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Abstract

POI representation learning plays a crucial role in handling
tasks related to user mobility data. Recent studies have shown
that enriching POI representations with multimodal informa-
tion can significantly enhance their task performance. Previ-
ously, the textual information incorporated into POI repre-
sentations typically involved only POI categories or check-in
content, leading to relatively weak textual features in existing
methods. In contrast, large language models (LLMs) trained
on extensive text data have been found to possess rich textual
knowledge. However leveraging such knowledge to enhance
POI representation learning presents two key challenges: first,
how to extract POI-related knowledge from LLMs effec-
tively, and second, how to integrate the extracted informa-
tion to enhance POI representations. To address these chal-
lenges, we propose POI-Enhancer, a portable framework that
leverages LLMs to improve POI representations produced
by classic POI learning models. We first design three spe-
cialized prompts to extract semantic information from LLMs
efficiently. Then, the Dual Feature Alignment module en-
hances the quality of the extracted information, while the
Semantic Feature Fusion module preserves its integrity. The
Cross Attention Fusion module then fully adaptively inte-
grates such high-quality information into POI representations
and Multi-View Contrastive Learning further injects human-
understandable semantic information into these representa-
tions. Extensive experiments on three real-world datasets
demonstrate the effectiveness of our framework, showing sig-
nificant improvements across all baseline representations.

Code — https://github.com/Applied-Machine-Learning-
Lab/POI-Enhancer

Extended version — https://arxiv.org/abs/2502.10038

1 Introduction
With the advancement of smart city technology (Ji et al.
2022b; Wang et al. 2021b; Wang, Wang, and Wu 2018) and
the widespread adoption of smart devices, the volume of
location-based mobile data, such as POI (Points of Interest)
check-in data and user trajectory data, has surged (Ding et al.
2018; Zhu et al. 2023). Predicting user destinations (Zhao

*Corresponding authors.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

et al. 2020), forecasting visit flow (Song et al. 2020), and
similar tasks (Han et al. 2024) have become key research
focuses. In tackling these difficulties, POI representation
learning, which can be trained via self-supervised methods
and utilized across various tasks like traffic forecasting (Liu
et al. 2024b; Ji et al. 2022a; Wang et al. 2022) and trajectory
predction (Jiang et al. 2023b; Wu et al. 2019; Wang et al.
2018), stands as a particularly meaningful and promising di-
rection.

To enhance the diversity of information within POI
representation vectors and achieve superior performance
in complex downstream tasks, researchers are exploring
the integration of various information beyond basic geo-
graphic data. For example, they incorporated user preference
data (Dai et al. 2022) and visual information (Balsebre et al.
2023) into POI representations. Although related textual in-
formation, such as POI categories (e.g. restaurants and ho-
tels) and check-in content on social media like Twitter, pro-
vides some insights into the social functions and other as-
pects of POIs, the semantic richness and depth of these data
are limited. When compared to the vast amount of descrip-
tive information available on the internet regarding POIs,
these data sources fall short in both content richness and
coverage. In recent years, large language models (LLMs)
trained on extensive volumes of internet data have been
applied across numerous fields, demonstrating remarkable
capabilities, particularly in the domain of spatial-temporal
data (Li et al. 2024). Although LLMs have proven beneficial
in addressing challenges in this area, leveraging LLMs to en-
hance POI representation presents two specific challenges.

The first challenge lies in effectively extracting the
geographical knowledge within LLMs. A common
idea (Golkar et al. 2023) is to provide LLMs with prompts
related to geographic information and then obtain text out-
put. However, LLMs have limitations in handling numeri-
cal input, and for representation learning, we need vectors
that are versatile across tasks, which makes this method
not suitable. Some studies (Chen, Wang, and Xu 2023; Liu
et al. 2024a) have also experimented with feeding extracted
spatial-temporal features to a partially or fully frozen LLM,
using the LLM as the backbone to solve specific problems.
But these works are typically tailored to a single spatial-
temporal task and extract information specific to that task
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only. However, POI representation learning aims to capture
versatile information to address diverse tasks. Clearly, task-
specific extraction is insufficient for this requirement.

The second challenge is how to effectively integrate the
extracted textual information into POI representation
for enhancement. Since the information extracted by LLMs
is versatile, combining these diverse aspects information
with the POI representation is difficult. Most researchers
(Dai et al. 2022) adopted the approach of one-hot encod-
ing the corresponding POI category features and then con-
catenating them with the representation vectors, which over-
looks the interactions between features. For example, the
POI category and time are related: a restaurant’s lunch hours
and lunch break times exhibit different visitor flow patterns.
This limits the ability to exploit the richness of semantic in-
formation to enhance POI representations.

