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Abstract—Point-of-interest (POI) recommendation aims to pre-
dict a user’s next visit based on historical mobility behaviors and
is fundamental to location-based services. While large language
models (LLMs) have shown promising reasoning capabilities
for this task, existing LLLM-based approaches still face several
challenges: (i) they often rely on monolithic reasoning processes,
making it difficult to explicitly aggregate heterogeneous user
preference signals; (ii) they lack effective mechanisms to capture
the temporal evolution of user interests, resulting in limited
modeling of dynamic mobility intentions; and (iii) they struggle
to efficiently filter large-scale POI candidates, which increases
computational cost and degrades recommendation precision.

In this paper, we proposed a Preference Aggregation and
Evolution-aware Multi-Agent framework for next POI recom-
mendation (PAE-MA). PAE-MA explicitly decouples preference
aggregation from evolution-aware reasoning and decomposes
the recommendation process into three collaborative stages:
multi-granularity preference aggregation, collaborative candidate
filtering, and spatio-temporal evolution-aware reranking. The
framework is purely train-free and compatible with off-the-shelf
LLMs, without requiring task-specific fine-tuning. Extensive ex-
periments demonstrate the effectiveness of the proposed approach
across multiple evaluation settings.

Index Terms—Point-of-interest recommendation, large lan-
guage models, multi-agent systems.

I. INTRODUCTION

Location-based social networks (LBSNs) produce vast mo-
bility data, enabling Point-of-Interest (POI) recommendation
to predict users’ next visits for applications like travel planning
and marketing [1], [2]. Recently, Large Language Models
(LLMs) have emerged as powerful tools for this task, lever-
aging their prior knowledge, common-sense mobility patterns,
and reasoning capabilities [3].

Existing LLM-based approaches often rely on Supervised
Fine-Tuning (SFT) for accuracy [4]-[6], yet the intensive
data and computational demands of SFT can diminish the
models’ inherent reasoning flexibility.In contrast, prompt-
based methods bypass expensive training to preserve LLMs’
natural reasoning for interactive recommendation [7], [8], with
recent trends employing structured agent workflows and tool
augmentation to further enhance performance [9], [10]
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Despite these advances, existing LLM-based approaches
face several challenges: (i) Implicit preference entangle-
ment. Loose reasoning structures often entangle heteroge-
neous signals [11], failing to separate stable long-term prefer-
ences from short-term intentions, which limits controllability.
(ii) Static interest modeling. LLMs struggle with sequen-
tial patterns and temporal dependencies [12], often treating
preferences as static and failing to capture interest evolution
under changing contexts. (iii) Inefficient candidate filter-
ing. Reasoning over an overly broad search space increases
computational costs and degrades recommendation precision.
Consequently, existing methods fail to capture dynamic inter-
est evolution under shifting contexts. Furthermore, inefficient
candidate filtering remains a challenge, as reasoning over an
excessive search space increases computational overhead and
compromises recommendation precision.

To address these limitations, we proposed a fully train-
free Preference Aggregation and Evolution-aware Multi-
Agent framework (PAE-MA) for POI recommendation. PAE-
MA decouples preference aggregation from evolution-aware
reasoning through three collaborative modules: (i) Weighted
preference aggregation summarizes stable preferences from
historical behaviors across multiple granularities. (ii) Col-
laborative candidate filtering employs multiple agents to
narrow down candidates into a focused set. (iii) Spatio-
temporal evolution-aware reranking models dynamic inter-
est evolution to reorder POIs based on context. This struc-
tured paradigm enables interpretable, prompt-driven decision-
making compatible with off-the-shelf LLM:s.

Our contributions can be summarized as follows:

o We proposed PAE-MA, the first train-free multi-agent
framework that decouples preference aggregation from
interest evolution for structured, interpretable reasoning.

o« We designed an aggregation—evolution decoupled rea-
soning paradigm that decomposes POI recommendation
into three collaborative modules, including weighted ag-
gregation, collaborative filtering, and evolution-aware
reranking, enabling fine-grained modeling of stable pref-



erences and dynamic interest evolution within a unified
framework.

« Extensive experimental results demonstrate the effective-
ness of PAE-MA framework across multiple evaluation
settings.

