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Abstract

Point-of-Interest (POI) recommendation plays an important
role in a wide range of location-based social network ap-
plications, aiming to accurately predicting users’ next vis-
its based on their historical check-in records. Previous ef-
forts have primarily focused on the modifications of exist-
ing sequential models, neglecting the fact that POI visiting
sequences typically involve continuous state transformation
of geographical and intention signals. Additionally, the di-
verse time span between check-ins require the model to prop-
erly recognize user’s multi-granular preference. While re-
cent advances of State Space Model (SSM) have revealed
their potential in handling intricate temporal signals, we pro-
pose a state-based model that is tailored for spatio-temporal
POI sequences. On top of traditional SSMs that are typically
limited to linear sequences like Mamba, we propose Geo-
Mamba, which customizes the model states to accommodate
the spatio-temporal sequences, especially fitting for POI rec-
ommendations. Specifically, while the approximation oper-
ator HiPPO sets the foundation of linear SSMs, we intro-
duce a novel GaPPO operator that extends the model’s state
space into graph-represented geographical domains. This in-
novation allows us to construct locational SSM encoders that
seamlessly integrate users’ spatio-temporal characteristics.
The sequence-aware outputs of GeoMamba are further pro-
cessed to generate multi-scale behavior representations. Ex-
tensive experimental results illustrate the superiority of Geo-
Mamba over several state-of-the-art baselines.

Introduction

The flourishing location-based services and applications
have generated great demand for more precise and per-
sonalized Point-of-Interest (POI) recommendations. Since
users have left massive check-in records on location-based
platforms like Foursquare and Gowalla (Cho, Myers, and
Leskovec 2011; Yang et al. 2014), the goal of POI rec-
ommender systems is to maximize the utility of such
spatio-temporal trajectories. A well-designed recommenda-
tion model can significantly improve user experience by sug-
gesting POIs that align with both their geographical prefer-
ences and personal interests (Cheng et al. 2013; Wang et al.
2018; Luo, Liu, and Liu 2021; Li et al. 2021).

*Correspondence authors.
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Figure 1: An example of multi-scale state transitions.

In previous efforts to develop sequential POI recom-
mendation models, a variety of architectural approaches
have been employed to handle the spatio-temporal visit se-
quences. Early attempts proposed to incorporate the geo-
graphical correlations of POIs into traditional recommen-
dation techniques, such as collaborative filtering (Ye et al.
2011) and matrix factorization (Lian et al. 2014; Feng
et al. 2015). Graph-embedding-based models (Wang et al.
2015; Xie et al. 2016) recognized the advantages of graph-
structured data to reflect geographical influences. Other
studies integrated distances and time slots into existing
matching models (Wang et al. 2018) or recurrent networks
(Sun et al. 2020). More recent researches have turned to uti-
lize cutting-edge sequence-model structures, including self-
attention (Luo, Liu, and Liu 2021), graph neural networks
(Wang et al. 2022a), and diffusion models (Qin et al. 2023b).

Despite the advancements in different model architec-
tures, they mostly rely on the integration of explicit cor-
relations between check-ins, such as distance and time in-
tervals, into existing sequence models. However, it is note-
worthy that apart from these, the implicit state transitions of
user’s intentions are inherently neglected from these archi-
tectures. Additionally, the broad time spans between check-
ins require models to effectively recognize user’s preference
shifts from a variety of time scales. For instance, as illus-
trated in Figure 1, in a user’s tour during Paris Olympics,
their preference evolve across different states over multi-
ple time scales. In the early days of the trip, the visits are



mostly concentrated around the Seine River in western Paris
to attend Olympic events. Later, their footprints shift to-
wards the eastern part of Paris, focusing on cultural attrac-
tions such as Place de la Bastille. Throughout the trip, we
can observe a clear state transformation from an Olympic
spectator to a cultural explorer. From a more fine-grained
perspective, the locational regions and personal states have
been constantly changing over time as well. These observa-
tions suggest the natural needs for models that can extract
informative state representations across multiple granulari-
ties. To address these challenges, we propose to turn to the
state-space models (SSMs), which explicitly model the hid-
den state during time gaps, to seek a potential solution for
effectively modeling POI visit sequences.

As a neural extension of the polynomial projection op-
erator (HiPPO) for time signals, a series of SSMs have ex-
hibited promising capability of approximating long signals
with linear complexity (Gu et al. 2021). Variants of SSM
have proven effective in handling complex and intricate se-
quences, such as natural language (Poli et al. 2023) and time
series (Gu, Goel, and Re 2022). However, existing applica-
tions of SSMs are typically limited to discrete and flat se-
quential signals. In the context of POI recommendation, a
user’s visit sequences are influenced not only by sequential
correlations, but also the spatial dependencies and temporal
evolution across different scales. This difference raises re-
quirement for the model to integrate locational information
into the evolution within a multi-granular states space.

