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Abstract: Vision-language tracking presents a crucial challenge in multimodal object tracking.
Integrating language features and visual features can enhance target localization and improve
the stability and accuracy of the tracking process. However, most existing fusion models in vision—
language trackers simply concatenate visual and linguistic features without considering their semantic
relationships. Such methods fail to distinguish the target’s appearance features from the background,
particularly when the target changes dramatically. To address these limitations, we introduce an
innovative technique known as multimodal features alignment (MFA) for vision-language tracking.
In contrast to basic concatenation methods, our approach employs a factorized bilinear pooling
method that conducts squeezing and expanding operations to create a unified feature representation
from visual and linguistic features. Moreover, we integrate the co-attention mechanism twice to
derive varied weights for the search region, ensuring that higher weights are placed on the aligned
visual and linguistic features. Subsequently, the fused feature map with diverse distributed weights
serves as the search region during the tracking phase, facilitating anchor-free grounding to predict the
target’s location. Extensive experiments are conducted on multiple public datasets, and our proposed
tracker obtains a success score of 0.654/0.553/0.447 and a precision score of 0.872/0.556/0.513 on OTB-
LANG/LaSOT/TNL2K. These results are satisfying compared with those of recent state-of-the-art
vision-language trackers.

Keywords: vision-language tracking; feature alignment; multimodal fusion; object tracking

1. Introduction

As one of the most fundamental tasks in computer vision, visual object tracking (VOT)
aims to locate objects, initialized by a bounding box in the first frame of a video sequence.
It has been widely used in many applications such as video surveillance, robotics, and
autonomous driving. From a model-based perspective, tracking algorithms have evolved
from classical correlation-filter-based models to deep neural networks due to their powerful
feature representation [1-6]. In the last few years, transformer-based trackers have shown
improved performances due to the development of an attention mechanism that enables the
modeling of complex feature interactions [7-9]. However, existing single-model trackers
do not perform as well in practice as they have done during testing with publicly avail-
able datasets, especially in challenging scenarios such as viewpoint changes, fast motion,
and illumination variation, as shown in Figure 1; here, poor feature representations and
model drifting often lead to tracking failures. Although many attempts have been made
to optimize the tracking paradigm for better accuracy and robustness [10,11], trackers
based only on RGB images are still becoming closer to the upper bound. Another viable
approach for addressing the aforementioned problem is incorporating natural language
descriptions as an auxiliary modality to enhance the informativeness of features in the
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tracking process [12-17]. Unlike visual features that can be easily influenced, natural lan-
guage features, describing the target with color, motion, position, and category information,
are less sensitive to variations in appearance [18-21].

I ous B Gt DiMP50 [l P:DiMP50 I T:DIMP ATOM

Figure 1. Tracking results on OTB-LANG and LaSOT sequences. Language descriptions are provided
under each group of frames. (a) Natural language description: car in front with two lights. (b) Natural
language description: body of a bird on the top right. (c) Natural language description: diver on a
diving board.

Vision-language tracking is a new research topic [12-17] following it being first pro-
posed by Li [22]. Previous researchers have made attempts to model fusion methods for
combining linguistic features and visual features. These approaches include the simple con-
catenation of visual and linguistic features, employing self-attention within each modality
to enhance their interaction, or using cross-attention to promote the interactions between
the two modalities [12-15,17]. Specifically, linguistic features are typically embedded using
natural language processing (NLP) models [12] and then concatenated with visual features
extracted from CNN models. However, simple concatenation may ignore the relation-
ship between visual and linguistic features during the fusion process. Fused features
consist of visual features and linguistic features; however, fused features lack the semantic
similarity relation that exists between visual and linguistic features, resulting in less infor-
mative feature representation. In fact, there are certain unexplored challenges within the
vision-language tracking field. This study aims to establish a coherent connection between
visual and linguistic features without diminishing the inherent feature strengths of each
individual modality.

We are inspired by the intrinsic reflections of the human brain. Given an image
annotated with a natural language description, a human brain can quickly attend to the
nouns inferred by the adjectives and adverbs [23]. This inspiration led us to seek a novel
fusion feature representation that assigns higher weights to regions where visual and
linguistic features exhibit semantic similarity. Simultaneously, it aims to suppress irrelevant
regions to enhance the distinguishability of the target.

