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Abstract

Al City Challenge 2021 Task 5: The Natural Language-
Based Vehicle Tracking is a Natural Language-based Ve-
hicle Retrieval task, which requires retrieving a single-
camera track using a set of three natural language descrip-
tions of the specific targets. In this paper, we present our
methods to tackle the difficulties of the provided task. Ex-
periments with our approaches on the competitive dataset
from AICity Challenge 2021 show that our techniques
achieve Mean Reciprocal Rank score of 0.1701 on the pub-
lic test dataset and 0.1571 on the private test dataset.

1. Introduction

Natural Language Processing plays a pivotal role within
the linguistics field and their applications are widely used
in specific tasks. However, the information in real world
scenarios often comes in complex modalities. Data type
containing visual perception, such as images, can be asso-
ciated with text explanation or description. Simultaneously,
texts can supplement images to encode richer semantic fea-
tures. By enhancing image representation with text super-
vision, computer systems can achieve better comprehension
at multiple domain data.

CityFlow-NL [11], a Natural Language-based Vehicle
Retrieval task, provides multi camera tracking views of
various vehicles with Natural Language (NL) query in se-
quence. These information is retrieved in a series of bound-
ing boxes on each camera view of the object. This dataset
opens up different research possibilities in applying multi-
modal learning to perform the collaborative representation
of multiple modalities. With this dataset, authors propose
two foundation tasks: the Vehicle Retrieval by NL task and
Vehicle Tracking by NL task with the purpose of providing
future studies on the multi-camera multi-target tracking by
NL description. In this paper, we concentrate on resolving

the Vehicle Retrieval task presented in Al City Challenge
2021

The dataset for this track is constructed upon the
CityFlow Benchmark[29] by annotating vehicles with de-
scriptions. This dataset contains over 2,000 tracks of vehi-
cles with three unique NL descriptions under each. In par-
ticular, 530 unique vehicle tracks together with 530 query
sets each with three descriptions are selected for this chal-
lenge.

The main contributions of our paper are stated as fol-
lows:

e We propose a unified model with Bi-directional In-
foNCE Loss [13] to learn the vehicle and textual rep-
resentations for the text-vehicle retrieval task.

e Qur data processing techniques are efficient and
straightforward to enhance the matching of text queries
and vehicles.

e We utilize CLIP [24], a multi-modal pre-trained
model, to obtain better semantic representations of
both images and texts.

* This paper also make inquires about Hard Negative
Mining for text and images. Despite their ineffective-
ness in this task, further investigation for causes and
lessons will take place.

The rest of the paper is organized as follows. Section
2 review related work briefly. We present baseline of our
work in section 3. Experimental results of this Track are
reported and discussed in Section 4. Final conclusion are
summarized in the last section.

Uhttps://www.aicitychallenge.org/



Figure 1. Vehicle movement is indicated by a green line

2. Related work
2.1. Metric learning

Metric learning aims to learn a function that reduces
the distance between similar samples while pushes uncor-
related samples away. There has been numerous of losses
for Metric learning that maximize distance to the nega-
tive sample while minimize distance to the positive one.
One of the most effective losses is Contrastive Loss [5, 12]
which calculates similarity of pairwise samples. Triplet
Loss [3, 6, 32], on the other hand, constructs a triplet includ-
ing a query, a positive and a negative examples. InfoNCE
Loss [30] is a type of Contrastive Loss in which similarity
is calculated on one positive example and k negative ex-
amples, allowing it to estimate mutual information between
examples.

2.2. Vision-Language multimodal

Video-Text multimodal. With emerging sources of
videos with both machine generated and human annotated
scripts, multi-modal is gaining much attention for represen-
tation learning. [9] proposes a dual networks for video re-
trieval by text. This encodes video and text into two sep-
arated latent and concept space, enhancing representation
quality and interpretability. [27] utilizes BERT-like archi-
tecture to learn cross-modal context, achieving remarkable
results on video captioning. [18] sparsely samples frames
from the video and fuses their representations with text em-
bedding using Transformers.

Image-Text multimodal. Image-Text multimodal mod-
eling is a crucial component in many tasks such as visual
question answering [16, 2, 38], visual dialog [33, 22] and
text-image retrieval [23, 36]. Recent literature for represen-
tation learning relies on Transformers [28, 19, 4, 17]. In
[28], three different encoders are combined to connect vi-
sual and language information then trained on five tasks,

leading to state-of-the-art results. Instead of random mask-
ing, [4] utilizes conditional masking on four pre-training
tasks. This helps the model to quickly adapt to a new down-
stream task. In this work, we solve video-text retrieval
problem by image-text multimodal modeling with a simgle
frame.