II. RELATED WORK
A. Next POI Recommendation

Next POI recommendation was initially framed as a sequen-
tial prediction task using personalized Markov chains [13],
[14], though these struggled with complex behaviors. Deep
learning shifted the focus to RNNs for capturing spatio-
temporal dynamics [15]-[17], followed by attention and Trans-
former architectures to model long-range dependencies and
periodic patterns [18]-[21], For example, iPCM [22] intro-
duces personalized spatio-temporal clustering to constrain
the candidate space for next POI recommendation within a
Transformer-based architecture.

Graph-based methods further enhanced this by encod-
ing higher-order collaborative signals via GNNs [23]-[26],
GMCA [27] incorporates multiple context-aware signals to
jointly model spatial relationships and user check-in behav-
iors. Additionally, contrastive learning has been employed to
improve representation robustness through multi-view spatio-
temporal augmentation [28]-[32]. However, these traditional
approaches rely on task-specific training and lack interpretabil-
ity, limiting their flexibility.

B. LLM-Based Recommender Systems

LLMs have redefined recommendation as generative lan-
guage tasks, leveraging their reasoning and contextual
prowess [33]-[35]. Beyond domain-specific tasks, multimodal
recommendation has also been widely studied [36]-[40]. More
recently, agent-based frameworks have also been explored
in related predictive tasks [41]. In POI recommendation,
LLMs model sequential behaviors through semantic repre-
sentations and prompt-based reasoning [5], [7], [8]. For ex-
ample, Tool4POI [10] augments LLMs with external tools
for preference-aware retrieval and reranking in next POI
recommendation. Recent trends have shifted toward preference
alignment [42], [43], grounding user behaviors in semantic
identifiers consistent with human preferences.

Despite their potential, most existing LLM methods encode
preferences implicitly, lacking fine-grained control and explicit
modeling of preference evolution for robust zero-shot gener-
alization.

III. METHODOLOGY

As illustrated in Figure 1, We propose PAE-MA, which
decomposes the inference process into three functional stages.
Each stage assigns the LLM a specific role, enabling task-
aligned reasoning throughout the next-POI recommendation
pipeline. Instead of directly predicting the next POI from raw
check-in sequences, our framework progressively infers user
preferences, constructs candidate POIs, and performs spatio-
temporal reasoning.

A. Problem Definition

Let U and V denote the sets of users and POIls. For a
user v € U, their historical behavior is represented by a
chronological sequence H,, = {v1,vs,...,v,}, where v; € V.
This is augmented with timestamps to form a time-aware
sequence H! for generating user preference evolution T),.

The goal is to generate a ranked list of POIs by leveraging
an LLM to infer structured preferences SP’¢ and evolution
patterns T),. To facilitate knowledge access and candidate
construction, the LLM utilizes a unified toolset D;,,;:

Dmol = {Dsearch; Dretrieval}y (])

where Disearen provides POl metadata and Diegievar €nables
preference-aware filtering. Given instruction I and initial con-
text Ciyyt, the LLM-based agent generates the final recommen-
dation list C,, as:

Cu = LLM(SZref, Tu> Cinit7 DtOOI) . (2)

B. Long-Short-Term User Preference Aggregation

To capture latent intentions from sparse POI sequences, we
propose a module that transforms raw records into structured
semantic representations via three stages: (i) sequence con-
struction, (ii) LLM-based preference summarization, and (iii)
structured aggregation.

1) User Preference Construction: We decompose the his-
torical sequence H,, into long-term habits (H'°"9) and short-
term intentions (H, ;j’w”) to preserve their distinct roles. Given
training sequences H" (length /) and test interactions H*
(Iength s), the components are defined as:

Hl(mg — (Ul—997 s 7Ul)a 1 >100 3)
“ i, otherwise
Hshort _ (US—Nshor[+17 .- 7US)7 8 2> Niport (4)
“ HE otherwise

The unified representation H,, = H!"9 U H3h°"* integrates
stable patterns with recent signals, providing a comprehensive
foundation for subsequent semantic preference modeling.

2) LLM-based Preference Summarization: To enrich the
semantically sparse H,, we leverage an LLM to analyze
behaviors augmented by external POI knowledge. We define
a contextual input I opiert as:

Icontezt = {Promptprefv Huv Dsearch} (5)

where Dgeqren interfaces with a POI database DB,.;. The
LLM invokes this tool to retrieve metadata K¢, (including
categories and Google Plus Code regions):

Kmeta = LLMsearch(Hu | DBpoi) (6)

Based on I.ontert and Kiperq, the LLM generates a natural-
language preference summary 727¢f:

Té’ref = LLMSummm-ize (Icontecvta Km@ta) (7)
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Fig. 1: Overall framework of PAE-MA.