To address the challenges, we propose a POI representa-
tion enhancement framework, called POI-Enhancer, which
is designed to leverage textual information in LLM to
strengthen embedding vectors. Specifically, to better uti-
lize LLMs for extracting textual features of POIs, we de-
velop unique prompts to separately extract features related
to POI addresses, visit patterns, and surrounding environ-
ments. Following this, we design the Dual Feature Align-
ment module to leverage the relationships between textual
features, enabling the acquisition of higher-quality semantic
information. The Semantic Feature Fusion module is specif-
ically designed to ensure the preservation of high-quality se-
mantic information. Then, to fully integrate the extracted
information with the representation vectors, we introduce
the Cross Attention Fusion module based on the attention
mechanism. Finally, we incorporate Multi-View Contrastive
Learning to further inject human-understandable semantic
information into POI representations to enhance its capabil-
ity of capturing real-world patterns.

We summarize our main contributions as follows:
• To the best of our knowledge, POI-Enhancer is the first

to introduce LLM-based textual knowledge to enhance
POI representations of POI learning models. We demon-
strate that leveraging knowledge from LLMs is crucial
for boosting the performance of POI embedding models.

• We design three kinds of specialized prompts to thor-
oughly extract textual information from LLMs, and em-
ploy a cross-attention mechanism to adaptively inte-
grate these information into POI representations. We also
introduce temporal, spatial, and functional contrastive
learning to refine the POI representations.

• We conducted extensive experiments on three public
real-world datasets across various downstream tasks. The
results demonstrate that our approach significantly en-
hances the performance of POI embedding methods.

2 Preliminaries
Definition 1 (Point of Interest (POI)). A POI is a spe-
cific geographic location with some basic attributes p =
(id, pn, c, lon, lat), where id indicates index, pn means
name of POI, c denotes category, lon and lat represent lon-
gitude and latitude coordinates respectively. Besides, each

POI has some extra attributes such as visit pattern, address,
and surrounding environment. An example of the attributes
of a POI in New York City is provided in Tab. 1.
Definition 2 (Check-in Record). A check-in record is a
triplet r = (u, p, t) which means a user u visits POI p at
time t. A user’s movement behavior over a period of time
can be modeled by a sequence of check-in records, which we
define as a Check-in Record Sequence. It can be represented
by R = {r1, r2, ..., rL}, where the check-in records are ar-
ranged in the order of time sequence and L is the length of
the Check-in Record Sequence. We also denote the set of all
users’ check-in record sequences as S.
Definition 3 (POI Representation). Given the set of all
POIs P = {p1, p2, . . . , pN}, where n is the number of the
set, a mapping function f is used to generate a fixed vector
representation Epi

= f(pi) for each POI.
Problem Statement. Given a POI Representation function
F , POIs set P = {p1, p2, . . . , pN} and other related
data e.g., check-in record sequences S, with the aid of
LLM, the aim of our framework is to learn a function g
that enhance the capability of the function F , i.e., Epi

=
g(F(pi)), Epi ∈ Rd, where d is a uniform dimension.

Attribute Value

POI ID 22337
Name New York Stock Exchange

Longitude 74.011154
Latitude 40.706806

Category Stock Exchange
Street Name Wall Street

House Number 11
Postal Code 10005
Surrounding Office, Building and Road
Visit Pattern Between 6 am and 9 am, Weekday

Table 1: An Example of the POI attributes.

3 Methodology
This section provides a comprehensive demonstration of the
technical details of POI-Enhancer framework and Fig. 1
presents the overall architecture. In Fig. 1, part (a) is the
Prompt Generation and Feature Extraction phase, where
specialized prompts are generated and used to extract rele-
vant semantic information from the LLM. The second phase,
Embedding Enhancement, corresponds to part (b), where
the extracted information is further refined and integrated
with the POI representations to be enhanced. Finally, part
(c) represents Multi-View Contrastive Learning, where we
designed three sampling strategies to select positive and
negative samples for contrastive learning. Besides, to assist
LLMs in more accurately capturing POI-related knowledge,
we additionally processed and derived three kinds of extra
attributes mentioned above. A detailed description of this
procedure can be found in the Supplementary Material.