2.3. Contrastive Language Image Pretraining

CLIP (Contrastive Language Image Pretraining) [24] is
a new multimodal network of OpenAl trained on various
(image, text) pairs. The model is rated for performance on
more than 30 different existing computer vision datasets,
spanning tasks for instance OCR, action recognition in
videos, geo-localization, and many types of fine-grained ob-
ject classification. CLIP jointly trains an image encoder and
a text encoder to predict the correct pairings of a batch of
(image, text) training. The text encoder is a modified Trans-
former [3 1] architecture with the 63M-parameter, 12-layer
512-wide model and 8 attention heads beside the image en-
coder use Visual Transformer [34].

3. Methodology
3.1. Dataset and Data Preprocessing

The data for this challenge is from many traffic cameras,
which are synchronized in time from a city in the United
States as well as from the state highway in lowa. The orga-
nizer’s original dataset for this task includes 2,498 tracks of
vehicles with three unique NL descriptions each for train-
ing. Each annotation describes medium vehicle type and
color, motions like turns, and relationships to other vehicles
in the scene. The test data comprises 530 unique vehicle
tracks and 530 query sets, each annotated with three NL de-
scriptions. The vehicle information in each track contains
image frames and the vehicle’s bounding box in each frame.

Investigating the CityFlow-NL Dataset thoroughly, we
endeavour to apply several data processing techniques. All
images are resized to a pre-fixed size and normalized. We
separated the main object, which is an individual car, by
cropping it out of the last original image in the sequence of
frames. Cropped images are more concentrated on major
subjects, which are better for learning the object represen-
tation. Separated original images are treated as background
images. Background images are preferable for learning the
whole context.

To learn the vehicle’s directional movement, we utilize
its bounding boxes’ top-left coordinates (referred to as a
box point), in each frame ¢, as its location information of
each time step ¢. We inject this sequential information to the
background image by continuously draw lines connecting
these box points. As shown in Figure 1, the green line rep-
resents the direction of the vehicle’s movement. This aim of
learning the vehicle’s movement implicitly has a drawback.
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Figure 2. The architecture of our base model. In visual branch, we extract background image feature for global context and cropped object
image feature for subject understanding. Since only a single frame is used, movement of the vehicle is learned from a sequence of its
bounding boxes. Features of the visual branch are combined with text embeddings for further metric learning.

As it is unable to capture multi-stage movement such as an
object stops then turns right and vice versa (e.g., “A gray
sedan stops at the intersection for a while and turns right
along the street.” ). Hence, to learn the object’s motion di-
rectly, we use a Bi-directional Long Short Term Memory
network[15] to extract this information from a sequence of
box points coordinates.

3.2. Contrastive Learning with Deep Multi-input
model

3.2.1 Data Sampling

At training time, for each text description in each track,
we extract vehicle information (each contains background,
cropped images and a sequence of box points) in the same
track to form a positive vehicle-text pair. We denote the
track containing the positive pair as anchor track, while its
text description, vehicle are anchor text, anchor vehicle, re-
spectively. One thing notice here is that the background
image of vehicle information is randomly selected from the
track’s frames. We randomly sample k negative texts for the
anchor vehicle, and the vehicle described by those texts are
chosen as negatives for the anchor text.

At inference time, we use the last frame of the track as
the background image.

3.2.2 Model

Each input example contains 2k 4 1 (vehicle, text descrip-
tion) pairs. While one is positive, the others are image-to-
text and text-to-image negative pairs. We denote the track
containing the positive pair as anchor track, while its text
description, vehicle are anchor text, anchor vehicle, respec-
tively. Background, cropped images, and the sequence of
the object’s bounding boxes are referred to as vehicle infor-
mation.

Figure 2 demonstrates our baseline model. Both back-
ground and vehicle cropped images are encoded by a share-
weights Convolution Neural Network backbone [1], pre-
trained on Image Net dataset [7], to extract visual repre-
sentations of the vehicle and its context.

Additionally, the vehicle’s movement, represented by its
sequence of box points, is not only explicitly learned by a
BiLSTM but also implicitly extracted from the background
image representation. Finally, we combine background and
cropped images and sequential positional representations by
concatenation. This unified embedding is linearly projected
onto a lower-dimensional space to obtain the final vehicle
representation.

On the other hand, the text description embedding is en-
coded by a pre-trained contextual language representation
(we use BERT [&], pre-trained on the general domain, for
our baseline). The < CLS > token embedding of the
BERT backbone’s layer is linearly transformed to attain the
final text representation.



To utilize the adaptability of pre-trained CLIP model,
we replace the pre-trained models in backbone by CLIP
model’s vision and text encoders. The comparison of us-
ing these pre-trained models is discussed in the Experiment
Section.

