 iCoLoc: An Interactive System for Mobile Location Data Mining via LLM-Guided Intent and Contrastive Preference Learning

XXX-X-XXXX-XXXX-X/XX/$XX.00 ©20XX IEEE
Xijia Ye 
Department of Intelligent Science and Technology
Guilin University of Electronic Technology
Guilin, China
yexijia1124@163.com
Qi Han
Department of Intelligent Science and Technology
Guilin University of Electronic Technology
Guilin, China
hanqi4831@gmail.com
Xinran Xu
Department of Intelligent Science and Technology
Guilin University of Electronic Technology
Guilin, China
1178423998@qq.com
Xuguang Bao
Department of Intelligent Science and Technology
Guilin University of Electronic Technology
Guilin, China
baoxuguang@guet.edu.cn
Jing Huang
Department of Intelligent Science and Technology
Guilin University of Electronic Technology
Guilin, China
jinghuang0728@163.com
Guanyu Qin
Guangxi Key Laboratory of Digital Infrastructure
Guangxi Zhuang Autonomous Region Information Center 
Nanning, China
Sysqinguanyu@2980.com


Abstract—Traditional interactive spatial co-location pattern mining (SCPM) systems require users to possess domain expertise and manually select relevant patterns at the initial stage. Moreover, they rely on fixed parameter settings, often generating numerous irrelevant patterns, and cannot adapt to dynamically changing user requirements. To address these challenges, this demonstration presents iCoLoc, an intelligent interactive spatial co-location pattern mining system designed for mobile location data mining. iCoLoc leverages Large Language Models (LLMs) to eliminate the need for domain expertise—users simply input fuzzy natural language queries, and the system automatically interprets intent, performs similarity matching, and recommends relevant patterns. In addition, iCoLoc incorporates contrastive preference learning, allowing users to provide feedback on patterns, which enables the system to continuously adapt to individual preferences. By integrating LLM-guided intent understanding with preference learning, iCoLoc effectively reduces user burden and significantly improves mining efficiency in mobile scenarios.
Keywords—SCPM, mobile location data, LLMs, contrastive preference learning, intent understanding
Introduction
Traditional SCPM aims to discover frequently co-occurring spatial features from geographic data, such as nearby points of interest frequently visited by mobile users. Early studies define co-location patterns using metrics such as the Participation Index (PI), and propose various mining strategies including frequent itemset-based, join-less, and graph-based approaches [1]. However, these methods primarily focus on modeling spatial proximity and co-occurrence relationships, while overlooking user behavior and preference information in the mining process.
To address these limitations, various improvements have been proposed. Some studies incorporate visiting information to mine high-utility co-location patterns, thereby enhancing semantic value [2], while others adopt graph-based methods to improve neighborhood modeling capabilities [3]. Interactive SCPM systems further introduce user involvement to better align mining results with user needs [4]. Meanwhile, preference-aware frameworks provide theoretical support for personalized filtering and pattern compression [5]. 
Nevertheless, these approaches still suffer from several limitations. They often require domain expertise for manual pattern selection at the initial stage, rely on fixed parameter settings that generate numerous irrelevant patterns, and cannot adapt to dynamically evolving user preferences. More importantly, existing methods still struggle to effectively interpret high-level user intent or seamlessly integrate user feedback into the mining loop, limiting their ability to provide truly personalized and adaptive mining results.
This demonstration collectively highlight the importance of integrating user preferences, constraints, and learning strategies into SCPM. Motivated by this trend, iCoLoc leverages artificial intelligence techniques to enable fuzzy query understanding, user representation learning, and dynamic optimization. In particular, contrastive learning is employed to learn user preferences from interactive feedback.
The goal of iCoLoc is to bridge the gap between users and professional spatial data mining by leveraging AI, enabling intuitive interaction and effective user preference modeling.
System Overview
iCoLoc is an interactive SCPM system that supports fuzzy natural-language queries as well as human-in-the-loop refinement. The overall system workflow is illustrated in Fig. 1. At runtime, the system loads the POI dataset and model configurations, and then processes user requests through an intent-driven pipeline: (i) inferring initial user preferences from the query, (ii) mining and filtering statistically significant co-location patterns, and (iii) ranking patterns based on the learned user preferences, accompanied by explanations and feedback-driven updates. The system is organized into the following three modules.
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Architecture of iCoLoc Intent-Guided Co-location Pattern Mining System

