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[bookmark: _Toc145421824]Abstract
With the development of economy and the explosive growth of urban population, urban traffic data is also increasing rapidly. Traffic trajectory and road condition text description are two important forms of traffic data. The mutual retrieval between them is important in urban traffic management, intelligent transportation, etc. The application scenarios in the field are very promising. The multimodal retrieval method based on deep learning has the advantages of high retrieval accuracy, small storage footprint and fast retrieval. According to the survey, the research is still in its infancy and there is a lack of relevant data sets. Due to the lack of research in this field and the lack of relevant traffic multimodal datasets, this paper constructs a multimodal dataset that includes trajectory and navigation text information. Due to the strong timing of multimodal data in urban traffic scenes, the general deep learning network is not capable of mining the spatiotemporal characteristics of trajectories, and most of them are based on global multimodal semantic alignment, so the correlation and similarity of data are difficult. Capture, the feature extraction of time series data based on the recurrent neural network model has problems such as information compression and the inability to solve the long-term dependence of information. To this end, this paper proposes a traffic data retrieval method based on the multimodal attention mechanism. Using the key information capture ability of the attention mechanism, multiple modal data use the attention mechanism to calculate the similarity coefficient, thereby achieving fine-grained multimodal data. Alignment and subsequent data fusion. In addition, the number of multimodal data sets is quite large and complex. Most of the current research is based on supervised methods. It is very time-consuming and costly to provide a clear association label for each pair of data. The comparative Learning utilizes a large amount of unlabeled data and a small number of positive examples, reducing the dependence on labeled data. In a multimodal context, it allows the model to map positively correlated data pairs (e.g., text and trajectories describing the same object) to close locations in a common representation space, while uncorrelated data pairs to distant Location. By comparison with several baselines, my model has achieved good results in all evaluation metrics. In the future, I will make efforts to increase retrieval accuracy and add more modal information.
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[bookmark: _Toc145421826]CHAPTER 1: INTRODUCTION
With the continuous acceleration of urbanization, urban transportation systems are facing increasingly complex challenges. In order to better manage and optimize urban traffic, researchers are increasingly focusing on how to effectively retrieve and analyze urban traffic trajectory data and related textual description information. The urban transportation system, as an important component of urban operation, has a significant impact on the sustainable development of cities and the quality of life of residents. With the popularization of mobile devices and sensing technology, a large amount of urban traffic trajectory data and related textual description information are constantly generated. These data include the location information, movement behavior, traffic congestion situation, and description of unexpected events of traffic participants, providing valuable resources for urban traffic management and analysis. The mutual retrieval of traffic trajectory coordinates and text descriptions refers to the matching and retrieval between these two types of data, in order to obtain more comprehensive and accurate traffic information. In traffic management, mutual retrieval of traffic trajectory and text can be used for traffic flow statistics, traffic accident analysis, and other aspects. For example, traffic flow statistics can record the entry and exit time and travel trajectory of each vehicle through a textual description of a location or an event and perform statistics and analysis; Traffic accident analysis can match the situation of the accident with the trajectory coordinates of the accident vehicle, restore the situation of the accident scene, and assist accident investigators in investigating the case. However, due to the large volume of traffic data, complex data types, and severe noise interference, the mutual retrieval technology of traffic trajectory coordinates and text still faces many challenges and challenges. Therefore, further research and exploration in this field, improving the accuracy and efficiency of mutual retrieval of text and trajectory coordinates, is of great significance for promoting traffic management and smart city construction [1].
In the rapidly growing modern society of multimodal data, it has become more difficult for users to search for the information they want. Most of them are based on single modal retrieval and can only search for data with the same modality, such as text retrieval, image retrieval, and video retrieval. Due to incomplete information, inaccurate semantics, low retrieval efficiency, and inability to meet diverse user needs in single mode retrieval [2]. To address these issues, cross media retrieval technology can fully utilize the information contained in various media types, improve retrieval efficiency and accuracy, and meet diverse user needs. However, most of the existing cross modal retrieval methods involve mutual retrieval between image text modalities and video text modalities. In terms of multimodal retrieval research, most of the research is based on existing image text multimodal datasets. These methods can model images, but they do not effectively extract features of trajectory coordinates and do not involve text and trajectory coordinate modalities. The proposed framework is not suitable for feature learning of trajectory coordinates. There are also some works on learning trajectory embedding, which can only model trajectory coordinates and cannot model textual information. Most importantly, there is no method that can directly achieve cross modal retrieval of trajectory coordinates and text. In addition, most existing multimodal datasets use manual label construction methods, which consume a lot of manpower and resources, and it is also difficult to fully construct complex label information.
Therefore, an unsupervised method that can achieve mutual retrieval of trajectory coordinates and traffic text descriptions is of great significance for the intelligent processing and analysis of current traffic data. This article will study how to use a small amount of annotated data, fuse data from different modalities, construct a cross modal retrieval framework, and explore applications based on technologies such as deep learning, image recognition, and natural language processing. Through the research in this article, we are expected to provide more accurate and comprehensive information support for decision-makers in the field of urban traffic management and planning, thereby achieving a more intelligent and efficient urban transportation system.	
This paper mainly studies the multimodal retrieval method of trajectory text based on contrastive learning. According to the characteristics of trajectory coordinates and traffic text data, a deep normalized cross-modal retrieval method for traffic data search is proposed. The cross-attention mechanism is added to the features, which makes the information between different modalities have a better fusion effect, and provides support for the construction of intelligent transportation cities.
The rest of the paper is structured as follows. I first conduct a systematic literature review in Chapter 2 from three aspects: cross-modal retrieval, contrastive learning, and trajectory embedding. In the third chapter, I define the problem mathematically, introduce the multimodal retrieval method based on the multimodal Transformer, introduce the model construction and contrastive learning loss function definition. In Chapter 4, I introduce the dataset and experimental setup, followed by my experimental design, including baseline and evaluation methods. After that, I analyze the experimental results in Chapter 5 and compare the results with the baseline to verify the effectiveness of the proposed model. In Chapter 6, I give a comprehensive summary of the methods proposed in this paper, and give an outlook on unrealized but feasible methods, hoping to further improve my work. Finally, in the seventh chapter, I talked about my experience and insights during the experiment, and the efforts I made in my work. 
[bookmark: _Toc145421827]CHAPTER 2: LITERATURE REVIEW
Cross-modal retrieval has emerged as a pivotal focus due to the surge in multimodal data in recent years. Essentially, it bridges information from two distinct modalities, striving to uncover the relationships between disparate modal samples. Imagine using text to fetch related images or videos. But a significant challenge lies in gauging content similarity when queries and results span different data schemas, leading to what's called the "heterogeneity gap." The process usually kicks off with feature extraction from multimodal data to capture diverse data patterns. These representations then facilitate cross-modal correlation modeling, shedding light on shared representations across different data schemas. Ultimately, this yields a unified framework for cross-modal retrieval, complete with effective ranking and aggregation of search results.
The research of this paper is mainly on the mutual retrieval between the traffic track and the text, through the research of this paper, the rapid retrieval in the massive traffic data can be realized. For example, by describing the occurrence of traffic accidents on the expressway in words, the relevant trajectory data can be found to retrieve the vehicle involved in the accident and analyze the cause of the accident. However, the diversity and complexity of traffic data has brought us a lot of trouble in constructing multi-modal data sets. Most of the research is based on artificially labeled multi-label supervised learning, but this method is not only time-consuming and laborious but also difficult. To ensure the reliability of the label, this paper proposes a novel unsupervised cross-modal retrieval framework based on contrastive learning and adds a cross-attention mechanism and Transformer to improve retrieval accuracy. So, in this chapter, I will introduce it from three aspects: cross-modal retrieval, contrastive learning, and trajectory embedding.
[bookmark: _Toc145421828]2.1 Cross-modal Retrieval
With the swift proliferation of multimodal data in recent years, the field of cross-modal retrieval has risen to prominence. At its core, cross-modal retrieval seeks to foster a dynamic interaction between two distinct data modalities. Its overarching mission is to discern and explore the intricate relationships among varied modal samples. To put it simply, it's about harnessing one type of data to seek out another with congruent semantics. A practical instance of this would be users deploying textual queries to pull up associated images or videos. However, this isn't a straightforward task. Given that both the queries and their corresponding retrieval outcomes may adhere to divergent schemas, a pressing challenge materializes: determining content congruity across these differing data frameworks, which has been termed the "heterogeneity gap". A pivotal initial step in this endeavor is the feature extraction from multimodal data, which serves as a means to capture and depict a plethora of data patterns. Armed with these multifaceted representations, experts then delve into cross-modal correlation modeling. This process is instrumental in unveiling shared representations that span diverse data schemas. Conclusively, all of this intricate work culminates in a comprehensive framework for cross-modal retrieval, replete with finely-tuned mechanisms for result ranking and robust aggregation strategies.
Cross-modal retrieval stands as a pivotal sub-discipline within the broader scope of multimodal learning. At its essence, the objective of cross-modal retrieval is to excavate and elucidate the connections between distinct modal samples. In simpler terms, it's about leveraging one type of data to retrieve another that bears a semantic resemblance. Diving deeper into methodologies, the landscape can be broadly segmented into two primary categories: (1) Real-valued Representation Learning: Here, the extracted representations from different data modalities are expressed as real-valued entities. The primary aim of this approach is to amplify the semantic relevance across modalities, subsequently enhancing the accuracy of cross-modal retrieval. (2) Binary Representation Learning or Cross-modal Hashing: This technique focuses on the rapidity of cross-modal retrieval. It does so by transmuting data from varying modalities into a unified Hamming space. With the representation streamlined into binary code, several advantages manifest. Firstly, the efficiency of cross-modal image-text retrieval receives a significant boost. Secondly, there's a notable reduction in storage requirements. But it's essential to acknowledge a trade-off here: the transition to binary often results in a marginal loss of information, which in turn can slightly dip the retrieval accuracy [3].
Given our pursuit for retrieval efficiency in this context, the spotlight will be on the cross-modal hashing methodology. This includes an in-depth exploration of both its supervised and unsupervised learning paradigms. These methods are instrumental in shaping the current and future trajectory of cross-modal retrieval, each offering unique benefits and considerations for researchers and practitioners alike.