Prompt Generation and Feature Extraction
Generate prompt Due to the LLM’s low sensitivity to num-
bers, we need to bundle basic attributes like latitude, longi-
tude, and name with extra attributes when inputting them, to
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Figure 1: (a): Prompt Generation and Feature Extraction are used to obtain prompts and get textual features from the LLM. (b):
Embedding Enhancement is designed to enhance POI embeddings by leveraging textual features. (c): Multi-View Contrastive
Learning enables the sampling of more diverse positive and negative examples during training.

help the LLM accurately target the desired POI. Besides,
simply stacking various features into a prompt can make
it difficult for the LLM to focus on key points and effec-
tively extract information. Hence, the proposed prompt pat-
tern consists of three parts: (1) Role-Playing, (2) POI In-
formation, and (3) the Question. The POI Information part
encompasses basic information and extra information, cor-
responding to the basic and extra attributes, respectively.
Firstly, the design purpose of role-playing at the beginning
of the prompt is to allow the LLM to fully unleash its knowl-
edge, enabling the LLM to embody a role familiar with ge-
ographical knowledge. An attribute header is added in front
of the POI information to help the LLM accurately capture
the information of input attributes. Next, we generate multi-
ple sentences based on combinations of the basic attributes
and three extra attributes. Lastly, inspired by the (Gurnee
and Tegmark 2024), we design the question at the end of
each prompt about the content to trigger the relevant knowl-
edge. Consequently, we generate three types of prompts for
each POI pi:POI Visit Pattern Prompt, POI Address Prompt,
and POI Surrounding Prompt, denoted as TV

pi
, TA

pi
, TS

pi
. An

Example of the prompt we generated is shown in Fig. ??,
which is in Supplementary Material.

Extract from LLM In POI-Enhancer, we input the prompts
into the LLM and take the final hidden layer state from the
LLM as the semantic feature. It is worth noting that the LLM
serves as a frozen encoder when training. So, for a POI pi,

the feature extraction process can be denoted as:

EV
pi = H(TV

pi ), E
A
pi = H(TA

pi), E
S
pi = H(TS

pi), (1)

where EV
pi
,EA

pi
,ES

pi
∈ RD are the corresponding semantic

feature of three kinds of prompts, H is the process of ex-
tracting the last hidden state from the LLM, and D is the
dimension size of the hidden state vector.

Embedding Enhancement
Dual Feature Alignment leverages the intricate connections
between address and visit patterns, as well as between ad-
dress and surrounding environment to obtain higher-quality
semantic features. Semantic Feature Fusion uses attention
score-weighted merging to ensure the quality of the features
when fusing the semantic features into a single semantic
vector. Afterward, Cross Attention Enhancement, based on
the cross-attention method, employs the semantic vector ob-
tained earlier to fully integrate and enhance the POI repre-
sentations, resulting in the final output vector.
Dual Feature Alignment A POI’s address, a key factor of
geography information, is closely linked to its visit patterns
and surrounding environment. For example, as shown in
Tab. 1, the New York Stock Exchange is on Wall Street, a
well-known hub of financial firms. People often visit there
during daytime working hours, and the surrounding envi-
ronment mainly consists of office spaces. If we align the ad-
dress textual feature with the visit pattern and surrounding
environment textual features, we can obtain higher-quality
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textual information. Thus, we designed Dual Feature Align-
ment. First, Given a batch of textual information of n POIs
{EV , EA, ES}, they will be fed into a linear layer to trans-
form them into a hidden space with the same dimension as
the POI embedding to be enhanced, denoted as:

ẼV = W V ′
EV , ẼA = WAEA, ẼS = W SES , (2)

where ẼV , ẼA, ẼS ∈ Rn×d, d is the dimension of the hid-
den space and W V ′

,WA,W S are all learnable matrices.
Next, to leverage the relationships between textual fea-

tures and obtain higher-quality information, multiple layers
of the Transformer encoder are introduced. Each layer con-
sists of multi-head attention (MHA), residual connections,
and layer normalization operations (LN) and the number of
layers is L1. Formally, take the relation between address and
visit patterns as an example, given the vectors {ẼV , ẼA},
we computed a MHA as follows:

Q = ẼV WQ, K = ẼAWK , V = ẼAW V , (3)

headh = ϕ(
QKT

√
d

)V , (4)