LLM-Based Intent Encoding Module
As shown in Fig. 1. This module handles system initialization and cold-start preference modeling. Users can submit natural language queries without any pre-configured settings. The LLM extracts intent-relevant cues from the query, such as business objectives and preference constraints, and maps them into an initial user vector to encode inferred preference priors. This vector serves as a seed for downstream ranking and iterative refinement, reducing reliance on historical interactions during the first user session.
Efficient Co-location Pattern Mining Module
As shown in Fig. 1, the Efficient Co-location Pattern Mining module mines high-frequency and high-confidence co-location patterns, such as those discovered through spatial neighborhood mining based on the PI. To support interactive demonstration, the system employs efficient filtering and pruning strategies —such as participation thresholds, pattern size limits, and candidate truncation—focusing computation on statistically significant patterns while maintaining responsive performance for repeated queries.
Contrastive Preference Learning Module
As shown in Fig. 1, the Contrastive Preference Learning module ranks mined candidate patterns for personalization. Patterns are reordered based on the similarity between their embeddings and the user vector, which is initialized from the query and continuously updated via feedback. When enabled, a contrastive preference encoder is trained to better separate preferred and non-preferred patterns. The interface presents the ranked patterns along with LLM-generated explanations. Users indicate patterns of interest or disinterest, and this feedback is leveraged to train or update the contrastive model and refine user vectors for subsequent iterations, thereby closing the interactive loop.
DEMONSTRATION
The core of iCoLoc lies in leveraging Large Language Model (LLM) techniques to bridge the gap between non-expert users and professional spatial data mining. The system identifies user intent via the LLM, thereby reducing the effort required for data mining. Additionally, users can provide feedback on the results by indicating patterns of interest or disinterest, which guides the model in learning individual preferences. This process iteratively refines the user vector, making it more representative of personal preferences.
Our system is available at:
GitHub Repository: https://github.com/Deshillstudy/iCoLoc
Video Walkthrough: https://youtu.be/MZhIns5qV9g
Complete demonstration scenario case
	We design a typical retail site selection scenario to demonstrate iCoLoc's functionality:
1. User Input: A small business owner inputs the natural language query: "I want to open a milk tea shop near university campuses in Guilin, preferring areas with office buildings and high pedestrian flow."
2. Intent Parsing: The LLM module extracts key elements: POI types = {"milk tea shop", "university campus", "office building"}, spatial constraint = "Guilin urban area", preference weight = "high pedestrian flow" → office buildings get a weight of 0.7.
3. Pattern Mining: The system mines co-location patterns matching the intent, with PI ≥ 0.5.
4. Result Display: Top-20 patterns are shown on a map, with each pattern labeled with its spatial distribution and pedestrian flow data.
5. User Feedback: The user labels "milk tea shop + university + office building" as interested and "milk tea shop + university + residential area" as disinterested .
6. Preference Optimization: The contrastive learning module updates the user vector, and the next round of recommendations prioritizes patterns with office buildings.
Training Visualization Module
This module visualizes the contrastive learning process, helping users understand how their feedback influences the model. As illustrated in Fig. 2, it presents the training loss curve.
Loss Curve: The contrastive loss decreases from 0.8 to 0.2 after 10 interaction rounds, indicating the model converges to the user's preferences.
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Training module of the iCoLoc system
Result Explanation Module
Figure. 3 illustrates the LLM’s interpretation of pattern mining results. Through interactive processes, the LLM generates explanations in response to user inputs. This feature primarily serves to clarify the mining outcomes for users, providing context-aware explanations tailored to their preferences and query content.
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explanation part of iCoLoc system
Pattern Recommendation & Feedback Module
Fig.4 presents the pattern recommendation results. For each pattern, its support, confidence, and similarity to the user vector are displayed. Users can indicate their preference by clicking the “like” or “dislike” buttons on the far right. The system leverages this user feedback as training data for contrastive learning, which in turn refines the model and updates the user vector. This mechanism not only encourages active user engagement but also enables the spatial data mining process to uncover personalized patterns for each individual user.
[image: ]

 results display part of iCoLoc system
This demonstration showcases the complete process of iCoLoc, from handling users’ fuzzy queries to ultimately discovering personalized patterns. By integrating LLMs with contrastive learning, the system effectively bridges the gap between non-expert users and professional knowledge. iCoLoc learns user preferences and iteratively refines the construction of the user vector. Using this refined representation, it filters patterns that better align with individual user needs, thereby revealing the relationships between patterns and user preferences.
EXPERIMENTAL EVALUATION
Experimental setup
We evaluated the effectiveness of iCoLoc against conventional methods in terms of accuracy. Specifically, we compared iCoLoc with a baseline approach as well as with the personalized region-of-interest recommendation method proposed in 2025 [6]. The experimental setup was as follows:
1. Dataset: We used the Beijing POI dataset. The data was converted into GeoJSON format, with each record containing the fields: id, type, x, and y. The experimental master dataset consisted of 4,592 POIs across 16 types.
2. Baseline Methods: 
We compared three configurations under identical data, mining settings, and interaction protocols:
Baseline: Computed cosine similarity between pattern embeddings and a fused user vector [5] (combining LLM-interpreted intent and decayed feedback), further weighted by pattern confidence. Contrastive training and feature-level weighting were disabled, isolating the effect of semantic similarity alone.
Contrastive: Enabled a trainable `PreferenceEncoder` optimized with triplet supervision from user feedback, and scored patterns using projected embeddings before the same confidence fusion.
Preference-Weighted: Kept contrastive training off but multiplied similarity scores by a feature-level weight derived from explicit liked/disliked POI types, serving as a lightweight counterpart to recent adaptive multi-preference fusion ideas. 
3. Evaluation Metrics: We employed three indicators: Accuracy, Precision, and Recall, where the prediction label was obtained by binarizing the score threshold (currently implementing the threshold τ= 0.7), and the accuracy was calculated as:
		