A novel feature fusion method is proposed in this paper, termed multimodal fea-
tures alignment (MFA), to merge visual and linguistic features, aiming to minimize cross-
modality differences and enhance the target’s feature representation in tracking tasks. In
our proposed method, extracted visual features, X, and embedding linguistic features, Q,
are fed into a bilinear pooling (BP) [24] model to obtain a joint expression of multimodal
features. Given that a single sentence annotates a set of video frames in public tracking
datasets, and considering the density of visual features and the sparsity of linguistic fea-
tures, we integrate a factorization machine within BP to regulate the sparse weight matrices
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of these two features [18,19]. To mitigate cross-modality discrepancies, we employ soft
attention mechanisms twice during the feature fusion phase. The first soft attention is
utilized to ascertain the weight of each word in the natural language description, while
the second soft attention generates the distribution of visual-spatial grid weights. The lin-
guistic weights map is combined with the original linguistic feature to derive the linguistic
attentional feature X,;. Subsequently, Qa4 acts as a “weights kernel” to fuse with the visual
feature through a factorized bilinear pooling model, followed by additional soft attention
layers to generate the distribution of visual-spatial grid weights.

In the final steps, the visual weights map is combined with the original visual feature to
produce the visual attentional feature X,;. Qqur and X, are input into a second factorized
bilinear pooling process to generate the fused feature Xg. Our approach employs a Siamese-
based network as the backbone, similar to many tracking models, with tracking inference
involving a classification head and a regression head [25,26]. In most tracking-by-detection
models, the effectiveness of the classification and positive/negative ratio in the dataset
significantly impacts the classification and regression outcomes, potentially leading to
ambiguous results. In our cases, the fused feature map X acts as the search region instead
of a resized image, thereby modifying the anchor-based tracking paradigm to predict the
target’s location.

The main contributions of this paper are as follows:

*  Anovelty multimodal features alignment network (MFA) for vision-language visual
tracking is proposed, which is used in modeling a semantic relationship between visual
features and annotated language descriptions to generate fusion features. Experiments
are conducted on three natural-language-annotated datasets, and our tracker exhibits
a good performance compared to that of a state-of-the-art tracker.

*  Weighted fusion features are used as input to the tracking procedure instead of tra-
ditional resized images. The fused feature map is divided into multiple grids with
distributed weights. To the best of our knowledge, this is the first study to use fusion
feature maps instead of traditional search images for a tracking network.

e The proposed loss function minimizes the cross-modality discrepancy between visual
and natural language features, reflecting the effectiveness of the fusion in the tracking
procedure.

2. Related Work

In this section, we present relevant research in the fields of visual object tracking,
vision-language fusion modules, and vision-language object tracking, respectively.

2.1. Visual Object Tracking

Correlation-filter-based tracking models aim to design a filter that can be applied on
a target when the response is maximized; they are most commonly used in visual object
tracking in early stages [27]. Siamese-based trackers have received increasing attention
from researchers due to their deep neural networks, which have powerful capabilities
in feature representation. SiameseFC [3] was the first model of this kind to be proposed,
and SiameseRPN [1] was proposed, bringing a region proposal network into tracking
and being used in developing tracking-by-detection methods. Subsequently, several im-
proved versions have been developed to enhance different aspects. SiameseRPN++ [2]
and SiamDW [28] aim to improve feature representation with deeper and wider networks.
ATOM [29], DiMP [30], and PrDiMP [13] are proposed to enable targets to be more easily
discriminated from their backgrounds. Recently, transformer-based trackers have outper-
formed CNN-based models in many benchmarks [8,31-34]. Their advantage lies in their
ability to model long-range dependencies and capture complex relations in sequential data.
From the scenario attribute, Dai [35] proposed a meta-updater (LTMU) model for learning
geometric cues, appearance cues, and easily discriminated cues, adaptively, in long-term
tracking. Moreover, many strategic adjustments [10,11] are conducted to optimize tracking
models for faster and more robust performance. It can be concluded that two-stream
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paradigm trackers still play an important role in tracking models, and a representative
feature, particularly in challenging cases, is critical for successful tracking.

2.2. Vision—Language Fusion Model

Before being applied in visual tracking, vision-language fusion models have com-
monly been used in audio-visual speech recognition (AVSR) applications [36] and image
retrieval [37] and video question-answering tasks [38]. In recent years, transformer-based
models have become the preferred architecture for multimodal pretraining due to their
excellent capacity for use in modeling global dependencies [9]. Lu [39] propose VILBERT
for use in inputting linguistic features and visual features into transformer encoders; they
adopted a common attention mechanism to fuse heterogeneous information. However,
they ignored feature distribution within the single modality itself, as well as the interaction
between multiple modalities. Similarly, Visual BERT [40] and Unicoder-VL [41] also im-
plement BERT and transformer networks for feature extraction and integration purposes.
Kim [42] encoded images and language through an image encoder and a language encoder,
respectively, and then integrated visual and linguistic features through a multimodal en-
coder by cross-model attention. RoBERTa [43] is designed for pretraining natural language
processing (NLP) systems, improving on Bidirectional Encoder Representations from Trans-
formers, i.e., BERT. However, the visual encoders mentioned above are often limited by
annotation information such as category labels or bounding boxes for specific tasks, which
hinders the generalization performance of the models. Moreover, language embedding
models require pretraining on large datasets; then, they must be fine-tuned for different
downstream tasks using smaller test datasets. In comparison, vision-language tracking
annotated descriptions are relatively small. This may lead to a misalignment between
visual and linguistic features. Furthermore, such a paradigm is both time-consuming and
expensive in computational costs; this is due to the huge number of learnable parameters.

