31) into Eq. (24)

Wn = βZn−1Pn + ynu
⊤

nPn

= Zn−1Pn−1 − Zn−1Pn−1unkn + ynkn

= Wn−1 + (yn −Wn−1un)kn , (33)

where the expression inside the brackets on the right-hand

side of the last line represents the estimation error based on

the old least-squares estimate of the weights to be learned.

3.4. Improved MBSGD for online learning

The above recursive LSE solution inspires us to improve

the MBSGD algorithm of Eqs. (7) and (8) for the online

learning of each MLP layer in the paradigm of Eq. (2), while

the historical memory is retained. To this end, we can sub-

stitute Eq. (30) into Eq. (33) to obtain

Wn = Wn−1 −
(Wn−1un − yn)u

⊤

n

β + u⊤
nPn−1un

Pn−1 , (34)

and consequently using the fact that the matrix product

(Wn−1un − yn)u
⊤

n represents the gradient ∆Wn with

respect to the weight parameters for the input un, we can

use the following new single instance SGD iteration to up-

date Wn upon arrival of the input un

Wn ←−Wn−1 −
η

β + u⊤
nPn−1un

∆WnPn−1 . (35)

Compared to the original single instance SGD, Eq. (35) can

not only adapt the learning rate by scalling the initial η up

and down, but also modify the original gradient such that

Wn solves both the current prediction task of un and all

previous prediction tasks. In other words, the memory is

retained in this updating process as shown in Eq. (24). This

bears some similarities to continual learning literature on

overcoming catastrophic forgetting [18, 15, 39, 27].

However, since the MBSGD algorithm is commonly

used for training as in Eqs. (7) and (8), we can suppose

there are b inputs {un,j}
b

j=1
in one batch from the current

arriving observation and the mean of them and their mean

gradient are accordingly denoted as

un =
1

b

b∑

j=1

un,j and ∆Wn =
1

b

b∑

i=1

∆Wn,j . (36)

Hence, our improved MBSGD algorithm can be represented

by the following iteration

Wn ←−Wn−1 −
η

β + u⊤

nPn−1un

∆WnPn−1 , (37)

where Pn is updated based on un using Eqs. (30) and (31).

It is noteworthy that all the previous derivations can be

easily transplanted to the case of cross-entropy loss except

that uL
i in Eq. (20) is replaced with layer L’s softmax out-

put.

4. Recursive LSE-aided online tracker

In this section, we show how our proposed recursive

LSE-aided online learning technique can be realized in

the state-of-the-art CNN-based tracker RT-MDNet [17], a

tracking-by-detection based real-time tracker with online

learning. Since we only concentrate on the online track-

ing part, we leave all the other parts of RT-MDNet almost

unchanged including, for example, the improved RoIAlign

technique, all their hyper-parameter counterparts and the

off-the-shelf model trained with additional instance embed-

ding loss in their paper.

Online learning in RT-MDNet. Being identical to MD-

Net, RT-MDNet only updates the fully-connected MLP lay-

ers (fc4-6) in an online manner while keeping convolu-

tional feature extraction layers fixed, namely update stage.

Before that, the MLP layers also need to be fine-tuned using

the examples from the initial frame to customize themselves

to a new testing domain, namely initialization stage. There

are two types of memory being maintained in the update

stage to make compromises between robustness and adap-

tiveness: the long-term memory for regular updates with
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the samples collected for a long period of time; the recent

short-term memory with the occasional updates triggered

whenever the score of the estimated target is below a thresh-

old, indicating the unreliable tracking. Finally, all the fine-

tuning and updating are based on the cross-entropy loss.

Recursive LSE-aided RT-MDNet. As the recursive LSE-

aided online learning can overcome catastrophic forgetting

of historical memory, we thus do not need maintaining the

long-term memory to achieve robustness any more. That

is to say, we still use the same recent short-term memory

for recursive LSE-aided regular updates, while the setting

of the occasional updates triggered by unreliable tracking is

preserved intact, in that there may be failing cases for the

model based on the regular updates and the model with the

occasional updates customized (over-fitting) to the recent

short-term memory may work well with more discrimina-

tion. Note that the regularly updated model is fixed during

the occasional updates. More details about the improved

RT-MDNet with the recursive LSE-aided online learning,

namely RLS-RTMDNet, are explained in Algorithm 1.