Here  is the number of evaluation modes, is prediction labels, and  is the true label.
Experimental results
Table 1.  gives a comparison of the results of the 10th (final round):
Experimental Results
	Method
	Accuracy (%)
	Precision
	Recall

	Baseline
	79.67
	0.2917
	0.4667

	Preference-Weighted
	86.18
	0.4615
	0.8000

	Contrastive (Ours)
	97.58
	0.8333
	0.9774



	The results indicate that the contrastive learning approach achieves the best performance across all three metrics. Compared with the baseline, the accuracy in the final round improved by approximately 17.91 percentage points; compared with the Preference-Weighted method, it increased by about 11.40 percentage points. These results demonstrate that contrastive learning possesses stronger preference discrimination capability, which translates to faster convergence and reduced user interaction in mobile deployment scenarios, ultimately delivering more efficient personalized mining experiences.
Qualitative results analysis
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 efficiency evaluation result
As shown in the 10-round interaction curves in Fig. 5, the contrastive approach exhibits a clear "feedback-driven iterative improvement" characteristic. Its metrics are initially low, but as triplet supervision accumulates, the model gradually learns more stable user preference boundaries, resulting in rapid increases in accuracy in later rounds. In contrast, the baseline method lacks a learnable projection layer, yielding limited improvement. The Preference-Weighted method improves ranking via explicit preference rules, but its ability to model complex semantic preferences remains inferior to that of the contrastive preference approach.
	Overall, the proposed method more effectively transfers user preferences to the pattern ranking space in the "cold-start with interactive feedback" scenario, achieving higher-quality final recommendations. This translates to tangible benefits in real-world mobile applications: users receive relevant pattern recommendations with fewer feedback rounds, reducing interaction effort while accelerating the discovery of personalized insights. The demonstration highlights how iCoLoc leverages this rapid convergence to deliver an efficient and intuitive mining experience, bridging the gap between non-expert users and complex spatial data.
Conclusion
In this work, we present iCoLoc, an interactive co-location mining system designed for mobile location data. It integrates LLMs with contrastive preference learning to effectively capture user preferences and identify relevant spatial patterns. Unlike traditional systems that require prior user profiles or structured queries, iCoLoc allows non-expert users to express their intent through fuzzy natural-language inputs. Users can also provide simple like/dislike feedback. The system initializes user preference vectors via LLM-based intent parsing and iteratively refines them through contrastive learning, continuously improving the quality of subsequent pattern ranking. Experimental results demonstrate that this human-in-the-loop design achieves superior performance in preference-aware pattern filtering, validating its practical utility in real-world mobile scenarios. 
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Certainly! Here is a detailed analysis of the co-location patterns mined from the spatial data, focusing on various aspects

including spatial economics, consumer behavior, business layout, practical applications, and potential risks.

Spatial Economics Implications

The high participation rates and confidence levels in these patterns indicate strong spatial associations among different types of
establishments. For instance, the high participation rate of 0.994 between cafes and restaurants suggests a significant co-
location probability, which can be attributed to the complementary nature of these services. Cafes often serve as convenient
places for quick dining or relaxation before or after visiting a restaurant, thereby justifying their frequent proximity. Similarly, the
strong association between convenience stores and restaurants (0.995) reflects the utility of these establishments being within

walking distance, where customers might pick up essentials while waiting for food or during breaks.

Consumer Behavior Interpretation

These co-location patterns provide insights into consumer behavior, particularly in terms of convenience and time efficiency.
Consumers tend to seek out establishments that offer multiple services in one location, such as a restaurant combined with a
cafe or a supermarket. This behavior is driven by the desire for convenience and time savings. For example, the frequent co-
location of banks and restaurants (0.994) indicates that consumers often visit banks during their lunch break or immediately
after conducting financial transactions. This pattern suggests that consumers value having essential services like banking nearby,

enhancing their overall experience and satisfaction.
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