In tracking tasks, visual features change between different frames, while linguistic
features remain unchanged. Methods to reduce the cross-modality discrepancy of visual
and linguistic features at the semantic level deserves further exploration.

2.3. Vision—Language Object Tracking

As a new topic in computer vision, vision-language visual tracking has attracted
a lot of attention from researchers in recent years especially [7,12-16,22], along with the
rapid development of natural language processing. Li [22] was the first to apply the fusion
of vision-language features in a tracking task. In addition, the OTB-99LANG dataset
was released, which is the first vision-language tracking dataset. Wang [17] proposed
a structure-aware graph convolutional neural network, using graph nodes representing
samples and edges modeling the spatiotemporal relationships between samples. However,
the heterogeneity of the two modalities was not considered, and the added features were
not used in the final candidate proposal. Wang also proposed [13] a vision-language tracker
based on AdaSwitch model to avoid BBox drifting away. Visual grounding is introduced to
the tracking procedure, and the linguistic feature was used to initialize the target instead
of BBox. A large natural-language-annotated object tracking dataset, TNL2K, has been
published. Feng [16] presented a track-by-detection route that identified the most likely
image region given the NL description. He then proposed a Siamese natural language
RPN++ tracker named SNLT [14]. The correlation process can be duplicated three times and
the correlation results are aggregated dynamically by using joint conditional probabilities
between the language network and the vision network. Guo [44] proposed a ModaMixer
and asymmetrical networks to learn a unified-adaptive vision-language representation.
Zhao [7] presented a transformer-based tracking network, using a proxy token to guide the
cross-modal attention. The proxy token is used to modulate word embeddings and make
them attend to visual features. Yet, the language token has not been attended to by visual
features. JointNLT [45] unifies the cross-modality relation and the cross-temporal relation
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among natural language and image, which can be implemented in both grounding tasks
and tracking tasks.

Previous works have illustrated that language descriptions, acting as auxiliary modal-
ity information, enable improvements to be made in the tracking performance, if they
are exploited correctly. However, the fusion approach has more possibilities beyond sim-
ple concatenation. In this paper, we learn a fused feature representation by aligning a
target-relevant linguistic feature and a visual feature, achieving better results.

3. Methods

In this section, we introduce the details of our new vision-language tracking frame-
work, as shown in Figure 2. Specifically, we first describe the multimodal features alignment
module for generating a vision-language feature representation with factorized bilinear
pooling and a co-attention mechanism. Then, the fused features act as search regions, to be
fed into the Siamese-based network for tracking. The definitions of the variables are listed
in Table 1.

Search region

feature X Multimodal Features Alignment Siamese Grid-wise Localization
\ Module Tracker
: Templte region Z,
Conv "m

X —

1x1 conv *

cls-score :W
17x17x1 ® _.‘W
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Figure 2. An overview of the Siamese tracking network with a multimodal features alignment (MFA)
framework, including a vision-language features factorized bilinear fusion model and tracking
inference. The green frame represents bilinear pooling model.

Table 1. Definitions of variables.

Variable Definition
t Frame index.
Iy The t-th frame image from a video.
Xy Feature of search region at frame step. ¢
Q The NL description of target.
WQ. The weight matrix of a linguistic feature.
Wx,. The weight matrix of a visual feature conditioned by a linguistic feature.
Qutt Linguistic attentional feature from embedding of Q.
Xast Visual attentional feature of Q,, conditioned.
Xo = {Xg,i} Fused feature.
Zy ={Z;;} The visual template region.
St = {5} Set of similarities between X and Z;.
RF; = {RF;;} Set of region features for bounding boxes.
Bf Bounding boxes candidate chosen by the model.
B Bounding boxes predicted by the tracker at time .

-
-S-ex—%

General output of bilinear pooling model.
Depth-wise cross-correlation layers.
1 x 1 Convolutional layers.
Siamese convolutional neural network.
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3.1. Vision—Language Feature Factorized Bilinear Module

In our proposed method, visual features and linguistic features are first projected in a
latent space to obtain a joint representation by implementing factorized bilinear pooling.
Consider X € R and Q € R" as pairwise features; a common linear transformation

can be represented as:

N M
Fgp= Y Y w;XyQu+bi=X"W,Q+b; 1)

n=1m=1

where W; € R"*" is a projection matrix and Fgp € R is the output of the bilinear model as
shown in Figure 3. The bias term is omitted here since it is implicit in W [24]. Equation (1)

can be rewritten as:
Fgp = XW,Q ()

)

e
l
(000000)

L

4
|
| 5
Visual input = B
XoQ @ &
I | g
M AL :
.’i‘. 2
1 I x -
\ | Sumpooling
@
Q0 — —
Language input -

Figure 3. Vision-language multimodal features alignment module. X represents visual input
and Q represents linguistic input; o denotes Hadamard product. A convolution layer is followed

by Sumpooling.