3) Structured Preference Aggregation: To enable precise
filtering, the unstructured 777/ is mapped into structured,
executable signals Sﬁraf via an LLM aggregator:

= LLMogq, (T2") ®)

Srref encodes actionable constraints like category distribu-
tions and spatial transitions, facilitating efficient retrieval in
subsequent stages.

Preference Aggregation Prompt

You are a recommendation assistant. Analyze the
user’s visit sequence to identify preferences across *re-
gion* and *category* dimensions. [QOutput Format]

pref
Su aggr

« regions: [List likely regions]

o region_focus: [Attention weights (0-1) for each
region]

« categories: [List likely POI categories]

« category_focus: [Attention weights (0-1) for each
category]

\. J

C. Multi-Agents Collaborative Candidate Filtering

To efficiently filter the large-scale POI set V while pre-
serving semantic and spatial consistency, we define multiple
functional roles that perform specialized filtering tasks, coor-
dinated by an arbitration mechanism to prevent over-filtering.

1) Agent Role Definition: We define three functional
agents: CategoryAgent enforces category-level constraints
from SP'; RegionAgent ensures spatial coherence relative
to the current location v,; and ArbitratorAgent resolves
conflicts and controls filtering intensity.

2) Transition-based Candidate Initialization: To alleviate
cold-start effects, we initialize the search space using historical
transition patterns. Given the last visited POI v, the initial set
Cinit is:

Cinit = {’Uj ey | P(Uj | ’US) > 0} (9)

3) Collaborative Filtering Process: At iteration t, the Cat-
egoryAgent and RegionAgent sequentially refine the candi-
dates:

Cftt’ca[) = Dretrleval( (t b ‘ Spref) (10)
CI(Lt,reg) remeval (C(t ,cat) ‘ Spref) (11)

The ArbitratorAgent then applies an arbitration rule based on a
decision function Accept(-) to balance strictness and diversity:

clhree) nol=Y if Accep‘c(C’(75 oreg) | Spref)

(t) —
Cu - Cq(itf 1)

, otherwise
(12)
4) Ranking and Selection: Upon termination, candidates
are ranked by spatial proximity to vg:

crank — DlstanceSort(C(t) | vs)

13)
Finally, the top-K candidates are selected for the subsequent
reasoning stage:

C., = Top — K(C™) (14)

D. Spatio-Temporal Evolution-aware Reranking

Aggregated preferences capture stable interests but overlook
dynamic evolution. To model the coupled dynamics of tempo-
ral context and spatial transitions, we introduce a re-ranking
stage where an LLM acts as a spatio-temporal reasoning agent
to adjust rankings based on recent trends.



1) Evolution Context and Summary Generation: Let Ny,
be the window length. We construct an evolution-aware rep-
resentation HZ from the N.y, most recent behaviors, incorpo-
rating POIs (v;), temporal segments (7;), and intervals (At;):

H, = {(/Ul*]\’cvﬁ*la Tl Nuot 1y At Not1)5 -+ (01,71, Atl)s}

15)
Guided by Prompt,, ion» the LLM analyzes H to generate
an evolution summary 7;, that characterizes emerging interest
shifts and transition tendencies:

T, = LLMsummarize (Prompt

evolution» Hzi ) Dsearch) (16)

2) Evolution-guided Reranking: Finally, the agent reranks
the preliminary candidate list C,, from the filtering stage by
aligning it with the inferred evolution trends in 7:,:

Cu = LLank (éu | Tu) (17)

This joint consideration of preference consistency, spatial
plausibility, and interest evolution ensures the final output C,
prioritizes POIs that reflect the user’s immediate trajectory and
latent intent.

Evolution Extraction Prompt

You are a user behavior analyst. Analyze the following
POI interaction sequence to identify behavioral evolu-
tion and shifts.

[Task]

o Cluster history by temporal proximity and feature
similarity.
o Detect evolving patterns and significant shifts in
behavior over time.
[Output Format]
o Analysis: [Brief analysis]
o Behavior Patterns: [Pattern description]
o Regular Temporal Clustering?: [yes/no/other]
. J

IV. EXPERIMENTS

In this section, we conduct a comprehensive experimental
evaluation of the proposed method from multiple perspectives.
Our analysis is organized around the following research ques-
tions:

« RQ1 (Overall Analysis): How does our approach per-
form compared to baseline methods?

« RQ2 (Backbone Stability): How does the proposed
method generalize across different LLM backbones?