[image: ]Figure 1. General Architecture for Multimodal Retrieval
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Supervised cross-modal methods primarily leverage the discriminative data available in labels, teaching multiple modality-specific hashing functions. This helps in projecting the varied multimodal data into a singular, unified Hamming space.
A notable contribution in this domain is by Zhang et al. [4], who introduced the Semantic Correlation Maximization (SCM) technique. The ingenuity of SCM lies in its integration of semantic labels directly into the hashing learning mechanism. It employs label vectors to derive semantic similarity matrices, then aims to reconstruct these matrices via the hash codes they've learned. The crux of this method is to correlate semantic knowledge directly with the hashing process, ensuring a richer interplay between the two. On a similar yet distinct trajectory, Wu et al. [5] ventured into a method rooted in the dictionary learning paradigm. They unveiled the Sparse Multimodal Hashing (SM2H) method, designed to acquire sparse code collections for data entities spanning different modalities. The journey of SM2H starts with a hypergraph modeling both intra-modal similarity and inter-modal similarity. Following this, they employ a hypergraph Laplacian sparse coding, facilitating the simultaneous learning of a multimodal dictionary. With this foundation, a sparse code cluster is procured for every data entity. For retrieval, they utilize the sensitive Jaccard metric, ensuring a nuanced understanding of multimodal approximate nearest neighbor relationships. In a parallel vein, Yu et al. [6] brought forth the Discriminative Coupled Dictionary Hashing (DCDH) approach, aiming to encapsulate the latent semantic nuances of multimodal data. DCDH's brilliance shines in its use of a coupling dictionary tailored for each modality. With class information as its aide, the crafted dictionary not only safeguards the inherent similarities and intricate relationships of multimodal data but also encapsulates semantically distinct dictionary elements. In the pursuit of swift cross-media retrieval, DCDH pivots data from the dictionary domain into a more compact Hamming space. Seeking a more intricate understanding of data structures, Lin et al. [7] presented a two-phased supervised hashing method named SePH (Semantic Preserving Hashing), tailor-made for cross-view retrieval. Training-wise, SePH pioneers a transformative approach: it transmutes the semantic similarity inherent in the provided training data into a probabilistic distribution. This is then mirrored in the Hamming space by reducing the KL divergence with the soon-to-be-learned hash code. Through this, SePH aspires to provide a meticulous semantic reflection within the hashing realm. 
The field of hashing has witnessed significant advancements, especially in the realm of cross-modal retrieval. SePH, proposed within a study [8], stands out for its application of kernel logistic regression in conjunction with a sampling strategy to achieve a non-linear projection from feature vectors to hash codes. For previously unobserved data points, SePH innovatively employs a probabilistic mechanism to discern its composite hash code by leveraging the anticipated hash code and its associated output probability across observed views. A stride forward in this domain was made by Cao et al. [9], unveiling the Correlated Autoencoder Hashing (CAH) - a method steeped in ONDEP autoencoders. Distinctively, CAH synergizes the intricate web of feature interconnections seen in bimodal data with semantic affinities expressed in similarity labels. This integration seamlessly transpires via a sophisticated non-linear deep autoencoder. Jiang et al. [10] heralded a holistic approach, Deep Cross-Modal Hashing (DCMH), which amalgamates feature learning and hash code learning under a unified paradigm. DCMH is architected as an end-to-end learning ecosystem, deploying dedicated deep neural networks for each modality, and grounding feature learning from its inception. Fine-grained video-text retrieval is enriched by the Hierarchical Graph Reasoning (HGR) model as proposed by Chen et al. [11]. This model ingeniously deconstructs video-text compatibility into multi-level hierarchies, accentuating nuanced semantics to augment global associations and overarching event architectures to bolster local correspondences. Another noteworthy mention is the Multimodal Robust Learning framework (MRL) from Hu et al. [12]. It's an ensemble designed to navigate multimodal noisy labels, refining noisy instances, and synergizing diverse modalities. Central to this is a robust clustering loss (RC) directive, channeling deep networks' attention predominantly towards pristine samples. Also, a unique Multimodal Contrastive Loss function is innovated, aiming at maximizing mutual information across modalities, thereby neutralizing noisy sample disturbances and modality disparities.
In the continuous saga of innovations, Zheng et al. [13] brought forth the Multimodal Latent Binary Embedding (MLBE). This probabilistic latent factor model homes in on hash function crafting for cross-modal retrievals, leveraging a proxy model to encode multi-dimensional data object similarities. However, the MLBE's learning trajectory often encounters challenges, frequently getting ensnared in local optimization minima, particularly when hash lengths expand [14]. Zhai et al.'s [15] Parametric Local Multimodal Hashing (PLMH) introduces a fresh perspective for cross-view similarity searches. The beauty of PLMH lies in its local adaptability to each modality's data structure. Thus, while individual transformations at every data point might echo linearity locally, the cumulative transformation exhibits non-linearity. Masci et al. [16] ushered in a new era with a multimodal similarity-preserving hash learning blueprint anchored on intertwined Siamese neural network configurations. This blueprint capitalizes on analogous and contrasting pair sets to drive both intra-modal and inter-modal similarity education. Lastly, Cao et al.'s [17] Correlated Hash Network (CHN) emerges as a cross-modal hash hybrid marvel. The architecture is meticulously designed to collaboratively learn optimal image and text representations, while simultaneously managing quantization discrepancies.
[bookmark: _Toc145421830]2.1.2 Unsupervised Cross-Modal Hashing Methods
Unsupervised cross-modal hashing techniques discover the unified binary codes by reducing the correlation of cross-modal pairings that are less expensive than data annotation, like image-text pairs. Consequently, both academic and corporate researchers have given unsupervised cross-modal hashing algorithms a lot of attention. Liu et al. [18] proposed hierarchical cross-modal contrastive matching (HCM). It compares and matches the underlying network and high-level network of the model and maintains a negative sample queue, using more negative examples to obtain better video and text representations. Tian et al. [19] proposed a classic assumption that strong representations are those that model view-invariant factors. They investigate this hypothesis within the framework of multi-view contrastive learning, where they learn a representation that aims to maximize the mutual information between different views of the same scene, but is otherwise compact. And use contrastive loss as a popular alternative that outperforms cross-view based prediction. The multi-view contrastive learning in this paper can also be used for multi-modality [20]. Jing et al. [21] proposed a multi-level representation based cross-modal retrieval model TRAJCROSS. It extracts localization features and shape information respectively for representation of multimodal data, and employs a contrastive learning method to achieve semantic preservation between similar multimodal data. Zhang et al. [22] proposed a VCMR retrieval and localization network (ReLoCLNet) based on contrastive learning. It introduces two contrastive learning objectives to improve video encoders and text encoders to learn video and text representations, respectively. Video Contrastive Learning (VideoCL) is to maximize the mutual information between a query video and candidate videos at the video level. Frame Contrastive Learning (FrameCL) aims to highlight the moment domains corresponding to frame-level queries in videos. In order to make full use of semantic information in cross-modal learning methods, Wang et al. [23] proposed a deep neural network based on regularized cross-modal semantic mapping (RE-DNN). By applying intra-modal regularization, a joint models to capture highly non-linear relationships between different inputs. The model captures both intra-modal and inter-modal relationships at the semantic level, and the learned deep architecture can solve the problem of missing modalities by deactivating part of the network, and has a good ability to deal with unpaired data. In order to reduce the "cognitive gap" between low-level visual features and high-level user concepts, Zhu et al. [24] proposed a multi-sensory fusion network (MSFN) joint model, which regards the same-dimensional CNN visual embedding and LSTM description embedding as human Two senses, combining the visual and descriptive senses from the perspective of human perception. After all images and texts in the test set are mapped to a common semantic space, cross-modal retrieval is transformed into an isomorphic retrieval problem evaluated with traditional similarity measures, and the method exploits the rich semantics across modalities by minimizing the category loss function Correlation. Li [25] introduced Polysemous Instance Embedding Networks (PIE Nets) to extract K embeddings for each instance by combining the global and local information of the input, while using a local Transformer module to focus on different parts of the input instance to obtain local guidance feature representation, and use residual learning to combine local and global representations to improve the discriminative feature. OpenAI proposed the CLIP model [26], which uses comparative learning to convert image classification into image-text matching tasks. The text encoder uses Transformer, and the image encoder uses two models, ResNet and Vision Transformer (ViT), so that N matching image-text pairs The similarity is the largest, and the unmatched image-text pair has the smallest similarity, and the text is used for weakly supervised image classification. On this basis, Yang et al. [27] proposed ChineseCLIP, which proposes a 2-stage method. In the first stage, the image encoder is fixed to the column, and then only the text encoder is trained. In the second stage, the image and text encoding the encoders are jointly optimized, and the outputs of the image and vision encoders are optimized using a contrastive learning loss.