Specifically, to obtain a o-dimensional output, F, we need to learn W = [W,, ..., W,] €
R™*7x0 - Although the bilinear pooling is capable of capturing pairwise interactions, it also
embraces a quadratic number of parameters in the projection matrix, W;.

Due to the matrix factorization tricks for uni-modal data, the projection matrix W; in
Equation (2) can be factorized as two low-rank matrices, as follows:

Fgp = X" U; V' Q
k
=Y XTuwiQ 3)
=1
=Ul'XoVIQ

where W; = U; ViT, k is the factor or the latent dimensionality of the factorized matrices
U; = [uy, .., ux] € R™*and V; = [v;,..0] € R"™K k < min(n,m), o is the Hadamard
product or the element-wise multiplication of two vectors.

Given a video sequence, X; is the search region at frame t. A visual feature, X € R™,
is extracted through the CNNs model; at the same time, a natural language description is
embedded through GloVe, followed by a two-layer LSTM, to generate the linguistic feature,
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Q € R". The soft attention mechanism is conducted for the visual feature and the linguistic
feature, respectively, to obtain their inner modality possibility distribution. Specifically,
for linguistic feature Q € R", we apply two convolutional layers and the softmax function
to predict each word’s attention weight, Wy ,,,. Then, we take a weighted sum of the
linguistic feature and create an attentional map to output the linguistic attentional feature,
Qutt- On the other hand, the visual feature is merged with the linguistic attentional feature
using factorized bilinear pooling; this is followed by two convolutional layers and softmax
normalization to obtain an attention distribution over the search region, Wy, as shown in
Equation (3). Without the loss of generality, we can reformulate U and V as the 2D matrices
U € R™% and V € R"*k, respectively, with simple reshape operations, as shown in
Equation (3). Accordingly, Wg,,, and Wy, can be formulated as follows:

Wo,, = softmax(V'Q)

Ty T (4)
Wx,,, = SumPooling(U" X o V' Q)
Here, we conduct linguistic attentional feature as “weights kernel” to bridge the lin-
guistic feature and the visual feature, and pinpoint the highly relevant region in search
image. The visual weights vectors for each grid represent the attention distribution brought
about by the natural language descriptions. Finally, we take the weighted sums of the
visual feature vectors and the visual weights to generate the attended visual feature, X,
conditioned by Q. The training algorithm is shown in Algorithm 1.

Algorithm 1: Curriculum training for the tracker.

1 while Training vision-language alignment network do
2 | Wo,, + VIQ;

3 Qatt + Wo,, Q;

4 W0, < SumPooling(Qqtt, X);

5 Xatt +— Wx,, X;

6 Xg ¢ SumPooling(Qutt, Xatt)

7 end

8 Fix Parameters(V-L alignment network)
9 while Training tracker do

10 | forte{1,2,.,T}do

11 Bf, RF; < Top — K(B;);
12 Bt — thcker(Bfr RFt);
13 end

14 Lyacker <= Zte{l,Z,...T} TrackerLoss(Bt, B});

15 BaCkprop(LTmcker)
16 end

3.2. Vision—Language Feature Co-Attention Module

We employ the co-attention method to align the visual feature and the linguistic
feature. It can be specified into two steps, self-attention for a natural language description
of target embedding and the description conditioned attention for a visual embedding.

The attention mechanism uses an attention probability distribution & over the G grid
space. « is defined as:

a = softmax(c (U X) o c(VIQ)) )

where & € RC; the softmax function applies to each row vector of a. The bias terms are
omitted for simplicity. The weight matrix Wy,,, of the visual attentional feature, X, is a
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linear combination of Q. with coefficients ag. Each attention probability distribution ag is
for a glimpse, g. For G > 1, W, is the concatenation of each glimpse vector, as follows:

Qatt = W(SnttQ

& (6)
Xatt = Z DéSX = W)me
§=1

After that, the linguistic attention feature and the visual attention feature, X, are fed
into another factorized bilinear pooling module to generate a joint feature representation,
Xo-

Xo = SumPooling((W%attXatt) o (Wém Qatt)) )

3.3. Prediction Head

In the tracking procedure, we take the Siamese-based two-stream network as the
tracking backbone, and invoke a grid-wise target localization strategy, as performed in [46].
The fused feature, X, generated by MFA, is reshaped by transposed convolution, then
fed into the tracking network as the search region; Z; is the visual template region. The
inference algorithm is shown in Algorithm 2. Both branches share parameters through
the backbone network, which applies the same transformation to embed X and Z; into a
shared feature space.

fi(xq,2) = $i(¢(x)) * $i(¢(2)),1 € {cls, reg} ®)

where ¢ is feature extractor; i is for the cls and reg tasks. The feature maps are fine-tuned
by two convolutional layers between ¢- and ;.