To address the aforementioned challenges, we propose to
extend the existing SSMs and construct specific state space
architectures tailored to spatio-temporal interaction data.
Based on HiPPO and graph signal processing theory, we de-
rive the Graph-autoregressive Polynomial Projection Opera-
tor (GaPPO). Compared with HiPPO, GaPPO encodes input
signals in Fourier state spaces based on graph ARMA filters,
enabling the processing of graph-structured temporal signals
with a more expressive linear filter. GaPPO-based SSM are
well-suited to capturing graph-represented geographical re-
lationship of POIs while encoding spatio-temporal histor-
ical behavior into hidden state space. To allow model to
encode intention states at varying levels of granularity, we
sample multiple observation points from the state sequence
and employ a Matryoshka representation learning technique
to ensure multi-scale perception within the SSM. Based on
these innovations, we construct a novel GeoMamba frame-
work which jointly models spatio-temporal characteristics
and continuous state transitions within the multi-granular
hidden space. The main contribution can be summarized as:

We introduce a novel GaPPO-based geographical SSM
GeoMamba, by extending the sequence state space into
graph signal space. GeoMamba effectively models the dy-
namic state transitions of users in POI recommendation.

The proposed GeoMamba achieves multi-granular model-
ing of visit sequences through its fine-grained state space.
Using the Matryoshka representation learning technique,
the model is optimized to generate informative multi-
scaled state representations of visiting sequences.

Experimental results validate the superiority of Geo-

12480

Mamba in making next POI recommendations and captur-
ing the multi-scaled spatio-temporal state of users, com-
pared with state-of-the-art methods.

Related Work
Next POI Recommendation

The core of next POI recommendation is to precisely pre-
dict personalized POIs for each user based on their visiting
history and locational information (Zhao et al. 2016; Cheng
et al. 2013). To exploit the historical visits, a large branch
of researches have adopted variations of existing sequence
models to recurrently process sequential data. CARA (Man-
otumruksa, Macdonald, and Ounis 2018) and LSTPM (Sun
et al. 2020) propose to integrate distance and neighborhood
information into recurrent neural network (RNN) structures.
ARNN (Guo et al. 2020) incorporates the geographical in-
fluence using a customized attentional RNN model. STAN
(Luo, Liu, and Liu 2021) chooses to embrace the spatio-
temporal transformer architecture. SGRec (Li et al. 2021)
retrieves the nearby POIs as an enhancement for visit se-
quence graph. Approaches like STGCN (Han et al. 2020)
and HMT-GRN (Lim et al. 2022) represent POI as nodes on
geographical graphs. GSTN (Wang et al. 2022b) and Dis-
enPOI (Qin et al. 2023a) process geographical and sequen-
tial features with two graph encoders respectively. However,
overlooking the multi-grained state can potentially lead to
suboptimal performance, calling for a model that explicitly
encodes the multi-scaled hidden state of POI sequences.

State Space Sequence Models

Inspired by the projection operators in linear signal systems,
State Space Models (SSMs) are initially proposed for time
signal processing (Gu et al. 2020, 2021). Subsequent studies
include S4 (Gu, Goel, and Re 2022), Hyena (Poli et al. 2023)
and LTC (Hasani et al. 2023) further explored the possibil-
ities of SSMs in natural language generation. Mamba (Gu
and Dao 2023; Dao and Gu 2024) extended the use of SSMs
to the construction of large language models. Given the
demonstrated potential of SSMs across a variety of down-
stream tasks, we seek to leverage the capability of SSM to
precisely capture state transitions in POI recommendation.

Preliminary

Differs from traditional user-item recommendation, users’
visit histories of POIs involve both spatial correlations and
sequential patterns. To formulate, given the POI set P =
{p1,p2,...,ppp|} and user setU = {uy,us, ..., uy}, aloca-
tional distance metric is defined as ¢ : P x P — R to rep-
resent the spatial correlation between two given POIs. Com-
mon choices of ¢(+, ) include step functions with distance
thresholds (Wang et al. 2022a) or exponential decay func-
tions of distance (Qin et al. 2023a). A location-based POI
graph G = (P, &, A) with edge set £ and adjacency matrix
Adj is then constructed based on a cutoff threshold dyayx:

& = {e;j|distance(p;, pj) < dmax}

(p(pivpj)’
0,

. 1
Adji; = eij €E (1)
else



For each user u € U, its visiting sequence is represented
as Sy = {(p¥, ™), (Y, 73), ..., (P2, 7)} with n historical
visits and timestamps. The objective of POI recommenda-
tion is to predict possible next-to-visit POIs given S,,.

Methodology

In this section, we will elucidate the proposed GeoMamba, a
specialized SSM designed to capture the fine-grained multi-
scale characteristics of users’ spatio-temporal visits. As il-
lustrated in Figure 2, GeoMamba utilizes a graph state space
model encoder alongside an enhanced Mamba encoder to
generate informative spatio-temporal representations of in-
put visit sequences at various scales. These multi-scale rep-
resentations are further optimized using the Matryoshka
Representation Learning technique, which fully exploits the
benefits of the multi-scale representations.