Utilizing real-valued features for searches, especially in expansive datasets, can be highly time-intensive. An efficient alternative that has garnered attention is binary representation learning, colloquially termed as hashing. The spectrum of existing hashing methodologies can be categorized into single-modal hashing, multi-view hashing, and cross-modal hashing.
For unimodal data, certain pioneering hashing approaches have come to the forefront, such as spectral hashing (SH), self-taught hashing, and iterative quantized hashing (ITQ) to name a few. Diving into the multifaceted realm of multimodal hash function learning, Zhen et al. [28] introduced what they termed "co-regularized hashing" (CRH). This approach is sculpted on an advanced co-regularization framework, showcasing a new dimension in the hashing landscape. In a parallel development, Hu et al. [29] ventured into a multi-view hashing algorithm specially tailored for cross-modal retrieval, christened as iterative multi-view hashing (IMVH). The cornerstone of IMVH is its capacity to formulate distinctive hash functions that map multi-view data into a unified Hamming space. This methodology not only safeguards intra-view resemblances but also elegantly weaves inter-view correlations into its encoding design. The overarching aim is to converge similarities while actively distancing disparities. A fundamental assumption with most cross-modal hashing approaches is the anchoring of hashed data within a mutual Hamming space. But this postulation can sometimes fall short, particularly when navigating entirely distinct schemas. Acknowledging this challenge, Chen et al. [30] conceptualized the relation-aware heterogeneous hashing (RaHH). This groundbreaking framework is versatile, enabling the creation of hash codes for data entities spanning multiple diverse domains. Expanding on similar thematic threads, Wei et al. [31] put forth the heterogeneous translation hashing (HTH) technique. HTH functions on a tri-pronged level – it learns hash functions, concurrently embeds varied media into distinct Hamming realms, and orchestrates these realms with a translator for alignment.
Furthermore, Wu et al. [32] spotlighted a novel cross-modal hashing technique termed Quantization Correlated Hashing (QCH). QCH is distinctive in its holistic approach. Rather than singularly focusing on quantizer optimization or maximizing domain correlation, it harmoniously integrates both. This methodology capitalizes on domain relationships that depict identical objects, maximizing the correlation between the constructed domain hash codes.
[bookmark: _Toc145421831]2.2 Contrastive Learning
Because it may save money by not having to annotate huge datasets, self-supervised learning is becoming increasingly popular. It may apply the learnt representations to several downstream tasks while using personalized pseudo labels as supervision. In particular, contrastive learning has lately grown to play a significant role in self-supervised learning approaches in computer vision, natural language processing (NLP), and other areas. It attempts to push embeddings from various samples away while attempting to embed improved copies of the same sample closer to one another. Using many modal sources of information that have the same semantics is the challenge at hand in this essay. 	
In order to produce high-quality representations, comparative learning techniques rely on the quantity of negative examples. It may be compared to a dictionary lookup job where sometimes the dictionary is the complete training set and the remainder is a subset of the dataset. Based on the strategy of gathering negative samples for positive data points during training, one intriguing way for categorizing various methods is shown. End-to-end learning is the first architecture, which employs gradient-based learning and is made to make all modules distinct. This design tends to amass a lot of additional negative samples. Except for the original data and its upgraded version, all other photos in the batch are regarded as negative in the image job. Key encoder (K) and query encoder (Q) are the two encoders used by the pipeline. During training, these two encoders can go through end-to-end updates using separate encoders. In order to create several representations of the same data, these encoders are trained individually. Positive samples become closer to the original sample via comparative loss, while negative samples become farther from the original sample. The key encoder K is trained on the batch's negative samples and improved versions of the original samples while the query encoder Q is trained on the original samples. By applying similarity measures, the characteristics q and k produced by these encoders are utilized to determine how similar different inputs are. A successful end-to-end model was recently proposed in SimCLR [33], which trained 100 epochs using a batch size of 4096. Most frequently, the similarity measure used is "cosine similarity," which is equivalent to cosine similarity by normalizing vectors using point product similarity (fast computation).  The second architecture is to maintain a memory bank with the aim of accumulating feature representations from a large number of samples, which can be used as negative samples during training.In order to do this, a dictionary was made to hold sample embeddings and to keep track of the most recent embeddings. The sampled key effectively refers to the encoder of several distinct steps throughout the course of the prior period since the representation of the sample in the memory library is changed the last time it is encountered. One of the most recent effective techniques for learning accurate visual representations of pictures learned using memory banks is PIRL [34] (Self supervised learning of pre text variation). Another well-known study that makes use of memory banks in comparative contexts was put out by Wu et al. [35] For big data applications, they designed a non-parametric version of the softmax classifier. Maintaining the memory bank throughout training, however, might be challenging. The fact that changing the representation in the memory library may be computationally costly since it soon gets out of date after numerous runs is one of the method's possible downsides. The memory library has been replaced by a different module called the Momentum encoder to solve the memory library problem mentioned  above. As the encoding key queue, the momentum encoder creates a dictionary with the newest small batch entering and the oldest small batch leaving. Throughout training, a collection of data samples processed in batches are used to create the dictionary key in real-time. The settings of encoder Q and the momentum encoder are identical. It does not propagate backwards after each pass, but rather according to the equation  to update the parameters of the query encoder. The value range of the momentum coefficient, m, in the equation above is from 0 to 1. Backpropagation only updates the parameter theta q. Theta k evolves more smoothly than theta q due to momentum updates. As a consequence, the discrepancies between these encoders may be minimized even when the keys in the queue are encoded by various encoders (in various tiny batches). The benefit of employing this design over the first two is that it eliminates the need to train two different models. Maintaining memory libraries with poor computational and memory efficiency is also unnecessary. 
[bookmark: _Toc145421832]2.3 Trajectory Representation Learning
The increasingly prominent issues of traffic congestion, traffic accidents, and urban planning have made learning traffic trajectory representation a highly focused field. The rise of deep learning technology provides new possibilities for solving complex patterns in traffic trajectory data. Traffic trajectory data includes GPS data, taxi trajectory, etc., which records the location and movement information of traffic participants. These data have characteristics such as high dimensionality, irregularity, and rich noise, so a powerful model is needed to extract meaningful information. In the study of traffic trajectory representation, various deep learning models have been widely applied. Recurrent neural networks (RNNs) are suitable for sequential data and can capture temporal relationships in traffic trajectories. Convolutional neural networks (CNN) perform well in processing spatial information and are suitable for visualized traffic data. Graph neural network (GNN) performs well in handling node relationships in traffic network data. Deep learning models play a crucial role in feature extraction and representation learning in traffic trajectory data. By learning abstract feature representations, the model can better capture patterns and changes in traffic flow, thus providing a better foundation for subsequent tasks such as prediction and classification [36].
The taxi trajectory data utilized in this study is now being investigated extensively and is mostly employed for trajectory prediction. Due to the significant degree of unpredictability in taxi passenger boarding and alighting scenarios, predicting taxi trajectory is more difficult. The majority of research used mathematical models to estimate cab trajectory in the early phases. The Autoregressive Integrated Moving Average model (ARIMA) based on time series that Moreira [37] introduced and its variations have been successfully used to forecast trajectory. The basic foundation of this approach's statistical theoretical model is the temporal link between traffic trajectory sequences. The ARIMA model, which combines regression analysis for prediction, is not enough to explain the relationship between nonlinear variables and dynamic changes since it is a linear relationship model. For anticipating the goal position of drivers while they are driving, Krumm et al. [38] developed early destination prediction methods based on probability theory and suggested a Bayesian model-based strategy. The goal position is represented by the unified grid, and the predicted probability is calculated using Bayesian inference based on the previous trajectory. This study's fundamental presumption is that drivers use efficient routes to get where they're going. Following this, Markov chain models were extensively used in destination prediction issues, and the majority of currently available solutions were built using different Markov chain models [39]. As the state of the Markov chain, grids or segments are commonly used to rasterize a specific area or split a road into segments. Based on the most recent location and user history trajectory data, Alvarez Garcia et al. [40] created a Markov chain model. This model predicts the destination depending on the user while taking into consideration each user's trajectory characteristics. If historical trajectories are preserved, Yu et al.'s  suggested data structure that serves as a quick backbone network for arbitrary order Markov models may be employed for straightforward trajectory prediction algorithms. The drawback of these approaches is that they overlook the spatial correlation of trajectory data and instead concentrate on its temporal properties. Following this, deep learning techniques were widely applied in the development of taxi trajectory feature representations due to the enormous success of deep learning in natural language processing, which helped data-driven prediction gain traction in society. Recursive neural networks are used to solve problems relating to vehicle trajectory. Using an LSTM network, Altch E et al [41].  collect data on the cars and a certain number of nearby vehicles, and then output a sequence of future vehicle locations. In order to forecast the destination of vehicle trajectories based on the most recent partial trajectory and contextual data, Ebe et al. [42] employed RNN. To simulate the spatiotemporal interaction between road agents and their surrounding cars and forecast their future trajectories, Abiden et al. [43] developed an encoder decoder model architecture with attention mechanism based on taxi driver behavior. 