3.2.3 Bi-directional InfoNCE and Marginal Triplet
Loss

To learn the representation of vehicles and textual descrip-
tions, we minimize two loss functions: text-to-vehicle and
vehicle-to-text InfoNCE loss, as we refer to as bi-directional
InFoNCE loss for short [37]. The effectiveness of using
bidirectional instead of only either uni-directional loss for
this task is discussed in the Experiments section.

* (v;, 8;): positive vehicle
¢ v;: anchor vehicle

¢ S;: anchor text

* Vpss: negative vehicles
e M: mini-batch size

e X\: the importance coefficient which weights uni-
directional lossé
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Besides, we also utilize the Marginal Triplet Loss, both
bi-directional and uni-directional, to compare with the In-
foNCE loss.

Marginal Triplet loss (MTL):

l(a,p,n)

Where: d(z,y) = ||z — yl|?
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3.2.4 Hard Negative Mining for image and text

For hard negative vehicle mining, we notice that the same
video camera tracks multiple vehicles. Therefore, for an-
chor text in track, we use vehicle information of other tracks
in the same video camera as negative examples to pair with
the anchor text, because they track different objects while
sharing the similar backgrounds. We suspect that with very
different backgrounds (easy negative examples), the text
query easily matches the right vehicle, resulting in small-
to-zero loss and gradients. In contrast, similar backgrounds
tracking different objects creates false positive examples,
forcing the model to learn harder to detect true positive
pairs.

To sample hard negative examples for texts, we use
SBERT [25], a pre-trained multi-lingual sentence embed-
ding model, to extract text descriptions’ representations and
measure their pair-wise cosine similarities. The idea is that
texts which are similar to the anchor track’s descriptions,
while describing different vehicle types and movements, are
sampled to pair with the anchor vehicle as negative pairs.
However, there are exist texts describing different objects
which have the same type and semantic context. For exam-
ple, two texts : “A red sedan is turning right” and “A red
sedan turns right” describes two different red sedans, which
happen to both turning right. Hence, relying on the raw
similarity scores leads to false-negative examples.

We propose a simple solution to set any “too-high” sim-
ilarity score (i.e., greater than a threshold) to zero. We de-
cided to inject randomness into the process of hard text min-
ing by calculating the similarity score of text-tracks pairs,
then collecting m most similar tracks to the text. At each it-
eration, we sample k negative tracks, followed by sampling
one text in each of these track.

To examine the effectiveness of text and vehicle hard
negative mining, we apply them individually and in com-
bination. When mining negative vehicles, the vehicle in-
formation is taken from tracks containing negative back-
grounds. The negative texts are sampled randomly from the
rest of the dataset (i.e., excluding the track containing the
anchor text).



In contrast, when applying hard negative text mining, we
simply gather vehicle information from tracks containing
negative texts. Finally, we extract negative vehicle informa-
tion and text through both mining processes.

3.2.5 Inference

We use the last vehicle frame in the frame sequence to mea-
sure the similarity with the test queries as the average of the
similarities between all pairs of vehicle frame in the track
and Natural language description in the test queries.

3
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4. Experiments and Results
4.1. Experiment Setup
4.1.1 Data preprocessing configuration

The number k of negative examples is 5 in our setting. All
images are resized to have height and width of 224 and 224
respectively and normalized by the statistics of ImageNet
dataset. Box points values are divided by 224 to have values
in [0, 1].

4.1.2 Train and validation dataset split-up

Since frames in tracks can come from the same videos
but tracking different objects, randomly choosing tracks
for validation set would cause data snooping phenomenom.
Therefore we choose tracks from SO1 of the dataset for
model evaluation process and report finished results.

4.1.3 Model and losses hyper-parameters

In our baseline, we use pre-trained ResNet50[14] as back-
ground image encoder. In the sharing weights setup, the
cropped image encoder is the same as background’s. Oth-
erwise, its encoder is pretrained ResNet34[14]. The text
encoder is pre-trained BERT model on general domain. Ex-
perimenting with CLIP model, we use pretrained version
“ViT-B/32”[10].

The embedding dimension of both vehicle information
and text linear projection layers are 256, the hidden size of
BiLSTM layer is 64. The temperature of InfoNCE loss is
set to be 0.07, the importance coefficient of directional loss
is 0.3, the margin of Marginal Triplet Loss is 0.5. In exper-
iments with Marginal Triplet Loss, we perform Ly normal-
ization on each vehicle and text embedding.

4.1.4 Training hyper-parameters

We use AdamW[20] as our optimizer with learning rate of
10~°. Each experiment is trained with 10 epochs. We train
our model with mixed precision in all settings.

Due to limited computational resources power, we
choose Google Colab” GPU for training. Since the max-
imum GPU memory of Colab is 16GB are available for
batch size of 16.