« RQ3 (Ablation Study): How does ablation study validate
the effectiveness of key components in our approach?

« RQ4 (Hyperparameter Analysis): How do different
hyperparameters affect the model performance?

o RQ5 (Efficiency and Cost-Effectiveness): Does the
proposed method achieve a balance between recommen-
dation performance and computational cost?

¢ RQ6 (Case Study): How does the proposed method
leverage preference aggregation and evolution-aware

reranking to generate interpretable next-POI recommen-
dations?

A. Experimental Setup

a) Datasets and Preprocessing.: We evaluate our method
on three real-world datasets: Foursquare-NYC, Foursquare-
TKY [44], and Gowalla-CA [45]. Following standard pro-
tocols [25], we filter users and POIs with fewer than 10
interactions and sort check-ins chronologically. For each user,
the last visited POI serves as the ground truth, with prior
interactions used for history modeling. Table I summarizes
the dataset statistics.

b) Parameter Settings.: To capture stable and dynamic
interests, we set sequence lengths for long-term preference
(H,lj’”g ), short-term preference (Ngort), and evolution model-
ing (Neyo) to 100, 30, and 100, respectively. These values re-
main fixed across all experiments. After multi-round filtering,
the top K = 20 candidates are retained for the final reranking.

c) Implementation Details.: We use GPT-3.5-turbo as
the backbone LLM for preference aggregation, filtering, and
reranking. To ensure generation stability, we set both the
temperature and top-p value to 1.0 across all stages.

TABLE I: Statistics of three real-world datasets

Dataset Users POIs Check-ins

NYC 1,083 5,135 147,938
TKY 2293 7873 447,570
CA 6,592 14,027 351,857

d) Evaluation Metrics.: We evaluate task performance
using Acc@K (K € {1,5,10}) and MRR@10. Acc@K
measures the hit ratio of the ground-truth POI within the top-
K recommendations. MRR@10 assesses the ranking quality
by calculating the mean reciprocal rank:

1 1
MRRQK = i > = I(ry < K) (18)
cu

Ty
where || is the number of test users, r, is the rank of
the target POI for user u, and I() is the indicator function.
Together, these metrics reflect both retrieval accuracy and
ranking effectiveness.

e) Baselines: We compare the proposed method with a
diverse set of representative next-location recommendation ap-
proaches, including both traditional models and recent LLM-
based methods.

o Traditional baselines: FPMC [46], PRME [47],
STGCN [17], and GETNext [24], which model users’
historical mobility patterns through sequential modeling
or graph-based structures.

o LLM-based baselines: LLMMob [7], LMMove [8],
ZeroPOIRec [48], LLMRank [12], and Tool4POI [10],
which methods leverage LLMs to capture user prefer-
ences and perform POI recommendation.

B. Overall Analysis (RQI1)

Table II compares our method against various baselines. Key
observations include:



TABLE II: Overall performance comparison on three real-world datasets. Bold indicates our result. Underline denotes the best

traditional baseline. x denotes the best LLM-based baseline.

Model NYC TKY CA

Acc@l Acc@3 Acc@I0 MRR@I0| Acc@] Acc@5 Acc@I10 MRR@I0| Acc@]  Acc@5 Acc@I0 MRR@I0
FPMC 0.1003 02126 02970 0.1701 |0.0814 02045 02746 0.1344 | 0.0383 0.0702 0.1159 0.0911
LSTM 0.1305 02719 03283 0.1857 [0.1335 02728 0.3277 0.1834 | 0.1321 02746 03233  0.1831
PRME 0.1159 02236 03105 0.1712 [0.1052 02278 02944 0.1786 | 0.0521 0.1034 0.1425 0.1002
STGCN | 0.1799 03425 0.4279 02788 |0.1716 0.3453 0.3927 0.2504 | 0.0810 0.1842 02579 0.1675
GETNext | 0.2435 0.5089 0.6143 03621 |0.2254 04417 0.5287 0.3262 | 0.1526 0.3278 0.3946  0.2364
LLMRank | 0.1247 03311 04034 02387 |0.1586 03486 04013 02328 | 0.1667 0.3730 04008 0.2463
ZeroPOIRec| 0.1474 0.4082 0.4668 0.2690 |0.1936 04535 05132 02796 | 0.1718 04607 0.5224 0.2833
LMMove | 0.1525 04429 0.5080 0.2931 |0.1293 03601 04154 02248 | 0.1331 03831 04627 0.2462
LLMMob | 0.2343 0.5066 0.5660 03502 |0.1545 03837 04451 02519 | 0.1236 03694 0.4028 0.2078
TooldPOI  [0.3174* 0.6643* 0.8333* 0.4722% [0.1962* 0.4905* 0.6265* 0.3300* |0.2510* 0.6076* 0.7768* 0.3994*
Ours 0.3470 0.7078 0.8550 0.5054 | 0.2389 0.5428 0.6495 0.3697 | 0.2879 0.6313 0.7876 0.4332
Improv. +7.0%7 +6.6%1 +2.6%1 +7.0%7 |+6.0%1 +10.7%% +3.7%7 +12.0%1" |+13.6%" +3.9%T +1.4%1 +8.5%7"