Li proposed a deep learning based method for traffic prediction and congestion detection in urban transportation networks. They used a recurrent neural network (RNN) model to learn the spatiotemporal patterns of traffic flow and successfully predicted future traffic flow conditions [44]. At the same time, they proposed a method based on Convolutional Neural Networks (CNN) to detect traffic congestion, which helps optimize urban traffic. Yao introduced how to use Graph Neural Networks (GNN) to learn the representation of spatiotemporal traffic data. They constructed a traffic network diagram, where nodes represent intersections or road segments, and edges represent traffic connections. Through the GNN model, they were able to capture the spatiotemporal relationships in the transportation network and achieve more accurate traffic flow prediction. Gupta's paper introduces the method of using generative adversarial networks (GANs) to generate driving trajectory data [45]. Their model can learn trajectory patterns from real trajectory data and generate new trajectory data, which helps to increase the diversity of training data and improve the performance of trajectory prediction models. An unsupervised traffic anomaly detection method has been proposed for monitoring urban traffic conditions [47]. They use deep learning models to model normal traffic patterns, and then identify traffic anomalies by detecting trajectories that do not match the model, thereby helping to detect traffic accidents or other abnormal situations early. Explored how to use deep learning methods to infer the multimodal travel modes of traffic participants (such as walking, cycling, driving, etc.). They use convolutional neural networks (CNN) to extract features from trajectory data and then use classifiers to infer travel patterns. This is of great significance for transportation planning and travel behavior analysis. 
In comparison to multimodal prediction models like CNN and RNN, Transformer-based trajectory representation learning has demonstrated greater accuracy and diversity in recent experiments. Existing models based on conventional deep learning, such as CNN and RNN, are unable to simulate lengthy time series at the time dimension level, which might cause the issue of time information loss. Based on Transformer [48], locations via time encoding may be used to preserve data about lengthy history trajectories. Through attention processes, the Transformer model can simulate the connections between people, cars, and their environments at the social dimension level. By allocating weights, it may choose the interaction that has the most impact. Based on this, multi-agent interaction contexts may be added to the Transformer. In order to perform multimodal trajectory prediction, Liu et al [49]. introduced the mmTransformer framework, which tops the Argverse benchmark ranking. The system combines historical trajectories, road data, and interaction data using three separate layered Transformer models. There are two main components that make up mmTransformer's overall structure. The initial section does not take into account interactive information and solely employs motion extractors and map aggregators to encode vehicle and environmental information independently. The second section simulates the dependencies between cars by aggregating nearby information using social builders. The entire procedure proceeds in a rational manner; specifically, social interactions are built in accordance with each vehicle characteristic. Additionally, this approach suggests a region-based training technique (RTS) [50]. To ensure the diversity of the generated projected trajectories, the proposed pathways are initialized, separated into geographical groups, and the path regression loss and classification loss are computed by path allocation. In comparison to multimodal prediction models like CNN and RNN, multimodal trajectory prediction based on Transformer has recently demonstrated more accuracy and variety. Researchers frequently include external elements while neglecting the speed, turning situation, and other characteristics and semantic aspects that must be computed several times concealed behind the trajectory data of taxis when extracting features from those trajectories. Insufficient feature processing in the trajectory data is an issue that leads to the loss of feature information in the trajectory. In order to properly extract the spatiotemporal aspects of trajectories and increase retrieval accuracy, the research objective of this study is to use deep learning algorithms to extract the most representative feature information of trajectories from the original trajectories [51]. 
[bookmark: _Hlk87277613][bookmark: _Toc145421833]CHAPTER 3: Methodology
[bookmark: _Toc145421834]3.1 Preliminary
Before introducing the cross-modal retrieval architecture proposed in this paper in detail, I now describe the background knowledge in this subsection. First, this paper introduces the problem description and definition of the textual description of taxi traffic trajectories. Then I introduced the self-attention mechanism and Transformer, which are of great significance to modal feature extraction and multi-modal fusion. Finally, I introduce the working process of contrastive learning and the design of contrastive loss. 
Problem description predefined. The multimodal data of traffic scenes has strong temporal characteristics, and the alignment accuracy of multimodal data is an important factor affecting downstream tasks. Therefore, capturing semantic correlation and similarity from multimodal traffic data for multimodal data alignment is the difficulty of this article. In addition, in multimodal scenarios, how to fuse traffic images, trajectory sequences, and text information is also the main problem to be solved in this chapter. After obtaining aligned data feature representations, the learned multimodal features are mapped to the public space using a hash function. A good hash function will map data that originally belonged to the same category to the public space with a small distance between them. The processing of data features and the definition of hash functions are the key considerations of this chapter. Trajectory refers to the sequence of motion generated by a moving object in a certain spatiotemporal scene, represented by a series of points arranged according to the time series. In other words, trajectory data is essentially a sequence of spatial points sorted by timestamp, usually with some descriptive information in addition to basic spatiotemporal information. Trajectory data is usually collected by installing sensors on moving objects, which regularly send information about the object's position, such as AIS devices regularly sending vehicle position information. The traffic multimodal dataset is , and the number of training samples is . The samples in the dataset are composed of pairs of trajectories and descriptive texts, in the specific form of . Among them,  is the trajectory modal data set, representing the i-th trajectory, is the length of trajectory i, in this article, refers to the number of coordinates contained in trajectory , and and are the latitude and longitude of the k-th coordinate of trajectory . 
                                                                                                                         (3-1)
is a set of label statements, a descriptive statement for trajectories, and  is the length of statement . Due to the characteristics of experimental data, the length of all statements in this article is less than 50.
                                                                                                                   (3-2)
The Hamming distance is used to measure the similarity between two equally long strings. In this article, for two equally long binary vectors  and , the Hamming distance  between them can be calculated through XOR operation: 
                                                    (3-3)
By providing the multimodal data  and mentioned above, the goal of the model is to learn two hash functions. Where is the hash function of the traffic text,  is the hash function of the trajectory. These two hash functions should maintain cross modal similarity. Specifically, if the two data are a pair of positive samples or express similar semantics, then their Hamming distance should be small, otherwise, the Hamming distance between them should be large.
Transformer.  In traffic scenarios, the fine-grained alignment of multi-modal data and the capture of local features are achieved, the expected effect of previous RNN and CNN. Although both CNN and RNN have a certain local structure, they can capture local features. However, each position of Transformer can interact with any other position, so it can handle more complex local features and perform local fine-grained multi-modal alignment. The Transformer consists of a multi-head attention module, a residual and layer normalization module, and a feed-forward propagation layer.
Among them, the multi-head attention module consists of several self-attention modules, as shown in Figure 3-1. Among them, , Q, K are the query matrix and key matrix of other modalities, and V is the value matrix of the target modal. Among them, Q, K and V are the input obtained through linear transformation matrices  and  . Expressed as follows:
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Figure 3-1. Structure of self-attention