5. Experiments

5.1. Experimental setup

We evaluate the proposed recursive LSE-aided on-

line RT-MDNet tracking method thoroughly over OTB-

2015 [38], VOT2016/2017 [20, 19] and UAV123 [25] by

following rigorously the evaluation protocols.

OTB-2015. It includes 100 objects to be tracked in 98 chal-

lenging sequences, and provides a no-reset One-Pass Eval-

uation (OPE) criterion by running test trackers until the end

of a sequence. In its success plot for quantifying perfor-

mance, the success rate refers to the mean overlap preci-

sion (OP ) score over all sequences and is plotted against

a uniform range of some thresholds between 0 and 1. An

area-under-the-curve (AUC) metric can also be computed.

The OP score is the fraction of frames in a sequence where

the inter-section-over-union overlap of the predicted and

ground truth rectangles exceeds a given threshold.

VOT2016/2017. Different from OTB-2015, they apply a

reset-based methodology in the toolkit. Whenever a failure

is detected, the tracker is re-initialized five frames after the

failure. Thus, two weakly correlated performance measures

can be used: the accuracy (A) measures the average overlap

between the predicted bounding box and the ground truth

computed over the successfully tracked frames; the robust-

ness is estimated by considering the reliability (RS), which

shows the probability that the tracker will still successfully

track the object up to S frames since the last failure and is

computed using the failure rate measure (Rfr, the average

number of failures) as follows

RS = exp

(
−S

Rfr

Nframes

)
,

Algorithm 1: Recursive LSE-Aided Online Track-

ing Using RT-MDNet

Input: Off-the-shelf deep RT-MDNet tracking model with

multiple layers
{
W

l
}6

l=1
, initial Pl

0 = I

/
λ̃
l for

each fully-connected layer (4 ≤ l ≤ 6), and test

sequence with first frame annotated

Output: Estimated target states in the rest frames

1 Pre-process identical to RT-MDNet, e.g. draw positive

sample set S+
1 and negative sample set S−

1

2 Fine-tune
{
W

l
}6

l=4
using S

+
1 ∪S

−

1 in initialization stage:

for the nth improved MBSGD iteration do

Update W
l ←W

l
n using Eqs. (36) and (37)

Update P
l
n using Eqs. (30) and (31)

3 Initialize the frame index set T ← {1}
repeat

4 Find the optimal target state like in RT-MDNet

if target score > 0 then

5 Draw S
+
t and S

−
t , and set T ← T ∪ {t}

6 if |T | > τ then T ← T \ {minυ∈T υ}

if target score ≤ 0 then

7 if
{
W

l

bk

}6

l=4
= ∅ then Create backups

{
W

l

bk

}6

l=4
←

{
W

l
}6

l=4

8 Occasionally update
{
W

l
}6

l=4
using

S
+

υ∈T
∪ S

−

υ∈T
based on the original MBSGD

else if t mod 10 = 0 then

9 if
{
W

l

bk

}6

l=4
6=∅ then

{
W

l
}6

l=4
←
{
W

l

bk

}6

l=4
,

and set
{
W

l

bk

}6

l=4
= ∅

10 Regularly update
{
W

l
}6

l=4
using S

+

υ∈T
∪ S−

υ∈T
:

for the nth improved MBSGD iteration do

Update W
l←W

l
n using Eqs. (36) and (37)

Update P
l
n using Eqs. (30) and (31)

until end of sequence

where Nframes is the average length of the sequences. A

more principled expected average overlap (EAO) measure

is also proposed to measure the expected no-reset average

overlap (AO) of a tracker run on a short-term sequence, al-

though it is computed from the reset-based methodology.

UAV123. It compiles a large set of 123 video sequences

(with more than 110K frames) captured by low-altitude

UAVs, which is inherently different from the aforemen-

tioned OTB-2015 and VOT2016/2017 datasets. It uses the

same evaluation protocol to OTB-2015.