a) Overall Performance.: Our method consistently
achieves state-of-the-art results across all datasets and metrics.
On NYC, it attains 0.3470 Acc@1 and 0.5054 MRR@10,
surpassing the best baseline, Tool4POI. Similar gains on
TKY and CA demonstrate its robustness across diverse urban
scenarios.

b) Comparison with Traditional Methods.: Our approach
significantly outperforms traditional sequence- and graph-
based models (e.g., FPMC, PRME, STGCN, GETNext). For
instance, our Acc@10 on NYC reaches 0.8550, far exceeding
GETNext’s 0.6143, indicating that our preference representa-
tion captures complex mobility patterns more effectively than
conventional methods.

¢) Comparison with LLM-based Baselines.: Compared
to recent LLM-based models (e.g., LLMMob, LMMove, Ze-
roPOIRec, LLMRank, Tool4POI), our method shows consis-
tent improvements. This highlights that while LLMs provide
strong priors, explicit preference modeling and structured
ranking objectives are essential for superior POI recommen-
dation.

C. Stability Across LLM Backbones (RQ2)

To verify model-agnostic effectiveness, we evaluate PAE-
MA against the competitive Tool4POI baseline across
various LLMs, including gpt-4o-mini, gwen-plus,
claude-3.5-sonnet, and deepseek-v3.2. As shown
in Table III, our method consistently outperforms the base-
line across all metrics and scales. For instance, it improves
gpt-3.5-turbo’s Acc@1 from 0.317 to 0.347 and main-
tains a stable margin on the frontier claude-3.5-sonnet.
These results confirm that our performance gains stem from
architectural innovation rather than reliance on specific model
knowledge, demonstrating the framework’s robust versatility.

D. Ablation Study (RQ3)

Ablation experiments on Foursquare-NYC (Figure 2) eval-

uate the contribution of each key component:

« w/o Long. Removing long-term preferences causes a
clear performance drop, particularly in Acc@ 10, confirm-
ing their necessity for capturing stable interests and global
relevance.

TABLE III: Performance Comparison on NYC dataset across
different backbones.

Backbone Method Acc@1 Acc@5 Acc@10 MRR@10

-3 5-turbo Baseline 0.317 0.664 0.833 0.472
gt Ours  0.3471 07087 0.8557 0.5051
oomini Baseline 0.280 0.659 0.821  0.439
ep Ours  0.3171 0.6881 0.8267 0.4781
wen-olus Baseline 0261 0.615 0816 0413
qwen-p Ours  0.2971 0.6631 0.8321 0.458+
claude.3.5-sonner Baseline 0335 0,694 0.825 0484
: Ours 03481 0.7011 0.832% 0.4981
deenseckva  Baseline 0321 0664 0828 0472
p = Ours 03371 0.6947 0.834% 0.4921

o w/o Short. Excluding short-term preferences primarily
degrades precision-oriented metrics like Acc@1, indi-
cating their crucial role in identifying immediate user
intents.

« w/o Aggr. Without explicit aggregation, the model relies
on simplified constraints rather than weighted represen-
tations. The resulting performance decline proves aggre-
gation’s necessity for effective retrieval and reranking.

o w/o Evo. Removing the evolution-based reranking mod-
ule leads to a noticeable decline in ranking quality (e.g.,
MRR@10), showing that static representations cannot
replace dynamic interest evolution modeling.

Overall, these results confirm that long- and short-term
signals are complementary, while preference aggregation and
evolution-aware reranking jointly ensure recommendation ac-
curacy and robustness.