Algorithm 2: Inference of the proposed tracker.

Input: The fused feature X, the visual template region Z;, the bounding box B*
Output: Predicted per-frame target bounding boxesB; = {B;}
if Bj is given then
| Bi= B
else
By < ¢(It) ;
RF; <+ ROIPooling(By, X0, );
S1 ¢ ¢(RFy, Zi7) ;
ReRank {By,51};
Bl — thcker{Top - K(Bl)};
end
10 forl; € {12, I3,..., It do
1 | B+ ¢(ly);
12 RF; < ROIPooling (B, X0, );
13 St “— (p(RFt, Zt),‘
14 | ReRank {B, S} ;
15 Bt A thcker{Top - K(Bl‘)}
16 end

O 0w N Ul e WN =

The classification head takes ¢ as input. If (py, py) on the feature map, then ¢
is regarded as a positive sample when its corresponding position (| {] + pxq, [ 1] + pyq)
on the input image is within the BBox. Here, g is the step size of the backbone. The
regression head takes 1. as input, and the output offsets to optimize the prediction of the
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bounding box position. For each positive sample, (px, py), the last layer of the regression
head predicts the distance to the ground truth and obtains B* = (I*,t*,r*, b*):

1= (15) 4 pet) = oot = (L5 + pvd) = g

"= py = (5] 4 px0) 07 = pyy = (5] + pya)
where (px,, py,) and (px,, py, ) represent the top left and the bottom right, respectively, and
g represents the backbone step size.

It is assumed that the feature pixels around the center of the target have better esti-
mation quality than other pixels. A 1 x 1 convolution layer is added in parallel with the
classification head for quality estimation. This output is used to estimate the prior spatial
score; this is defined as follows:

min(I*, r*) " min(t*, b*)

PSS* =
55 max(I*,r*) = max(t*,b*)

(10)

3.4. Loss Function

We detail the training objective function following the recently proposed anchor-free
tracking methods [46]. For classification, the sub-task focal loss approach is employed.

LCIS = Z(pX,Zr p;,z) (11)
X,z
For quality assessment, BCE loss is selected, since we consider it to be a binary
classification.

Lquatty = ) 1pi.>01 L4z 732) (12)
X,z
For the regression sub-task, the IoU loss is employed for the bounding box:

Lreg = Zl{p;2>0}L(CX,Z/C;,Z) (13)
s,t

where 1 is the indicator function that takes 1 to pj , if (x,z) is considered as a positive
sample, and is 0 is considered as a negative sample.
Finally, the overall loss is defined as:

1 A A

= TLCIS + 7Lquality + 7Lreg (14)
pos

L
N, pos N, pos

4. Experiments

In this section, we first describe the datasets, metrics, and implementation details of
our experiments. Then, we compare our tracker with other state-of-the art visual object
trackers and past NL trackers and conduct a comprehensive set of ablation studies to show
the effectiveness of our proposed method.

4.1. Datasets and Metrics
4.1.1. Datasets

Our backbone ResNet model was pretrained on ImageNet [47]. For training the vision—
language alignment model and the Siamese tracking model, we used images and phrases
from VisualGenome [48], together with images and natural language descriptions from the
training portions of LaSOT [49] and OTB-LANG [22]. With the vision-language tracking
step, there are three publicly available tracking benchmarks that are annotated with natural
language for targets: OTB-LANG [22], LaSOT [49], and TNL2K [13].
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4.1.2. Metrics

We perform the One Pass Evaluation (OPE) protocol and measure the success and
precision of the tracker, following the original publication on the testing split from the
mentioned datasets [49]. The success is measured as the Intersection over Union (IOU) of
the pixels between the ground truth bounding boxes (B*) and predicted bounding boxes
(B:). The precision P is usually measured as the distance in pixels between the centers of
the ground truth (C*) and the center of the predicted bounding box (C¢). It is important to
consider the sensitivity of the resolution of the image and the size of the bounding boxes.
Precision, P, is usually normalized over the size of the ground truth bounding box. All the
measurement metrics can be calculated as follows:

IoU* — Inters'ectlorAl(Bt,B )
Union(B;, B*)
P:H (ét_C*) ||2 (15)
W = diag(B*, By)
Paorm =|| W(ét =C) 2