Recursive LSE-aided online learning details. We here

only show the hyper-parameters specific to our recursive

LSE-aided online learning, and leave all the other hyper-

parameters shared with the original RT-MDNet tracker un-

changed1. For each of the fully-connected layers W4, W5

and W6, we set λ̃l in Algorithm 1 and the parameter to mea-

1We refer the reader to [17] and our improved code and raw results

available at https://github.com/Amgao/RLS-RTMDNet.
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VOT
Staple SiamFC MEEM RT-MDNet simpleRT-MDNet MetaSDNet CSRDCF++ ECOhc RLS-RTMDNet CSRDCF C-COT ECO

[2] [3] [41] [17] [28] [23] [4] [23] [7] [4]

2016

EAO 0.295 0.277 - 0.302 0.304 0.314 - 0.322 0.339 0.338 0.331 0.374

A 0.543 0.548 - 0.559 0.550 0.539 - 0.538 0.565 0.522 0.538 0.552

− lnRS 0.378 0.382 - 0.305 0.294 0.261 - 0.303 0.259 0.238 0.238 0.200

2017

EAO 0.169 0.188 0.192 0.223 0.218 - 0.229 0.238 0.245 0.256 0.267 0.280

A 0.530 0.503 0.463 0.514 0.508 - 0.453 0.496 0.518 0.491 0.494 0.484

− lnRS 0.688 0.585 0.534 0.450 0.464 - 0.370 0.435 0.399 0.356 0.318 0.276

rtEAO 0.170 0.182 0.072 0.162 0.154 - 0.212 0.177 0.166 0.099 0.058 0.078

Table 1: Comparison of our RLS-RTMDNet with its degraded version and some related competing algorithms on the VOT2016/2017

benchmarks; the results are reported as EAO, A, RS (S = 100) and real-time EAO (rtEAO). For all these metrics except rtEAO, the

stochastic trackers are run 15 times on each sequence to reduce the variance of their results. Best viewed in color.
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Figure 1: AUC scores of 50 trials for an ablation study com-

parison of our proposed RLS-RTMDNet with two baselines RT-

MDNet and simpleRT-MDNet. For clarity, only the maximum, 1st
quartile (25%), median (orange, 50%), 3rd quartile (75%), mini-

mum and average (green) scores of each entry are shown.

sure the memory in Eq. (26) to 1.0 for simplicity. Finally,

the learning rates η for them in Eq. (37) in both initialization

and update stages were fixed to 0.01, 0.01 and 0.1.

5.2. Experiment 1: Ablation study

Baseline setup. Since we selected RT-MDNet to demon-

strate the effectiveness of our proposed online learning

framework, we re-implemented its publicly available source

code written in python as a baseline and followed all of its

default settings. Although we leave many settings of RT-

MDNet unchanged in our RLS-RTMDNet tracker, there are

still some differences in the online tracking part related to

the sole memory maintained (short-term) and the weight

backups, in addition to the improved MBSGD. So we pre-

pared another baseline by only replacing the improved MB-

SGD with original MBSGD in Algorithm 1, leading to a

degradation of our tracker, namely simpleRT-MDNet.

We start by summarizing the ablation study with above

entries in terms of AUC on the OTB-2015 benchmark in

Figure 1. Due to the stochastic nature of RT-MDNet, we re-

port the AUC scores of 50 trials for each entry. For clarity,

we only show each entry’s maximum, 1st quartile (25%),

median (50%), 3rd quartile (75%), minimum and average

scores. For example, the 1st quartile (25%) score means that

there are about 25% of the 50 trials achieving AUC scores

larger than it. It is clearly shown that our online learning

method improves all the six kinds of results over the base-
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Figure 2: Validation loss plots based on some intermediate results

to show how the over-fitting risk is reduced. Best viewed in color.

line RT-MDNet, giving absolute gains around 1.0%. Our

degraded version simpleRT-MDNet, however, exhibits a lit-

tle inferior performance to RT-MDNet due to the reason that

the update is based solely upon the recent short-term mem-

ory. This further demonstrates the effectiveness of our pro-

posed recursive LSE-aided online learning method thanks

to its characteristics of anti-overfitting with memory reten-

tion and the improved convergence when the cost function

is computed over all historical training samples.

Moreover, we provide some intermediate results to fur-

ther highlight how the recursive LSE-aided tracker’s robust-

ness is enhanced by reducing over-fitting resulting from

catastrophic forgetting in SGD. The results can be intu-

itively presented as a validation loss plot w.r.t. each online

training epoch as in Figure 2 by treating the collected sam-

ples in the first frame as validation set. The loss in Figure 2a

is averaged over 50 trials of OTB-2015 and a large value

means the method is prone to over-fitting and losing the

memory of the first frame. Figure 2b specifically shows the

case for the Lemming sequence, where the object’s appear-

ance and surroundings at some epochs significantly differ

from its initial ones, leading to large loss for the SGD entry.