MHA(ẼV , ẼA) = (∥Hh=1headh)W
O, (5)

where WQ,WK ,W V ∈ Rd×dh are learnable parameters,
ϕ is softmax activation function, dh is the dimension of a
single head. And ∥ is the concatenation operation, WO ∈
R(dh·H)×d is a trainable parameter and H denotes the num-
ber of heads. The output of the first layer Z ′

1 is denoted as:

Z = LN(ẼA +MHA(ẼV , ẼA)), (6)

Z′
1 = LN(Z + FFN(Z)), (7)

where FFN is a feed-forward neural network. Then, vector
Z ′

1, along with EA, will be fed back into the next layer as
input, and after repeating this process L1−1 times, the final
layer result Z ′

L1
is the vector EA−V ∈ Rn×d. It should be

noted that {Z ′
k|k ∈ [1, L1]} is transformed into K and V ,

while ẼA is converted into Q in the subsequent repetition
process. Similarly, to deal with the connection between ad-
dress and surrounding by replacing ẼV with ẼS in Formula
(3), (5) and (6). We can get the output EA−S accordingly.
Semantic Feature Fusion Considering that visit patterns
are related to the surrounding environment, for example,
POIs near entertainment venues are mostly accessed on
weekends. We got a comprehensive semantic feature by
combining the two feature vectors from the previous module
into one. To integrate two vectors into one while maintaining
the quality of the vector, we designed the Semantic Feature
Fusion based on a weighted sum method. Accordingly, the
computation process can be represented as follows:

θA−V = W2 · LeakyReLU([W1E
A−V ||W1E

A−S ]),

θA−S = W2 · LeakyReLU([W1E
A−S ||W1E

A−V ]),
(8)

where θA−V and θA−S are the attention scores for EA−V

and EA−S . W1 ∈ Rd×d′
and W2 ∈ R2d′×1 are used to

project the features into the same hidden space and to trans-
form them into attention weights, respectively. LeakyReLU

is an activation function, and d′ is the dimension of the latent
space. After that, a softmax activation is employed to get the
normalized weight, and a weighted sum fusion of two se-
mantic features is applied to get the output ELLM ∈ Rn×d,
which can be represented as:

[ωA−V , ωA−S ] = ϕ([θA−V , θA−S ]), (9)

ELLM = ωA−V ·EA−V + ωA−S ·EA−S . (10)

Cross Attention Fusion Cross-attention techniques have
been employed to fully fuse features from different views
(Sun et al. 2024). Hence, inspired by (Yan et al. 2024), to en-
hance other embedding methods by making use of the vector
ELLM , a Cross Attention Fusion is developed.

Here, we also employ a multi-layer transformer encoder
architecture but in each layer we use the multi-query atten-
tion (Shazeer 2019) plus parallel attention and feed-forward
net (PAF) (Sonkar and Baraniuk 2023) to combine ELLM

and EPOI ∈ Rn×d. The multi-query attention (MQA) is al-
most the same as the multi-head attention except all heads
share the same set of K and V , which is proved to be faster
with minor quality degradation in the calculation. Addition-
ally, PAF can be effective in improving the performance of
transformer-based models. As shown in Fig. 1, the first layer
of the Cross Attention Fusion can be presented formally as:

X = LN(EPOI +MQA(ELLM ,EPOI)), (11)

X ′
1 = LN(X + FFN(X)), (12)

Then, the vector X ′
1 and EPOI will be fed into the next

layer, and after repeating this process in L2 − 1 times, the
outcome of the last layer EFUSE is obtained. It is worth to
noticed that {X ′

k|k ∈ [1, L2]} is transformed into K and V ,
and ELLM is converted into Q in the following repetition.