4.2. Implementation Details

We initialize the model with pretrained weights, following the original work [13].
We freeze stages 1 and 2, fine-tune stages 3 and 4; we augment the base learning rate to
2 x 102, and multiply the learning rate of the parameters by 0.1 with regard to the global
learning rate. We reduced the number of image pairs per epoch to 150 k, and the total
epoch is 20 (5 for warming up and 15 for training). The step size, g, as in Equation (9),
is 8. Visual features are extracted by a bottom—up attention model pretrained on ResNet-
101 [50], through leveraging the object and attribute annotations from the VisualGenome.
The input image is resized to 448 x 448, and the image representation utilizes 2048-D
features. Language descriptions are tokenized into words and then converted into one-hot
feature vectors with a maximum length of L. The feature vector is subsequently passed
through an embedding layer and fed into a two-layer LSTM network with 1024 hidden
units [51]. The last word feature of each layer is extracted to form 2048-D linguistic features.
The fused feature, X, is transferred to the input image size through the transposed
convolution layers.

4.3. Comparison with State-of-the-Art Trackers

We compare our proposed tracker with state-of-the-art trackers on three public
language-assisted datasets: OTB-LANG [22], LaSOT [49], and TNL2K [13]. Detailed com-
parison results are presented in Table 2. It is worth noting that the compared state-of-the-art
tracking algorithms are divided into two groups: RGB-only trackers and vision-language
trackers. RGB-only trackers are initialized with a bounding box, while the vision-language
trackers are initialized with a natural language description or a bounding box with a natural
language description.

Table 2. Comparisons on three language-assisted benchmarks. Note: ‘-" indicates that the code is
unavailable or cannot be reproduced. The best three results compared with vision-language trackers
are shown in red, blue, and fonts, respectively.

OTB-LANG [22] LaSOT [49] TNL2K [13]

Algorithm Initialize Fps
AUC | P AUC I P AUC | Pyorsm

ATOM [29] BBox 0.68310.883 0.52110.522 0.40110.465 30

DiMP50 [30] BBox 0.66810.868 0.57210.561 0.44710.513 40

PrDiMP50 [52] BBox 0.68410.872 0.60310.609 0.47010.540 30

TrDiMP [8] BBox 0.70810.904 0.64310.663 0.44910.511 26

LTMU [35] BBox - - 0.43210.495 15
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Table 2. Cont.
OTB-LANG [22] LaSOT [49] TNL2K [13]
Algorithm Initialize Fps
AUC | P AUC I P AUC | Pyorm
STARK [31] BBox 0.69610.914 0.67110.770 - 30
TransT [32] BBox 0.69810.887 0.64910.738 - 50
OSTrack-256 [33] BBox - 0.69110.752 - 105
TransInMo [34] BBox - 0.65710.707 0.52010.527 67
Li[1] NL 0.55310.724 - - 21
Feng [16] BBox + NL 0.60810.794 0.35210.353 0.24810.333 30
SNLT [14] BBox + NL 0.664 | 0.53910.558 | 50
TNL2K [13] BBox + NL 0.68110.878 I 0.41710.499 12
Ours BBox + NL 10.872 0.55310.556 0.44710.513 37

OTB-99LANG [22] contains 51 training videos and 48 testing videos from OTB100,
with the target in each video annotated by natural language description. We use OTB-
99LANG as our training and testing dataset. Our tracker achieves a success score of 0.654
and the third-best precision score of 0.872, as shown in Figure 4. Notably, our tracker
outperforms Li’s [1] tracker, which achieves a success score of 0.553 and a precision score
of 0.724, as well as Feng’s [16] tracker, which scores a success score of 0.608 and a precision
score of 0.794. When compared with the latest VL trackers, our tracker can achieve a
competitive performance with SNLT [14] and TNL2K [13].

LaSOT [49] is a large-scale single-object tracking benchmark with natural language
descriptions, containing 1400 sequences and a total of 3.52 million frames. We also employ
LaSOT as our training and testing dataset. Our MFA tracker achieves a success score of
0.553, as shown in Figure 5 and Table 2, an improvement of 1.4/3.5 percentage points over
SNLT/TNL2K. Additionally, it achieves a precision score of 0.556, which is competitive
with SNLT’s precision score of 0.558. Furthermore, our tracker demonstrates an impressive
running efficiency of 37 frames per second (fps).

Success plots of OPE on OTB-LANG Testing set Precision plots of OPE on OTB-LANG Testing set

1 1 —
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Figure 4. Evaluation results of the proposed tracker compared with SOTA trackers on OTB-LANG

testing set.