4.2. Evaluation Metrics

To evaluate the system, we mainly use Mean Recipro-
cal Rank (MRR) with additional Recall@5 and Recall@ 10.
They are standard metrics for information retrieval, which
has been introduced in [21]. Given a set of queries @), MRR
is calculated as:

1 el
MRR=— % ——
Q| ; rank;

where rank; is the highest-relevant answer of the i-th query.

4.3. Results

Table 1 demonstrates the effectiveness of utilizing the
CLIP pre-trained model as our backbone. The significant
gap in using pre-trained ResNet50 and BERT model as im-
age and text extractors instead of the CLIP encoders sheds
light on the better adaptability to task-specific domains of
the multi-modal pre-trained model.

Table 1. The effectiveness of using pretrained CLIP model
| | MRR | Recall 5 | Recall 10 |

Using pretrained

CLIP model 0.1778 |  0.2604 0.4349

| Baseline | 0.0910 | 0.1081 | 0.2039 |

Table 2 indicates the results of applying hard negative
mining techniques. Applying HNVM and HNTM individ-
ually or in combination significantly decreases the model’s
performance by 0.0472, 0.0314, 0.0831 respectively. We
suspect that, for HNTM, too hard negative examples cause
difficulties in the early stage of training. On the other hand,
for HNVM, since the negative background is similar to the
positive one, the model can simply ignore the background
information and focus on the cropped image and the bound-
ing boxes information.

Table 5 demonstrates the effectiveness of using bi-
directional InfoNCE loss instead of unidirectional one. Us-
ing only vehicle-to-text and text-to-vehicle InfoNCE loss
worsens the model’s performance by 0.1778 and 0.1138
MRR score respectively.

Zhttps://colab.research.google.com/



Table 2. Results of applying Hard Negative Mining

MRR | Recall 5 | Recall 10 ‘
Nohard negative | o 1276 | 02604 | 0.4349
mining
Hard negative | ) 6947 | 01220 | 0.2085
text mining
Hard negative 0.1306 | 0.1990 |  0.3243
vehicle mining
Hard negative
text and negative | 0.1464 0.2088 0.3735
mining

Table 3. Comparison of bidirectional InfoNCE and Marginal
Triplet Loss

| | MRR | Recall 5 | Recall 10 |

Bidirectional

InfoNCE 0.1778 0.2604 0.4349
Bidirectional
Marginal 0.1138 0.1499 0.2801
Triplet Loss

Table 3 indicates a significant gap when optimizing bi-
directional InfoNCE loss instead of bi-directional marginal
triplet loss. We suspect that this poor performance of using
triplet loss is due to its optimization difficulties [35] as an
inefficient negative sampling method causes the model to
learn slowly.

Table 4. Comparison of share-weight and no share-weight visual
models

| | MRR | Recall 5 | Recall 10 |
| Share-weight | 0.1778 | 0.2604 |  0.4349 |
| No share-weight | 0.1303 | 0.1916 |  0.3194 |

In our experiments, we also tried learning representa-
tions of background and cropped images using two same-
version CLIP model image encoders instead of sharing
weights. This is inspired by our attempt to learn different
information about background image (i.e., the context sur-
rounding the vehicle) and cropped image (i.e., the vehicle
properties including color, size and type). However, the re-
sult of this experiment was unfavorable shown in Table 4
and needs further investigation.

As shown in Table 6, we currently rank 4th on the private
test published by the organizers.

5. Conclusion

Using contrastive learning, we propose a unified model
to learn the vehicle and textual representations for the text-

Table 5. The effectiveness of bidirectional loss
| MRR | Recall 5 | Recall 10 |

Bidirectional

InfoNCE 0.1778 0.2604 0.4349
Text-to-vehicle

InfoNCE loss 0.1412 | 02064 |  0.3538
l\(/)zl:cle-to-text NCE 0.1596 0.2310 03956

Table 6. The private test result

Rank | Team ID | Team Name Score

1 132 Alibaba-UTS | 0.1869
2 17 TimeLab 0.1613
3 36 SBUK 0.1594
4 20 SNLP 0.1571
5 147 HUST 0.1564
6 13 HCMUS 0.1560
7 53 VCA 0.1548
8 71 aiem2021 0.1364
9 87 Enablers 0.1314
10 6 Modulabs 0.1195

vehicle retrieval task. We competed in AICity Challenge
2021 and received significant results in both public test and
private test.

Future work will focus on determining the effectiveness
of each factor in our baseline. Besides, more investigation
will be made to discover the reasons behind our Hard Nega-
tive Mining process’s ineffectiveness. Additionally, we will
utilize video embedding architecture such as ConvLSTM
[26] and text-video retrieval architectures to enhance the
learning of sequential information in videos.
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