Multi-View Contrastive Learning
Our Multi-View Contrastive Learning approach is designed
to enhance the similarity between the anchor POI and pos-
itive samples, while simultaneously reducing the similarity
with negative samples. This strategy aims to strengthen the
robustness and effectiveness of the embedding vector. How-
ever, Unlike previous works that only use distance as the
sampling criterion (Li et al. 2023), we incorporated tempo-
ral, spatial, and functional views into our considerations and
designed three sampling strategies. Besides, the formal def-
initions of the following three sampling strategies are pre-
sented in the Supplementary Material.
Sequence-Time Contrastive Learning The visit context of
a POI i.e., the neighboring check-in records in the check-
in record sequence is often considered an important factor.
However, if the duration of a check-in record sequence is
very long, two adjacent consecutive check-in records may
be separated by several days. Considering such neighbors as
positive samples will reduce the effectiveness of contrastive
learning. Therefore, to avoid this situation, we propose a
Sequence-Time sampling strategy. The positive samples are
required not only to be neighbors of the check-in record but
also to have the same visit date as the anchor sample.
Geography Contrastive Learning From a spatial perspec-
tive, our strategy incorporates both local spatial similarity
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and category similarity as criteria. Specifically, for a given
POI, we define a square area centered around it and consider
POIs of the same category in that area as positive samples.
Functional Contrastive Learning Apart from the two types
of contrastive learning mentioned above, we aim to identify
groups of POIs that are similar in social function. Therefore,
based on the category and visit patterns of POIs, We propose
the following principle for selecting positive samples: only
POIs that share the same category and visit pattern as the
anchor sample are regarded as positive samples.
In summary, based on the above three criteria, we sam-
pled more high-quality positive samples for subsequent con-
trastive learning training. This approach helps enhance the
comprehensive capability of the representation vectors.

Model Training
Given a POI pi and a set of all the POIs P , we derive its posi-
tive set P+

i through the above strategies. And for each pair in
{(pi, p+i )|p

+
i ∈ P+

i }, we will randomly choose m− 2 neg-
ative samples from the negative set {p−i |p

−
i ∈ P−

i , P−
i =

P − pi − P+
i }, to form a training batch.

Then we use InfoNCE as the loss for contrastive learning:

LCont = −log
e

1
γ
sim(pi,p

+
i )∑m

i=0 e
1
γ
sim(pi,p

−
i )

(13)

where sim(·, ·) is a similarity measure function, γ is a tem-
perature parameter and m is number of POIs in the batch.

Apart from this, in order to maintain the similarity be-
tween the origin vectors and enhanced vectors, a loss based
on cosine similarity is constructed, which can be defined as:

LSim =

1

m2

m∑
i=1

m∑
j=1

|cos(EFUSE
i , EFUSE

j )− cos(EPOI
i , EPOI

j )|,

(14)
where cos is the cosine similarity function.

Ultimately, the loss of POI-Enhancer can be denoted:

L = LCont + LSim. (15)

4 Experiments
Experiment Setup
Datasets We conducted experiments on three check-in
datasets provided by (Yang et al. 2014): Foursquare-NY,
Foursq-SG, and Foursquare-TKY, sampled from New York,
Singapore, and Tokyo, respectively. We remove all POIs
with less than 5 check-ins in the dataset and check-in se-
quences with less than 10 POIs. The statistics of the pro-
cessed dataset are in Supplementary Material. Then we shuf-
fled the dataset and split it into a ratio of 2:1:7 for the test
set, validation set, and training set. It should be noted that
the training set for the POI Recommendation task will also
be used as the dataset for sampling in contrastive learning.
Baselines We introduced six baselines in our experiment
including Skip-Gram (Tomas et al. 2013), POI2Vec (Feng
et al. 2017), Geo-Teaser (Zhao et al. 2017), TALE (Wan
et al. 2021), Hier (Shimizu, Yabe, and Tsubouchi 2020), and

CTLE (Lin et al. 2021). The details of the baselines are in the
Supplementary Material. LLM-based baselines are also in-
cluded like Llama2 (Touvron et al. 2023), ChatGLM2 (GLM
et al. 2024), and GPT-2 (Radford et al. 2019).
Downstream Tasks & Metrics To evaluate POI-Enhancer
and make a comprehensive comparison, we set up three
downstream tasks based on LibCity (Wang et al. 2021a).
• POI Recommendation, Based on a user’s historical
check-in sequence, the POI Recommendation task aims to
predict the next POI the user would visit.
• Check-in Sequence Classification, Given an arbitrary
check-in sequence, this task requires the downstream model
to detect which user this sequence belongs to.
• POI Visitor Flow Prediction, POI visitor flow prediction
requires the downstream model to forecast the future volume
of visitor flow based on historical visitor data.

In the POI Recommendation task, we use Hit@k as the
evaluation metric (value equals 1 if the ground truth is
among the top k in the recommendation list, otherwise 0,
k = 1, 5). The Check-in Sequence Classification task is
evaluated using Accuracy (ACC) and Macro-F1 while the
Visitor Flow Prediction task is assessed with Mean Abso-
lute Error (MAE) and Root Mean Square Error (RMSE).
Implementation In our framework, we use the Llama-2-7B
as the LLM backbone. The complete implementation details
are provided in the Supplementary Material.