After obtaining the Q, K and V matrices, they are input into the self-attention module, and the calculation method is as above. Calculate the inner product of Q and K, divide by  for normalization processing, and then softmax processing to obtain the attention weight coefficient, and then multiply it with V to obtain the final output matrix Z.
In Transformer, a multi-head attention module is composed of multiple self-attention modules, as shown in Figure 3-1. At the same time, Q, K and V are input to multiple self-attention modules to obtain information on different aspects of the data, such as long-short distance dependence information. If x self-attention modules are added, then x self-attention output Z1-Zx will be obtained in the end, and then spliced and input to a linear layer to obtain the final output Z. The purpose of linear transformation is to output the dimension of Z Dimensions converted to data matrix X.
The residual connection (skip-connect) and layer normalization (LayerNorm) are calculated as follows:

[bookmark: _Toc145421838]		  (3-7)

Crossmodal Attention. Among many retrieval tasks, multimodal retrieval is undoubtedly the most challenging part because it involves the correlation and fusion of two or more different types of data. Most of the traditional multi-modal retrieval methods are based on manually designed features or use shallow neural network technology for feature extraction. These early methods were characterized by being clear and intuitive, but they quickly ran into challenges. A significant problem is that these methods are prone to information misalignment and semantic differences when processing complex and changeable data, which in turn affects the accuracy of retrieval. But fortunately, technological development does not stop there. Transformer, as a new architecture, provides a new way of thinking for processing sequence data. The Transformer [22] mentioned in the original article is likely to be a model that has had a huge impact in the field of NLP in recent years. It abandons the recursive structure of RNN and replaces it with a parallel processing mechanism, which significantly improves the overall computing efficiency. What’s more worth mentioning is that Transformer’s architecture can effectively capture long-distance dependencies in sequence data, which is particularly important for application scenarios such as traffic scenarios that evolve rapidly and change content significantly. In fact, the complexity of traffic scenes is not only reflected in its rapid evolution, but also in the fact that it contains rich, fine-grained multi-modal data. Semantic alignment and fusion between these data is the key to achieving high-accuracy retrieval. Transformer, with its powerful information capture capabilities, can more deeply understand the semantic information in these data and achieve more accurate multi-modal semantic alignment.
However, the emergence of Transformer is only the beginning of the progress of multi-modal retrieval. Subsequently, scholars combined the cross-modal needs and proposed a cross-modal Attention mechanism. The core of this mechanism is that it is not limited to feature alignment within the same modality, but more importantly, the interaction and integration of features between different modalities. This mechanism has proven its powerful effect in the field of computer vision. At the same time, it also further enhances the application potential of Transformer in the field of multi-modal retrieval. The figure below shows the working principle of this cross-modal Attention. It can be seen that through this mechanism, we can achieve information exchange between different modalities more efficiently and accurately, thereby improving the overall retrieval effect. In general, from traditional artificial feature design to shallow neural networks to today's Transformer and cross-modal attention mechanisms, the field of multi-modal retrieval has experienced technological innovations again and again. These innovations are inseparable from scholars' in-depth understanding of data, scenarios and tasks, as well as their continuous pursuit of technology. In the future, with the further advancement of technology, multi-modal retrieval will undoubtedly achieve more accurate and efficient results, providing strong technical support for various application scenarios.
[image: 图示