E. Parameter Analysis(RQ4)

We conduct a series of experiments to investigate the impact
of key hyperparameters on model performance. The results are
illustrated in Fig. 3 and summarized as follows:

o Short-term behavior length Ng,o¢. The model achieves
the best or near-optimal performance when Ngyorx = 20
on both Acc@10 and MRR@10. Increasing the short-
term window leads to slight performance degradation,
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Fig. 2: Ablation study result on NYC dataset.
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Fig. 3: Hyperparameter analysis on NYC dataset.

indicating that excessively long short-term sequences may
introduce redundant or noisy signals.

« Filtering threshold Top-K. The overall performance
peaks when Top-K is set to 20. A small candidate set
limits the coverage of relevant POIs, while an overly large
candidate set introduces many low-relevance candidates,
increasing the difficulty of reranking.

o Evolution window length Ng,. Model performance
shows an overall upward trend as N,y increases and
reaches its best performance at Ney, = 100. This suggests
that a longer evolution window helps capture users’
preference evolution more effectively.

FE. Efficiency and Cost-Effectiveness Analysis (RQS)

Table IV and Figure 4 compare the inference latency and
token consumption of the proposed method against the base-
line.

a) Module-wise Latency Reduction.: Our modular design
significantly enhances efficiency. The optimized preference
aggregation reduces Preference stage latency by 14.4% (NYC)
and 30.3% (TKY). Crucially, evolution-aware pruning miti-
gates decision complexity, slashing Rerank latency by over

84.6% and 86.0%, respectively, thereby accelerating the final
decision-making process.

b) Scalability and Robustness.: The efficiency gains
scale positively with dataset size. On the larger TKY dataset,
the latency reduction in retrieval and reranking stages substan-
tially offsets the overhead of the evolution module, yielding
a 12.8% decrease in total inference time. This confirms the
framework’s robustness for large-scale recommendation.

c) Cost-Effectiveness.:  While evolution modeling
marginally increases total token usage, it optimizes cost-
effectiveness by reducing Completion Tokens—the most
expensive part of LLM inference—by 1.3% (NYC) and
8.9% (TKY). As illustrated in Figure 4, despite the evolution
module’s token share (44.3% on NYC, 35.5% on TKY), it
successfully compresses the reranking stage’s token burden to
below 11%, resulting in superior overall execution efficiency.

TABLE IV: Inference performance comparison focusing on
latency and compressed token consumption.

Data  Model Preference(s)  Filtering(s)  Evolution(s) Rerank(s) Total Time(s) Comp. Token

NYC  Baseline 57163 50122 - 7338.7 18067.2 1,052,440
Ours 4891.2 4886.3 7838.8 1130.3 18746.7 1,038,793
Improv. 114.4% 12.5% - 184.6% 13.8% 11.3%

TKY  Baseline 14205.1 22884.4 - 19327.1 56416.7 3,781,668
Ours 9905.2 19191.8 17384.4 2701.9 49183.2 3,446,257
Improv. 130.3% 116.1% = 186.0% 112.8% 18.9%

Rerank (10.3%)

Wy,

Total Tokens:
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Fig. 4: Token consumption distribution (inner values represent
total tokens).

G. Case Study (RQ6)

Figure 5 illustrates our framework’s reasoning process. The
Preference Agent first aggregates long- and short-term interests
into structured semantic preferences to guide candidate filter-
ing. Subsequently, the Evolution-aware Agent models tempo-
ral patterns and recent behavioral shifts to refine the ranking.
By prioritizing POIs consistent with evolving interests, the
framework successfully ranks the ground-truth POI at the top,
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Fig. 5: A case study for PAE-MA. The ground-truth target POI is highlighted in green.

demonstrating the synergy between preference aggregation and
evolution modeling. In contrast, the failure case in Figure 5
corresponds to highly repetitive user interactions, where the
target POI is observed only once. Such sparse signals are
easily dominated during candidate filtering and provide limited
evidence for modeling interest evolution.

V. CONCLUSION

This paper presents PAE-MA, a multi-agent framework
for next POI recommendation that decouples preference ag-
gregation from interest evolution. Unlike monolithic LLM
approaches, PAE-MA employs a structured, interpretable rea-
soning process across three stages: user weighted preference
aggregation, candidate filtering, and evolution-aware rerank-
ing. By leveraging specialized agents, the framework effi-
ciently handles large candidate spaces while capturing both
stable preferences and dynamic interest shifts. Extensive ex-
periments across multiple datasets validate PAE-MA’s effec-
tiveness and robustness, suggesting that explicit aggregation-
evolution modeling is a promising direction for advancing
LLM-based recommendation systems.
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