Overall Result Analysis
The result of downstream tasks is presented in Tab. 2,
demonstrating that POI-Enhancer significantly improved the
performance of all baselines across all datasets. Skip-Gram
and POI2Vec incorporate spatial information differently:
Skip-Gram uses co-occurrence frequencies, while POI2Vec
employs a geographic binary tree, both ignoring temporal
features. Geo-Teaser includes spatial and temporal data with
coarse granularity, while TALE, Hier, and CTLE integrate
finer-grained spatiotemporal data. However, all six meth-
ods overlook POI semantic knowledge. Our framework ad-
dresses this gap, significantly enhancing performance.

In three tasks, POI-Enhancer shows the most significant
improvement in the Check-in Sequence Classification. This
could be because the textual knowledge provided by POI-
Enhancer is more beneficial for handling classification tasks.
For the first task, POI2Vec achieves the greatest improve-
ment on the New York dataset, with both metrics increasing
by over 20%. This is due to its focus on capturing check-
in sequence patterns while neglecting other modalities. Our
framework compensates for these limitations by enriching
textual knowledge. As for the second task, our findings indi-
cate that Skip-Gram shows the weakest improvement, which
is because it focuses on modeling representations from user
trajectories and limits the potential for improvement. In the
last task, CTLE shows strong performance after enhance-
ment. CTLE effectively captures contextual neighbors and
temporal information in trajectories, and when combined
with the textual vector extracted by POI-Enhancer, it greatly
improves the performance in this tasks.

Besides, comparison experiments with LLM-based base-
lines reveal that, with the aid of POI-Enhancer, the POI
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Task POI Recommendation Check-in Sequence Classification POI Visitor Flow Prediction
Dataset NY TKY SG NY TKY SG NY TKY SG
Metric Hit@1 Hit@5 Hit@1 Hit@5 Hit@1 Hit@5 Acc F1 Acc F1 Acc F1 MAE RMSE MAE RMSE MAE RMSE
Skip-Gram 6.984 17.356 15.037 33.305 9.194 23.652 48.967 0.224 59.982 0.413 43.768 0.229 0.371 0.747 0.494 0.691 0.665 0.994
Skip-Gram+ 7.610 18.032 15.557 34.197 10.747 24.468 52.151 0.251 62.936 0.438 47.285 0.255 0.336 0.514 0.492 0.668 0.621 0.890
Impr. 8.96% 3.89% 3.46% 2.68% 16.89% 3.45% 6.5% 12.07% 4.92% 5.97% 8.04% 11.37% 9.43% 31.14% 0.47% 3.31% 6.66% 10.45%
POI2Vec 6.417 14.684 15.195 33.214 8.828 21.729 32.057 0.113 51.499 0.331 31.736 0.139 0.343 0.574 0.531 0.764 0.625 0.918
POI2Vec+ 7.851 18.353 15.800 34.768 10.630 24.030 52.151 0.245 62.358 0.438 46.521 0.264 0.326 0.492 0.490 0.696 0.602 0.868
Impr. 22.35% 24.99% 3.98% 4.68% 20.41% 10.59% 62.68% 117.35% 21.09% 32.39% 46.59% 89.32% 4.78% 14.27% 7.8% 8.99% 3.66% 5.36%
Geo-Teaser 6.174 15.355 14.956 33.814 8.768 22.851 38.296 0.149 54.852 0.355 39.511 0.182 0.394 0.778 0.498 0.696 0.623 0.913
Geo-Teaser+ 7.116 16.657 15.500 34.475 10.122 23.532 49.910 0.233 62.647 0.437 50.064 0.279 0.341 0.524 0.483 0.669 0.588 0.854
Impr. 15.27% 8.48% 3.64% 1.95% 15.45% 2.98% 30.33% 55.84% 14.21% 23.11% 26.71% 52.98% 13.35% 32.64% 3.07% 3.87% 5.57% 6.41%
TALE 6.025 13.618 13.608 30.612 7.555 19.238 33.950 0.127 51.521 0.330 33.112 0.140 0.336 0.645 0.523 0.716 0.639 0.926
TALE+ 6.690 15.208 14.940 33.223 8.694 20.342 50.689 0.240 63.380 0.448 47.719 0.263 0.320 0.482 0.510 0.701 0.610 0.903
Impr. 11.04% 11.67% 9.79% 8.53% 15.08% 5.74% 49.3% 88.82% 23.02% 35.82% 44.11% 87.29% 4.76% 25.17% 2.49% 2.08% 4.56% 2.49%
Hier 6.982 15.631 15.120 32.091 9.181 22.174 37.436 0.143 50.189 0.316 41.269 0.196 0.361 0.584 0.536 0.733 0.634 1.000
Hier+ 8.009 19.197 16.187 35.715 10.592 24.079 51.893 0.254 63.380 0.441 47.795 0.258 0.313 0.483 0.510 0.719 0.574 0.804
Impr. 14.72% 22.81% 7.06% 11.29% 15.37% 8.59% 38.62% 77.33% 26.28% 39.59% 15.81% 31.5% 13.09% 17.33% 4.88% 1.91% 9.39% 19.58%
CTLE 6.653 14.594 14.859 31.852 8.625 20.218 40.103 0.181 55.030 0.369 41.805 0.206 0.337 0.566 0.515 0.703 0.697 1.061
CTLE+ 7.093 17.032 15.479 34.138 10.315 24.027 50.430 0.234 61.848 0.434 51.440 0.287 0.291 0.456 0.495 0.689 0.610 0.892
Impr. 6.61% 16.71% 4.18% 7.18% 19.59% 18.84% 25.75% 29.59% 12.39% 17.36% 23.05% 39.62% 13.65% 19.44% 4.01% 2.02% 12.4% 15.92%