描述已自动生成]
Figure 3-2. Calculation process of Crossmodal Attention

	
	Contrastive Loss. Contrastive Learning is an unsupervised learning method that tries to learn that similar samples should have similar representations, while different samples should have different representations. The loss function for contrastive learning aims to ensure that such representations are learned. There are several commonly used contrastive losses, Triplet Margin Loss is is based on triplets: an anchor, a positive sample, and a negative sample. The goal is to ensure that the distance between the anchor and the positive sample is smaller than the distance between the anchor and the negative sample by at least a margin; NT-Xent Loss, this loss is introduced in the SimCLR method. Given a positive pair (positive sample) and multiple negative pairs (negative samples), it computes the similarity between these pairs and normalizes them using Softmax. The temperature parameter (temperature) is used to scale the similarity score;  Margin-based Contrastive Loss, This loss is similar to Triplet Margin Loss, but directly calculates the distance between positive and negative samples. The goal is to ensure that the distance between positive samples is smaller than the distance between negative samples plus a margin; MoCo is a contrastive learning framework whose main idea is to use a momentum encoder to generate negative samples. Although it can be combined with any contrastive loss, it is usually combined with the NT-Xent loss [52]. 
These loss functions are all about making the distance between positive samples as small as possible and the distance between negative samples as large as possible. Contrastive learning has shown impressive results in several fields such as computer vision and natural language processing.
[bookmark: _Toc145421839]3.2 Framework
In this part, I mainly introduce data preprocessing and the overall architecture of the model. Data preprocessing includes trajectory data cleaning and trajectory continuous interpolation to eliminate the negative impact of irregular trajectories, so that it has better spatial characteristics. At the same time, it is necessary to disrupt the data set and try to divide trajectories belonging to different regions into different regions. In the batch, to reduce the negative impact of similar modal semantic features but not belonging to the same positive sample pair, that is, false negative sample pair. The model mainly includes trajectory feature encoder, text feature encoder, and contrastive multimodal hash learning. The overall structure of the framework is shown in Figure 3-3.
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Figure 3-3: Structure of Contrastive Multimodal Hash Model
[bookmark: _Toc145421840]3.2.1 Preprocessing Component
In this section, I mainly introduce the data preprocessing process. Data preprocessing is a key step in deep learning research, which ensures that the model can learn effectively from clean and orderly data. For the trajectory data and related text descriptions of Didi Taxi in Chengdu, we have carried out the following processing in a targeted manner:
The first part is outlier processing. Outliers in trajectory data may be caused by GPS errors, signal loss or bounce, etc. These outliers can affect the accuracy of subsequent analysis and therefore need to be dealt with. Speed is abnormal, the speed is obtained by calculating the distance and time between two consecutive GPS points. For taxis in cities, we can set an upper threshold, such as 120km/h. Points exceeding this velocity are likely to be anomalies and should therefore be rejected. Sudden changes in position. For consecutive GPS points, if the distance between two points suddenly becomes large, and other surrounding points do not have this pattern, then one or both of these points may be an anomaly. We can use the sliding window method to perform distance statistics on the points in the window, and remove those abnormal points that are too far away from other points. For taxi data, the detection of parking spots is critical. This can not only help us analyze the operating mode of taxis, but also serve as the basis for trajectory segmentation. Velocity vs Dwell Time, First, we mark the point with zero velocity as a candidate stopping point. Then, for each candidate point, check the points before and after it, if within 5 minutes (or other suitable time), the speed of these points is zero, then mark the point within this period as the real stop point.
The second part is the trajectory data interpolation process. Since the GPS sampling may not be uniform, or there is no data due to signal problems in some periods, data interpolation is required, as shown in Figure 3-4. There are mainly several methods, linear interpolation: For missing data points, we can use linear interpolation to fill them. Specifically, based on two known data points, through the equation of a straight line, the position of the missing point in the middle is predicted. This method is simple and computationally efficient. Time interval setting: In order to maintain the continuity of the trajectory data, we need to determine an appropriate time interval, such as 10 seconds or 30 seconds. Then, the trajectory data is evenly sampled according to this time interval, ensuring that there are data points in each time period. Velocity and Acceleration Detection: Interpolation can lead to new outliers. For example, the interpolated velocity may exceed the normal value. Therefore, it is necessary to detect the speed and acceleration again to ensure that the interpolated data is still within a reasonable range. 
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Figure 3-4: Missing value of trajectory
Linear interpolation is a classic interpolation method that estimates unknown values between two known points based on the linear relationship between them. Specifically, if there are two known data points P1 and P2, the goal of linear interpolation is to determine the coordinates of any point 0 between these two points through their linear relationship. The core formula is: , among them m is the slope between two points,
For trajectory data, x and y represent longitude and latitude, and each data point is usually accompanied by a timestamp. When GPS data is lost during a certain period of time, linear interpolation methods can be used to estimate the vehicle position during that period. The main steps include determining the interpolation range, first determining the starting and ending points of missing data, and recording P(x, y) and P(x, y). Calculate the slope and determine the slope between two points. Position estimation: Calculate the expected position of each time point using a linear equation based on a predetermined time interval (such as every 10 seconds). Trajectory integration: Integrate these newly calculated points into the original trajectory to ensure their continuity.
Linear interpolation does not require complex mathematical models, and the calculation process is intuitive and efficient. For short-term data loss, linear interpolation can provide reasonable position estimation. However, in scenarios where data is lost for a long time, the accuracy of linear interpolation may be challenged due to vehicle movements such as turning, stopping, or accelerating. Ignoring nonlinear actions, linear interpolation may not provide accurate position estimation for nonlinear actions such as sharp turns, sudden stops, or acceleration of vehicles. In summary, linear interpolation provides a simple and effective method for handling short-term data loss in trajectory data. However, when facing long-term data loss or complex vehicle movements, it may be necessary to consider more advanced interpolation methods or combine other sensor data for more accurate estimation.
[bookmark: _Toc145421841]3.2.2 Cross-modal Feature Extraction
The multimodal hash model created in this chapter can directly learn features from unaligned multimodal data. The core is the multimodal attention module, which is mainly responsible for multimodal alignment from a semantic perspective. Compared with the pre-learning Enforced alignment, an attention-based implicit alignment can multiple times use information from other modalities to strengthen the feature representation of one modality. The model is shown in Figure 3-2. The model consists of three parts. For the feature extraction module, first use the word embedding word2vec and trajectory embedding tracj2vec models to extract features, then combine different modal information into the multimodal Transformer module, and use other modal information to further strengthen the target modality. 
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For the text module, its word embedding is used together with the embedding representation of the trajectory modality as the input of the multimodal Transformer. Taking  as the input of Transformer, the text information and trajectory information are fused into the text information. Text c and trajectory t represent the Transformer that transfers the information of text and track to the image feature respectively, and g is the final feature output. Among them, PE is the position embedding code pos is the position of the embedding in the sequence, and d is the dimension of the embedding. Since Transformer processes data in parallel, its position information will not be considered for the same data, and the original embedding and position embedding are combined as Transformer enter. The role of positional embedding is to encode the positional information in the input sequence into the embedding vector to help the Transformer model learn the positional relationship of elements in the sequence. Since the Transformer model does not explicitly maintain an internal state like a recurrent neural network (RNN), when processing a sequence, the position information of the sequence needs to be passed to the model through the embedding vector. Position embedding is a method of adding position information to the input embedding vector, so that the model can model the position information of the sequence, thereby improving the performance of the model in the sequence modeling task.
Positional embeddings are computed in a fixed way. Specifically, each location is mapped to a fixed-dimensional vector whose value is computed from the sine and cosine functions at that location, and the location embedding is a fixed matrix that is added to the input embedding vector to form The input of the model. This fixed calculation method can ensure that adjacent elements in the input sequence are also adjacent in the embedding vector, thereby helping the model learn the local structure in the sequence. The formula is as follows:
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After adopting the position encoding module, the model has greater advantages in dealing with traffic scene problems, and further enhances the model's ability to capture detailed information in complex traffic scenes.
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	For the trajectory module,  t is represented by the embedding of the trajectory modality, andc is used as the input of the text modality Transformer. Respectively,  is used as the input of the Transformer, and the trajectory information is fused into the text information. Transformer respectively represent the Transformer that transfers the information of the text to the trajectory feature. Then, g as the final feature representation. 
[bookmark: _Toc145421848]3.2.3 Contrastive Cross-Modal Hashing Learning
Since the comparison is between positive and negative examples, the more negative examples there are, the more difficult the task will be, so one optimization direction is to increase negative examples. Simply increasing the batch size will not work, as it will always be limited by GPU memory. A feasible way is to increase the memory bank, store the previously encoded samples, and use them as negative examples when calculating the loss, but there is a problem that the stored codes are all calculated by the previous encoder, and the encoder It is constantly being updated, and there will be inconsistencies on both sides, which will affect target optimization. One of the feasible methods is to use the latest left encoder to update the code and put it into the memory bank, but this still cannot avoid the inconsistent representation in the memory bank, and the experimental effect is very poor. There is also research on using momentum to update the sample representation, but this requires storing all samples, which consumes too much memory. Therefore, He Kaiming launched the MoCo (Momentum Contrast) model [3] at the end of 2019, continuing the idea of memory bank, using momentum to update encoder parameters, and solving the problem of inconsistent encoding of old and new candidate samples. This paper will improve on the basis of MoCo and propose A novel cross-modal hash contrastive learning framework. The specific method is to use the dictionary as a queue of data samples. This allows us to reuse encoded keys from the closest previous mini-batches. The introduction of queues decouples the dictionary size from the mini-batch size. Our dictionary size can be much larger than a typical mini-batch size, and is flexible and independent as a hyperparameter. Samples in the dictionary are gradually replaced. The current mini-batch will be enqueued into the dictionary, and the oldest mini-batch in the queue will be dequeued. The dictionary always represents a sampled subset of all data (similar to a sliding window based on all data), and the additional computation of maintaining this dictionary is manageable. Additionally, it may be beneficial to delete the oldest mini-batch, where the encoded keys are the most outdated and therefore least consistent with the latest keys. Use momentum updates. Using a queue makes the dictionary large, but it also makes it difficult to update the key encoder via backpropagation (gradients should be propagated to all samples in the queue). A naive solution is to copy the key encoder  from the query encoder  and ignore this gradient.
For the input of two modalities, text and trajectory, we can obtain the feature representations and  after respective modal encoders and normalization, where i represents the i-th text-trajectory pair, which can be obtained through the dynamic encoder and , the dynamic encoder and the modal encoder have the same structure. Their initial parameters are the same, but the momentum update method is used. The update formula is as follows:
                                              (3-14)
                                              (3-15)
                                                                (3-16)
In the above formula, f represents the update process of different encoder parameters, and k represents the final output of the momentum encoder, which is the feature that needs to be compared and queried, where  and  are the outputs of different modalities, and v is the final fusion modal output. In order to conveniently write the expression, I use  to represent the feature representation of the positive sample pair,  represents the feature representation of the negative sample pair, and k is the final generated hash code representation, where  The loss function used in this article is a very effective contrast loss called InfoNCE, which is used to compare the differences between modes:    
(3-17)
Where and are the probability of and  being recognized as the i-th point. The formulations are defined as:
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Where * present x or y, and  is a temperature hyper-parameter [27]. Intuitively, this loss function could also be seen as the negative log-likelihood of a (K + 1)-way non-parameter softmax-based classifier. Different from the traditional softmax based classifier, the above formulation aims at classifying the i-th image-text pair as the corresponding positive key from the memory bank.