5.3. Experiment 2: Stateoftheart comparison

In contrast to the state-of-the-art comparison in the RT-

MDNet paper, we replace the evaluation on TempleColor

with the ones on more challenging VOT2016/VOT2017.

VOT2016/2017. VOT2017 departs from VOT2016 in two

aspects: 10 least challenging sequences in VOT2016 is re-

placed with new ones; and a new experiment for evaluating

real-time performance is introduced in VOT2017.

We show the comparison results on VOT2016/2017 in
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Figure 3: Success plots for UAV123 in terms of the attributes: Background Clutter (BC), Illumination Variation (IV) and Full Occlusion

(FOC). The average over 50 runs is reported for MDNet-style trackers. The legends show the AUC scores. Best viewed in color.
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Figure 4: Success plots for the whole UAV123 dataset. We re-

port the average over 50 runs for our tracker and the baseline RT-

MDNet. The legends show the AUC scores. Best viewed in color.

Table 1. As similar to the analyses in ablation study, our

new tracker always consistently improves upon its coun-

terparts (i.e. RT-MDNet and simpleRT-MDNet) by achiev-

ing significant gains on VOT2016/2017, and our degraded

version simpleRT-MDNet achieves similar or a little worse

performance than RT-MDNet due to the lack of long-

term memory. What’s more, our performance gains are

larger than MetaSDNet, which uses sophisticated meta-

training techniques to pre-train the MDNet tracker using

more datasets than RT-MDNet. Note that our new online

learning method doesn’t deteriorate the real-time perfor-

mance of RT-MDNet as shown in last line of Table 1.

In comparison with other top performers with online

learning on VOT2016/2017, e.g. CSRDCF and ECO, which

need to use their real-time counterparts (i.e. CSRDCF++

and ECOhc) to achieve top real-time performances, our im-

provement over the original RT-MDNet achieves a balance

between the tracking accuracy and speed.

UAV123. We show the comparison results on the UAV123

dataset in Figure 4 and Table 2. We re-ran RT-MDNet

along with our tracker over all 123 videos for 50 trails again

due to their stochastic nature. Although we don not ob-

serve significant AUC improvement over RT-MDNet on

this datatest due to its inherent difference from OTB-2015

and VOT2016/2017, we notice that the tracking accuracy is

largely improved with an absolute gain of 1.0% in OP0.75.

UAV123
MEEM SRDCF ECOhc RT-MDNet RLS-RTMDNet ECO

[41] [6] [4] [17] [4]

OP0.50 0.446 0.557 0.610 0.630 0.633 0.640

OP0.75 0.152 0.266 0.311 0.310 0.320 0.328

AUC 0.397 0.469 0.513 0.514 0.516 0.532

Table 2: Comparison on the UAV123 dataset in terms of AUC

and mean OP given thresholds 0.50 (OP0.50) and 0.75 (OP0.75).

This can be attributed to our improved discrimination power

based on the improved convergence when the cost function

is computed over all historical training samples.

This viewpoint is further demonstrated by the improve-

ments over the sequences with BC and IV attributes as

shown in Figure 3. It is known that there is a high demand

on a tracker’s discrimination power in case of these two at-

tributes. We also note that the memory retention in our for-

mulation improves the ability of tackling the full occlusion

challenge, giving an absolute AUC gain of 1.7% as shown

in Figure 3. This is understandable because our memory

retention improves robustness by reducing the risk of over-

fitting. Since we didn’t rely on other sophisticated tech-

niques for performance improvement, the AUC gains in

case of other attributes in UAV123 are thus limited. Please

refer to the supplementary material for more details.

6. Conclusions

We present a recursive least-squares estimator-aided on-

line network learning algorithm that allows memory reten-

tion. We apply it to visual tracking and experimentally

demonstrate its efficiency in both reducing the risk of over-

fitting without relying on the long-term memory and im-

proving the convergence performance when the cost func-

tion is computed over all historical training samples. An

interesting direction for future work is to integrate it into

the meta-learning framework to gain further improvements.
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