Table 2: The overall performance of downstream tasks and (+) means being enhanced by POI-Enhancer. Hit@1, Hit@5 and
Acc are in %, and F1 means macro-F1. For MAE and RMSE, lower is better, while for other metrics, higher is better.

representation method still holds a considerable advantage.
This advantage stems from the fact that the POI representa-
tion method captures the fundamental spatial-temporal fea-
tures, and when further enhanced with textual knowledge, it
outperforms the text-centric LLM-based baselines. The re-
sults of this experiment are in the Supplementary Material.

Further Analysis on POI-Enhancer
Ablation Experiment In this subsection, we conduct com-
prehensive experiments with four variant settings to evaluate
the effectiveness of the components we design:
• POI-Enhancer/P We remove the special prompt design
including the role-playing, the attribute headers, and the
question. • POI-Enhancer/D We removed the Dual Feature
Alignment and Semantic Embedding Fusion. Instead, we
generated a single prompt, which accumulates the content
of the previous three kinds of prompts while maintaining the
same format. The features extracted from this prompt by the
LLM will be directly input into the Cross Attention Fusion.
• POI-Enhancer/F We remove Cross Attention Fusion and
concatenate the EPOI and ELLM as the final vector instead.
• POI-Enhancer/C We only consider the spatial perspec-
tive. Specifically, given a POI, we define a square area cen-
tered around it to collect positive samples, with the parame-
ters consistent with Geography Contrastive Learning.

We tested them on three downstream tasks using the New
York dataset, with Hit@1, ACC, and MAE as evaluation
metrics. As shown in the Fig. 2, POI-Enhancer outperforms
all variant settings and we can draw the following conclu-
sions: (1) The specialized prompts can enhance the frame-
work’s performance because they stimulate the LLM to ex-
tract spatial-temporal knowledge more efficiently. (2) The
Dual Feature Alignment and the Semantic Feature Fusion
help obtain and maintain high-quality semantic vectors and
improve the capabilities of the POI representation. (3) The
Cross Attention Fusion enables a more thorough integration,
allowing the final vector to capture richer semantic infor-
mation, resulting in improved performance. (4) Compared
to distanced-based positive samples, Multi-View Contrastive

POI-Enhancer/C POI-EnhancerPOI-Enhancer/FPOI-Enhancer/DPOI-Enhancer/P

Figure 2: The result of ablation experiment. (A) is for POI
Recommedation, (B) is for Check-in Sequence Classifica-
tion and (C) is for POI Vistor Flow Prediction.