TNL2K [13] is a recently released multimodal object tracking dataset, which contains
2000 video sequences. Each sequence is annotated with a natural language description. The
annotated natural language description indicates the attribute, category, spatial position,
and relative location with other objects of the target in first frame. Considering the diverse
and complicated sequences in TNL2K, we use it as a testing dataset, as shown in Figure 6.
The sixth column in Table 2 shows that our tracker obtains the third-best success score,
0.447, and the best precision score, 0.513. Our proposed tracker outperforms SNLT and
TNL2K by a large margin, especially improving the SNLT 0.197/0.177 for the success score
and the precision score, respectively.
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Figure 5. Evaluation results of the proposed tracker compared with with SOTA trackers on LaSOT

testing set.
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Figure 6. Evaluation results of the proposed tracker compared with SOTA trackers on TNL2K
testing set.

From Table 2, it can be inferred that our tracker demonstrates a competitive perfor-
mance compared to current vision-language trackers, although it still shows a narrow gap
when compared to cutting-edge RGB single-modality trackers. There are two possible
reasons for this. First, typically, a tracker initialized with a natural language description
may yield a less optimal performance as opposed to the same baseline algorithm. This is
due to the dynamic nature of target changes within a video sequence, whereas the target
annotation remains static despite the target’s motion. Conversely, initializing the target
with both a natural language description and a bounding box leads to an outperforming of
the baseline algorithm. The inclusion of a bounding box allows the tracker to ground the
target more precisely. Secondly, vision-language trackers predominantly employ Siamese-
based networks, while state-of-the-art RGB-only trackers are either based on correlation
filters (ATOM [29], DiMP [30], or PrDiMP [52]) or transformer-based networks (STARK [31],
OSTrack [33], or TransInMo [34]). The ability to extract features and the ability to model
the relationship between different networks are different abilities. There is still little mar-
gin between the two structures. It is worth noting that, even though a greater amount
of information can be handled compared to conventional methods involving visual and
linguistic features, our approach maintains computational efficiency, resulting in a tracker
that operates at approximately 37 fps on a single GPU. Our trackers maintain an advantage
in terms of both accuracy and real-time performance compared with [13,14]. Visualization
results of the tracking are shown in Figure 7.
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natural langua e descrlptlon skateboard moving on the road under a man in red pants

.

natural language description: face of a woman
B o N e U

Figure 7. Tracking results on OTB-LANG and LaSOT sequences. Language descriptions are listed
under each group of frames.

4.4. Ablation Study
4.4.1. Attribute Analysis

TNL2K dataset contains 17 attributes in tracking scenarios listed in Table 3, and the corre-
sponding AUC overlap plots are shown in Figure 8. We surprisingly observed that evaluation
under diverse challenging factors on the TNL2K testing set shows promising results.

Table 3. Description of 17 attributes in the TNL2K dataset.

Attributes Definition
CM Abrupt motion of the camera.
ROT Target object rotates in the video.
DEF The target is deformable.
FOC Target is fully occluded.
v Ilumination variation.
ov The target completely leaves the video sequence.
POC Partially occluded.
VC Viewpoint change.
SV Scale variation.
BC Background clutter.
MB Motion Blur.
ARC The ratio of bounding box aspect ratio is outside the range [0.5,2].
LR Low resolution.
FM The motion of the target is larger than the size of its bounding box.
AS Influence of adversarial samples.
TC Two targets with similar intensity cross each other.

MS Video contain both color and thermal images.
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The experiment results show that our proposed MFA vision-language tracker obtains
11 of the best results and 3 of the third-best results when compared with those of other
vision-language models. In practical scenarios, such as rotation, aspect ratio change, motion
blur, illumination variation, fast motion, and out of view, our method obtains favorable results
compared to the state-of-the-art RGB-based tracker PrDiMP and transformer-based trackers;
it also outperforms existing vision-language trackers; though, in some cases, the results are
sub-optimal, such as in the background clutter scenario. Although we pay attention to the
grid-wise cross-correlation of the template region and the fusion search feature map, the
distinction between the foreground and the background is not good enough. There are also
some practical scenarios in which our tracker performs poorly, such as in the modality switch,
low resolution, and thermal crossover scenarios, since the target cannot be distinguished using
the natural language description in the low-resolution frame or the thermal image. In
the modality switch and thermal crossover sequences, when the light changes from visible
to thermal, the color description of the target immediately becomes infeasible. All the
experimental results on the attribute subsets show the advantages and disadvantages of
our method. The failure cases inspire us to focus on improving the tracker’s generalization
in future work.

4.4.2. Component-Wise Ablation Analysis

We conduct series ablation experiments to illustrate each component’s contribution in
our proposed tracker. Table 4 shows the results of the ablation study. Figure 9 shows an
activation map of the fusion process.

Table 4. Ablation experiments results on the LaSOT test dataset. v" denotes the component is
performed in the model.