[bookmark: _Toc145421849]CHAPTER 4: Experimental Design
[bookmark: _Toc145421850]4.1 Dataset
At present, this paper has collected the Chengdu taxi trajectory data and Weibo text data in November 2016, and the data of these two modalities are consistent in time and space, so a trajectory-text multimodal data set can be established by association. Due to the lack of text at the locations of some coordinate points, a multimodal traffic scene (MTS) data set with a sample number of 23623 was finally obtained. For the trajectory text description, it can be seen that the number of words in most sentences is concentrated in the range of 10 to 20, which is also the normal number of words in a sentence for a human to describe a picture, followed by the range of 20 to 30, followed by 0 to 10 , the minimum number is 30 to 40. It can be seen that it is not common to use a larger number of words to describe a trajectory.
Table 4-1. Description of Dataset
	Name
	Content

	Dataset
	MTS

	Coordinate
	23623

	Text
	23623



Table 4-1. Description of Dataset
	Word count range
	Count

	0～10
	3701

	10～20
	13015

	20～30
	5241

	30～40
	1666



	From the above description, it can be seen that the MTS data set proposed in this article meets the needs of traffic multi-modal data retrieval tasks from trajectories to descriptive texts. It can be very effective in terms of data richness, proximity to real data, and data quantity. Good application to the task. Next, this article needs to evaluate the effectiveness of the MTS data set to ensure that it performs well on the tasks of this article.
In order to verify the validity of the data set, text data that is difficult to identify is evaluated. The data set evaluation at this stage is mainly to evaluate the consistency between the text as a label and the traffic multi-modal data. The accuracy of the generated language is evaluated using the following evaluation criteria:
(1) Grammatical correctness: Whether the generated description conforms to the grammatical rules, and whether it conforms to the idiomatic usage and expression of natural language.
(2) Description Accuracy: Whether the generated description accurately reflects the content and characteristics of the image. This can be assessed by comparing the descriptions generated by the model with those written by humans.
(3) Richness of detail: whether the generated description contains enough details so that readers can gain a more comprehensive and in-depth understanding. Evaluation can be done by comparing generated descriptions with human-written descriptions.
(4) Logical coherence: Whether the generated description is logically coherent, and whether it can describe the relationship and structure of the content in the image.
(5) Relevance: Whether the generated description is related to the topic and emotion in the image. Evaluation can be done by comparing generated descriptions with human-written descriptions.
(6) Language fluency: Whether the generated description is fluent and natural, and whether it is easy to understand and read.
The evaluation results of a single person are relatively subjective and lack accuracy. In order to ensure the objectivity and accuracy of the results, 6 professionals from the traffic control department will rate the text data, and the final score will be the average of the scores with the highest and lowest scores removed. as the final scoring result.
Based on the above standards, due to the large number of MTS data sets, this article randomly sampled 5,000 samples for evaluation, and used this to estimate the effectiveness of the entire data set. It is mainly evaluated from four main aspects: grammatical correctness, description accuracy, logical coherence and language fluency. The scoring range is 1 to 10. 1 to 3 means poor description, 4 to 6 means average description, and 7 to 10. 10 indicates better description.
[bookmark: _Toc145421851]4.2 Resources Required
This experiment is based on the PyTorch deep learning framework, the server operating system is CentOS Linux release 7.5.1804 (Core), the GPU is two NVIDIA PH402 SKU 200, and two GPUs are used for data parallel processing when training data. The data set size is 500M, including more than 21,000 Chengdu traffic pictures and trajectories, and the hard disk capacity is 200G.
First, separate feature extraction models are constructed for text and trajectory respectively. The text feature dimension and trajectory feature dimension are both K, and K is the length of the binary hash code that ultimately needs to be learned. In this experiment, 10,000 samples in the 20,000-sample data set are used for the training set, 2,000 samples are used for the query validation set, and 18,000 samples are used for retrieval validation set. The query validation set is only used for query during testing. dataset, while retrieving the validation set is only used for the retrieved dataset at test time. The batch size for training and testing is 512, and the maximum number of iterations is 500 to ensure convergence.
[bookmark: _Toc145421852]4.3 Baselines
In our experiments, 8 state-of-the-art cross-modal hashing methods are used as baselines, including four supervised cross-modal hashing methods (DLFH [23], MTFH [16], FOMH [58], DCH[34]) and four unsupervised methods (CVH[20], LSSH[59], CMFH[60], FSH[18]). These methods are almost all shallow cross-modal hashing models, and for a fair comparison, all methods use the same features to learn hash codes, and the extractor (or backbone) is not fine-tuned for deep methods during training. We randomly select 2000 instances from the retrieval database as the validation set. The hyperparameters of other methods are used as the default parameters given in this article. For our model, we utilize the validation set to select the hyperparameter m. Other hyperparameters are empirically set to fixed values for all experiments, and a uniform hash code length is set.
[bookmark: _Toc145421853]4.4 Evaluation Metric
In this work, the models proposed in this chapter are evaluated on two classic cross-modal retrieval tasks: querying an image database with a given trajectory (“Track → Text”) and querying a trajectory database with a given image (“Text → Track"). For each cross-modal retrieval task, this chapter adopts two widely used performance metrics, namely Hamming ranking and hash lookup, to compare the retrieval performance of our method with other state-of-the-art methods. In particular, this chapter adopts the representative method MAP (mean average precision) [39] to measure the accuracy of Hamming sorting in the work. Meanwhile, a precision-recall (P-R) curve is used to measure the accuracy of hash lookup metrics. It is worth noting that, to be consistent with baseline methods, two instances are considered similar if and only if they share at least one label during the testing phase. The above two evaluation indicators will be introduced in detail below:
Mean Average Precision (MAP). It is an indicator used to evaluate the performance of information retrieval systems. It is one of the most commonly used metrics in the field of information retrieval and search engine evaluation because it considers all relevant documents in the search results list, not just the top few documents in the ranked list. In information retrieval tasks, there usually exists a collection of queries and a collection of documents. A query collection includes a set of queries, and a document collection includes a set of documents. The goal of an information retrieval system is to rank relevant documents at the top of each query. The calculation method of MAP includes the following steps: (1) For each query, the information retrieval system retrieves a set of documents, and then ranks them by relevance. (2) Prepare a collection of relevant documents for each query, which are usually determined by human judgment. (3) Calculate the rank position of each relevant document in the sorted list. If the relevant document cannot be found in the ranked list, the rank position is 0. (4) Calculate the accuracy rate for each relevant document. Accuracy is the number of relevant documents retrieved divided by the number of all documents retrieved. (5) Calculate the average accuracy (AP) for each query, that is, average the accuracy of all relevant documents. If there is no relevant document after query, the AP value is 0. The AP is defined as in formula (4-1), and the AP value of all queries is averaged to obtain the MAP value, and the MAP is defined as in formula (4-2).
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Among them,  is the query sample, and M is the total number of query samples. The value of MAP is between 0 and 1. Ideally, the closer the MAP value is to 1, the better the performance of the information retrieval system. Generally, MAP reflects the true picture of system performance better than other metrics because it takes into account the location of all relevant documents. However, when calculating MAP, a collection of related documents needs to be prepared, which requires a certain amount of manual annotation work.
Recall@k. It is a commonly used evaluation index in the field of information retrieval, which is used to measure the model's ability to retrieve relevant documents in the first k search results. Specifically, Recall@k refers to the ratio of the number of documents retrieved by the model in the top k retrieval results to the number of all relevant documents among all relevant documents retrieved. That is, Recall@k measures the coverage of relevant documents retrieved by the retrieval model. The higher the value of Recall@k, the stronger the model's ability to retrieve relevant documents in the first k search results.
The Recall@k indicator in multimodal retrieval is different from the Recall@k indicator in recommendation systems. The calculation method of Recall@k is:

                                     	     (4-3)
The definition of score is: retrieve its k nearest neighbor data in the system. If at least one of the returned k data is of the same class as the query data, the score is 1, otherwise it is 0. However, Recall@k cannot directly reflect the retrieval quality of the model because it does not take into account the ranking of retrieval results and the impact of irrelevant documents. Therefore, it is usually necessary to use it in conjunction with other evaluation indicators to comprehensively evaluate the performance of the model.