Learning selects richer samples from different perspectives,
enhancing the ability of the embedding vectors.
Parameters Analysis In this subsection, we study the ef-
fect of different L1 and L2 parameter settings in our frame-
work. Specifically, we focus on enhancing the Hier model
using the New York dataset, with POI recommendation as
the downstream task. When evaluating the impact of one
parameter, we keep the other parameters fixed at their op-
timal values. As shown in the Fig. 3, we can observe that for
both L1 and L2, the performance initially improves with the
increasing number of layers, reaches optimal performance,
and then deteriorates. So, in other experiments, we set L1 to
4 and L2 to 2. On the one hand, this indicates that when L1

is too low, our alignment method fails to fully utilize the re-
lational information between features, while an excessively
high number of L1 layers tends to cause over-fitting. On the
other hand, this suggests that when L2 is below the opti-
mal value, our fusion method fails to effectively incorporate
the knowledge from LLM into the original representations.
However, when L2 exceeds a certain threshold, the semantic
knowledge will overshadow the original vectors.
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Figure 3: The effect of L1 and L2.
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Figure 4: The result of POI cluster task.

Quality Analysis To further evaluate the quality of the en-
hanced vectors produced by POI-Enhancer, we conducted
clustering tasks using the K-means algorithm on three
datasets. We applied this algorithm to all types of repre-
sentation vectors, both before and after enhancement. The
number of clusters was set to match the number of POI
categories in each dataset. We then assessed the cluster-
ing performance using the Normalized Mutual Information
(NMI) metric. The results depicted in the Fig. 4 demonstrate
the effectiveness of our framework, as all evaluation met-
rics for the representation vectors across the three datasets
have shown significant improvement. This indicates that: (1)
We successfully extracted high-quality textual features, and
the rich textual information helps similar representation vec-
tors to cluster more closely together. (2) We effectively in-
tegrated textual information into the initial representations,
further enhancing the quality of the original vectors. (3) The
Multi-View Contrastive Learning approach encouraged vec-
tors of the same class to be closer together while pushing
vectors of different classes further apart.

5 Related Work
LLMs in Spatial-temporal Tasks Considerable efforts
have been dedicated to using LLMs to improve the perfor-

mance of spatial-temporal tasks (Yu et al. 2024). For in-
stance, GeoGPT (Zhang et al. 2023a) introduced an LLM-
based tool capable of automating the processing of geo-
graphic data, but it does not delve into extracting detailed
information about locations. GEOLLM (Manvi et al. 2023)
designed prompts that include coordinates, address, and sur-
rounding buildings, but it can only address simple questions
in a Q&A format and are unable to handle complex tasks
like POI recommendation. Besides, they fail to fully extract
the semantic information of POIs. Some researchers have
used LLMs as backbones to tackle complex real-world tasks.
For example, GATGPT (Chen, Wang, and Xu 2023) input
spatial-temporal features into a frozen LLM to predict traf-
fic speeds, while ST-LLM (Liu et al. 2024a) used a partially
frozen LLM to forecast traffic flow. However, these methods
are designed for specific individual problems and cannot be
applied across multiple tasks. To solve these limitations, we
designed three types of special prompts to extract the seman-
tic information of POIs from LLMs effectively.
POI Representation with Semantic Information POI rep-
resentation aims to turn each POI into a vector that can be
utilized in various downstream tasks like traffic forecasting
tasks (Zhang et al. 2023b; Jiang et al. 2023a; Ji et al. 2023)
and trajectory tasks (Zhu et al. 2024; Jiang et al. 2023c,d).
Most existing methods like (Dai et al. 2022), leverage tex-
tual features typically using one-hot code to encode POI cat-
egories and then concatenate them with the embedding vec-
tors. For data types like check-in content, (Xie et al. 2016)
model the similarity between POIs by constructing a POI-
Word relationship graph, while (Chang et al. 2018) draws
inspiration from Word2Vec method, simultaneously training
word vectors and POI vectors. However, these methods often
fall short in preserving semantic information and achieving
a more comprehensive integration during the fusion process.
To address this issue, we designed three modules in the Em-
bedding Enhancement to improve the preservation and inte-
gration of semantic information in the POI embedding.

6 Conclusion and Future Work
We propose a framework called POI-Enhancer, which en-
hances all POI representation methods by leveraging the
LLM. To introduce textual information into POI embed-
dings, we designed three special prompts to extract features
from the LLM. To use the links between address features
and other features, we introduced Dual Feature Alignment
and Semantic Feature Fusion, which help obtain and pre-
serve high-quality textual features. To better integrate the
extracted knowledge into POI representations, we further
developed the Cross Attention Fusion. Lastly, to enhance
the representation capabilities of the vectors, we proposed
Multi-View Contrastive Learning, using three strategies to
sample positive and negative examples. The experiment re-
sults demonstrate that our framework significantly improves
the performance of POI representation vectors across vari-
ous downstream tasks in three real-world datasets.
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