Index FBP Co-Att BBox AUC P
@) v v - 0.519 0.517
® - v v 0.483 0.506
® v - v 0.415 0.428
® v v v 0.553 0.556

Note the comparison between (D) and (®. The tracker is initialized only by natural
language without BBox. The last column in Figure 9 shows that greater weights are put
on the target and vicinity area in the fused feature. The surrounding salient regions
distinguish the target from the background, acting as target spatial information during
the cross-correlation with the template region. Fusion feature maps are used as the search
regions, and the second row in Table 4 shows that the tracker obtained a success score of
0.519 and a precision score of 0.517. When natural language annotation does not uniquely
describe the target, leading the model to drift away, the tracking performance drops slightly.

Note the comparison between @) and (. In our proposed multimodal feature align-
ment module, factorized bilinear pooling has been operated twice. Here, we replaced the
second FBP between the language attentional feature and the visual attentional feature
by simply concatenating them. The third column in Figure 9 shows the feature activation
map. Compared with the fourth column, the target and the vicinity area have drifted away,
illustrating the fact that factorized bilinear pooling was only once followed by concatena-
tion with the linguistic attentional feature easily leading to an ambiguous target region.
The activation map in the first row, fourth column, shows that the concatenation gives
larger attention to the “person” rather than the “skateboard”. The results in Table 4 show
that the tracker obtains a success score of only 0.483 and a precision score of only 0.506.
Without expansion and squeezing of the visual attentional feature and the visual attentional
feature, the learned feature representation has been weakened, resulting in poor tracking
performance.
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NL description:“skateboard ridden visual att. visual att. @ linguistic att. fused feature
by person on road”

4

NL description:“skateboard moving visual att. visual att. @ linguistic att. fused feature
on the road under a man in red pants”
: 47

NL description:“tiger walking on visual att. visual att. @ linguistic att. fused feature
the grass”

Figure 9. Visualization for component contribution; “visual att.” denotes visual attentional feature
map; “visual att. + linguistic att.” denotes simple concatanation; “fused feature” denotes visual
attentional feature merged with linguistic attentional feature with factorized bilinear pooling.

Note the comparison between 3 and (@. The language weights map is used to gener-
ate the visual attentional feature as usual. Differently to the MFA, the visual attentional
features are then merged with the original linguistic features by second factorized bilinear
pooling. Table 4 shows that the fusion effect is weakened without the co-attention mod-
ule. The activation map in the second column in Figure 9 shows the visual grid attention
weights distribution, and in the forth column, it shows the activation region in the fused
feature. The ablation results show that our co-attention module enhances the weights of
the semantically similar patches from the visual and linguistic representations, reflecting
the benefits of the linguistic attention features for tracking purposes.

4.4.3. Limitations

Although our proposed MFA tracker achieves quite competitive succession scores
and meets real-time requirements, it is still not the absolute best-performing among the
state-of-the-art RGB-based trackers and vision-language trackers. One possible reason for
this performance difference is that natural language descriptions may not fully characterize
the target in some video sequences. For example, sequences like airplane-6 and airplane-10
are annotated with the same sentence, i.e., “airplane flying in the air”; meanwhile, airplane-2
and “airplane-16" are annotated with the same sentence, i.e., “brown airplane flying in the
air”. Similarly, airplane-5 is annotated as “airplane flying among other airplanes”. These
descriptions do not provide sufficient specific information to distinguish similar targets.
Another underlying reason is that long-term video sequences, typically consisting of more
than 2000 frames per sequence, are annotated with a single sentence from the first frame to
the last frame. As the target undergoes motion throughout the sequence, it cannot always
be precisely described by the initial annotation.

5. Conclusions

We present a novel multimodal features alignment (MFA) approach for vision-language
object tracking. Unlike prior attempts, we adopt factorized bilinear pooling and an attention
mechanism to align visual features and linguistic features by constraining them based on
semantic similarities. The weighted fusion feature map takes cross-correlation with the
template region in grid-wise level, avoiding ambiguity from anchor boxes. Experiments on
public datasets demonstrate that our Siamese MFA tracker achieves competitive results
compared with other state-of-the-art vision-language trackers using standard evaluation
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metrics. When appearance dramatically changes—i.e., through rotation, aspect ratio change,
and fast motion scenarios or there is a complex context, i.e., in illumination variation or out of
view scenarios—our proposed tracker attains a satisfactory performance even compared
with other state-of-the-art RGB trackers. The outstanding performance shows that our
multimodal feature alignment is effective in vision-language tracking. Over all, we expect
that our method will be useful in enhancing the performance of vision-language fusion
trackers. In future works, we will focus on the particular information of visual features
and linguistic features, especially for the modeling relationship of inter-modality and
inner-modality.
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