[bookmark: _Toc145421857]CHAPTER 5: Results & Discussions
In this experiment, in order to prove the effectiveness of the model proposed in this chapter, for the experiment on the MAP indicator, this chapter sets hash codes of three different lengths (32, 64 and 128) to explore the effect of hash code length on the experimental results. influence level. For the Recall@k evaluation index, Recall@1, Recall@5 and Recall@10 are selected, and the hash code length is uniformly set to 32.
Table 5-1:  MAP indicator results
	Model
	Text-to-Trajectory
	Trajectory-to-Text

	
	32bits
	64bits
	128bits
	32bits
	64bits
	128bits

	DLFH
	0.663
	0.661
	0.658
	0.667
	0.659
	0.640

	MTFH
	0.608
	0.614
	0.675
	0.598
	0.672
	0.684

	FOMH
	0.589
	0.609
	0.610
	0.601
	0.653
	0.643

	DCH
	0.601
	0.655
	0.661
	0.628
	0.661
	0.652

	CVH
LSSH
CMFH
FSH
DHCM
	0.602
0.512
0.691
0.599
0.701
	0.610
0.568
0.702
0.615
0.719
	0.621
0.671
0.699
0.621
0.711
	0.611
0.599
0.698
0.607
0.688
	0.655
0.623
0.712
0.637
0.718
	0.643
0.655
0.709
0.629
0.723



Table 5-2:  Recall@k indicator result
	Model
	Text-to-Trajectory
	Trajectory-to-Text

	
	@1
	@5
	@10
	@1
	@5
	@10

	DLFH
	20.7
	39.2
	45.3
	18.3
	36.1
	49.3

	MTFH
	17.8
	35.1
	36.1
	16.7
	33.2
	31.1

	FOMH
	15.4
	30.7
	40.9
	13.2
	27.8
	33.8

	DCH
	16.7
	33.9
	39.8
	14.9
	29.8
	34.9

	CVH
LSSH
CMFH
FSH
DHCM
	17.9
10.2
13.2
14.9
23.8
	39.1
21.3
27.3
28.8
48.1
	44.3
32.1
36.9
35.7
62.8
	16.1
8.6
9.7
11.2
20.6
	32.6
17.7
25.3
21.3
41.8
	39.7
27.2
30.9
29.4
55.9
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(a) Trajectory to Text                                                 (b) Text to Trajectory 
Figure 5: The precision-recall curves (code length is 128)
As shown in Table 5-1, the results of the DHCM model and other comparison models on the MAP indicator show that the performance of the DHCM model is better than other comparison models. From the perspective of the influence of the generated hash code length on the model, the hash The length of the code is not the longer the better the performance. Sometimes the model uses a longer hash code, but the performance will decrease instead.
As can be seen from Table 5-2, the model proposed in this chapter has a higher recall rate of the number of correct samples in the first k query items than other models in terms of the Recall@k indicator. This shows that our model has better retrieval performance.
Our model demonstrates superior results in cross-modal retrieval and outperforms various baseline models, both supervised and unsupervised. Currently, most models use LSTM encoder models and memory bank training methods that use contrastive learning. Compared with our models using transformers and incremental coding, the advantages are more obvious. First, correct data preprocessing lays a solid foundation for subsequent model training, making trajectories and text data closer and semantically richer. Compared with traditional LSTM, Transformer can capture longer-distance dependencies, and its self-attention mechanism enables it to better capture cross-modal correlations. At the same time, the traditional memory bank training method has limitations in scalability and dynamic environments. Incremental encoders not only provide greater scalability, but also ensure stable updates under changing circumstances. Although our model has achieved good results, there are still several directions that can be further studied and improved. In order to make the model more robust, data enhancement technology can be further studied to provide more training samples. Avoid overfitting. You can also try to use a pre-trained Transformer model for fine-tuning, which may make the model converge faster and improve accuracy.
[bookmark: _Toc145421858]CHAPTER 6: Conclusions and Recommendations
In the current research context, cross-modal retrieval of trajectory text has become an increasingly important and challenging task. Taking this as a starting point, this paper proposes a new method based on contrastive learning, aiming to provide a more accurate and efficient solution for cross-modal retrieval of trajectory text.
At the core of this research is an innovative unsupervised contrastive learning model. The model first comprehensively preprocesses the trajectory text data to ensure the quality and reliability of the data. Then, with the help of cross-modal Transformer, the deep fusion of trajectory and text features is achieved. Not only that, the model we designed is also able to extract normalized hash codes, a critical step that enables cross-modal retrieval. In addition, in order to continuously improve the performance of the model, we introduced an incremental encoder to continuously update the negative sample library, thereby ensuring accurate calculation of contrastive loss and efficient update of parameters. Fortunately, after a series of rigorous experimental verifications, our proposed model shows better performance than the current baseline model. This result is enough to prove that the cross-modal retrieval method of trajectory text based on contrastive learning will play a key role in future research and applications.
Although the method proposed in this paper has achieved encouraging results, there are still many unknown areas worth exploring in the field of trajectory cross-modal retrieval. First, for the design and application of cross-modal Transformer, future research can further explore its parameter optimization and structural improvement to adapt to more types of trajectories and text data. Secondly, there are still certain limitations in the hash code extraction of the current model. In the future, more complex and sophisticated hash coding strategies can be studied to achieve cross-modal retrieval of higher-dimensional and more complex-structured data. In addition, although the current incremental encoder improves the dynamic learning ability of the model to a certain extent, its performance may be limited in large-scale, real-time data streams. Therefore, future research can explore more efficient and stable dynamic learning strategies.
Not only that, with the development of cross-modal retrieval technology, data privacy and security issues have become increasingly prominent. How to perform efficient cross-modal retrieval of trajectory text while ensuring data privacy will be an important and challenging research direction. Finally, the results of this research are based on a certain data set and application background. In the future, they can be expanded to a wider range of scenarios and fields, such as smart transportation, smart medical care, etc., to further demonstrate its application value.
In summary, the cross-modal retrieval method of trajectory text based on contrastive learning is just the tip of the iceberg in this vast research field. It is hoped that the research in this article can provide useful inspiration and reference for subsequent researchers and jointly promote the prosperity and development of this field.
[bookmark: _Toc145421859]CHAPTER 7: REFLECTION
One year is like running water in a hurry, but in this short year, I have experienced countless thoughts, practices and breakthroughs. This is not only an academic journey of exploration, but also a process of self-understanding and growth.
First of all, looking back on this year's course study, I deeply realized the profundity and subtlety of machine learning and related mathematical knowledge. When I first came into contact with it, I felt confused and frustrated by these advanced knowledge. But it is through repeated study and practice that I gradually unveiled the mystery behind them. Machine learning is not just the combination and application of algorithms, but more importantly, the core concepts and principles involved. In addition, I also realized the importance of English in academic research. In the process of reading international journal articles and taking remote classes, I have developed my English reading and listening skills, and also expanded my academic horizons. This not only opened a window for me to the international academic community, but also provided me with abundant resources and inspiration for my subsequent research.
During the research process, data processing and model design became my main work content. Data, especially big data, plays a vital role in machine learning. I learned how to process and analyze data effectively, how to extract valuable information from the data, and transform this information into meaningful conclusions. At the same time, model design is also a part where I put a lot of energy. A good model must not only have excellent performance, but also have good stability and scalability. In the process of completing this paper, trajectory data and Transformer model gave me great inspiration. Through in-depth analysis of trajectory data, I realized its huge potential in machine learning. Transformer model, as a popular technology in recent years, provides me with a new research direction. I reviewed a large amount of literature to gain an in-depth understanding of multimodality and tried to apply this knowledge to my research.
The experiment is undoubtedly the most challenging part of the paper. During the experiment, I encountered various unexpected problems and difficulties. But every failure made me more determined to find the root of the problem, think about solutions, and make optimizations and adjustments. This process not only honed my experimental skills and problem-solving abilities, but more importantly, I learned how to stay calm and tenacious in difficult situations and keep exploring and trying. In the process of writing the thesis, I deeply felt the importance of organizing and describing my research results. A good paper must not only have in-depth research content, but also have a clear structure and rigorous logic. In this process, I learned how to organize and describe my opinions, how to use charts and formulas to support my arguments, and also developed my writing skills.
Throughout the execution of the project, I deeply felt that I needed to be further improved in many aspects. First, my approach to literature review needs to be more systematic. Although I have invested a lot of time in reading and organizing different materials, I still have blind spots when it comes to cutting-edge research. This experience made me realize that in order to improve the efficiency and quality of literature review, I need to continuously strengthen reading and summarizing. At the experimental level, some innovations have not been realized. The problem stems partly from my lack of understanding of certain techniques, and partly from the fact that the reproduced model failed to achieve the desired results. In order to solve these problems, I plan to further improve my programming and experimental skills. In addition, communication with tutors also needs to be strengthened. I realized that frequent and in-depth discussions with my supervisor about research progress helped me identify problems and find solutions more quickly. At the same time, in order to communicate more fluently with international colleagues, I also decided to work hard to improve my English skills.	
The learning process this year was very exciting and memorable for me. Looking back, this year has been full of challenges and rewards for me. I not only deepened my professional knowledge, but also exercised my overall quality and ability. It is my honor to learn from all outstanding teachers. In the future, I hope to go further in academic research and make greater contributions to society and mankind. Finally, I would like to thank my teachers for their responsible explanations and timely replies to my emails, which allowed me to learn a lot of professional knowledge. I also want to thank my thesis advisor Renuga for providing me with great help in my topic selection and writing, if I have the opportunity in the future, I will definitely go to Swansea to visit my dear teachers. 
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