Geographical Graph State Space Encoder

Graph-autoregressive Polynomial Projection Operator
While the SSM-based models has exhibited significant po-
tential in processing sequence data (Gu, Goel, and Re 2022),
the key of SSMs’ expressiveness lies in their structural con-
nection with high-order polynomial projection operators, or
HiPPOs, which learn optimal approximations of input sig-
nals. Given a temporal signal u(t) € R? at specific time step
t € ZT, the prediction process of the discretized HiPPO
with learnable parameters is described as:

{

where A, B, C' € R%*9 are discretized matrices parameter-
ized by corresponding learnable network parameters. x; rep-
resents the sequence state and y; denotes the model output.

A common practice is to use the model output ;1 from
Equation 2 for downstream tasks, i.e. the next POI prediction
in our case. However, such a straightforward solution inher-
ently overlooks the geographical correlation between differ-
ent samples of visiting signals. Moreover, the simple dis-
cretization of a continuous process causes information loss
regarding the temporal effects during user’s visits as well.

To address these challenges, we propose to extend HiPPO
into a graph-based variant, namely Graph-autoregressive
Polynomial Projection Operator (GaPPO), to incorporate
POI-POI correlations. Inspired by previous works on graph
ARMA filters (Isufi et al. 2016), we extend autoregressive
update in Equation 2 with graph filters. Given the one-hot
form of POI visiting signal u; € {0,1}/7l, the GaPPO for
predicting signal y; is formulated as:

Ty = Al’tfl + But

~ 2
Yy = Cy @

uy = One-hot(p}")
ST L)

Ty = kZ oMy (Tik) + 20 PiH (ur;)
=1 j=

yr = Ho(wy)

3)

where z;,y; € RIPI are graph signals, Ha,B,cy are graph
filters defined on POI graph G with finite impulse response
(FIR), ¢k, 1; are weight coefficients of the filter outputs.
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Compared with HiPPO, the proposed GaPPO is able to in-
corporate the geographical influence during the evolution of
visiting signals by introducing G into the signal system. Ad-
ditionally, while both HiPPO and GaPPO are formulated in
infinite impulse response (IIR) form, GaPPO is able to de-
pict the signal fluctuations over a broader historical range of
input. For more detailed analyses of GaPPO and its compar-
ison with HiPPO, please refer to the Appendix.

GaPPO-based State Space Encoder Building on the pre-
viously derived GaPPO for continuous graph temporal sig-
nals, we extend it into a Graph State Space Model (GSSM).
It is noteworthy that directly applying H 4 and Hp as reg-
ular polynomial filters would result in extremely large hid-
den states with computational complexity of O(|P|?) and
thus makes the output intractable to compute. Therefore, we
leverage Graph Fourier Transform (GFT) to accelerate the
signal processing in spectral domain. Specifically, the GFT
maps signals into spectral space, modeled as:

Loym = I — D™Y2AdjD~/% = UT AU, 4)

where Ly, is the Laplacian matrix of G, D represents the
degree matrix, and A = diag{A1, ..., \jp|} is the diagonal
eigenvalue matrix that satisfies A1 < A2 < ... < App|. As
previous researches have highlighted the importance of pre-
serving low-pass in graph-based networks (Kipf and Welling
2017), we reduce the size of the transformed signal by only
retaining the smallest d components of U, i.e. ; = U.qx;.
By transferring the GaPPO into a reduced spectral space, we
are able to reduce the computational complexity:

K k) ! (3)
ZED> POML o)+ 3 s (OHE (o)
=1 Jj=

gt = HC (i‘t) 9
&)
and the output could be recovered to graph signal via the
inverse transformation y; = U, :537,5.
We construct the graph filters H4 p ¢} based on the
spectral GaPPO following the zero-order hold (ZOH) dis-
cretization of Mamba (Gu and Dao 2023):

HY = exp(8AM). 1Y = ABY. He=C. (©)

where A®) ¢ R¥9 is trainable parameter, BU), C, A are
input dependent parameters. When the input signal is %(t) at
time step t, the filters are parameterized by:

BUY) = Linearg(@;,—;), C = Linearc(t,),

7
A = Softplus(A¢ + Lineara (4;)). 2

To model the direct influence of historical states, the
weight coefficients are defined by the exponential decay of
temporal gaps between successive visits:

o = {

where 7,7y > 0 are hyperparameters that control the de-
cay effect. With these parameters defined, we can now ob-
tain the model output y; € RI7! for arbitrary given visiting
sequences and corresponding POI graphs.

—~Yiowr (TH =T
e~ ey (Te k1 —T¢ k)7

0

k<t
otherwise

®)
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Figure 2: The overall illustration of GeoMamba. The GeoMamba model is composed of several key components include:
(a) GaPPO-based geographical state space encoder model, (b) enhanced Mamba-based feature encoder model, and (c) the
Matryoshka representation learning module that optimizes the model and extracts fine-grained sequence representations.

Feature-enhanced Mamba Sequence Encoder

While the GSSM encoder effectively captures the geograph-
ical correlation within visiting signals, it is constrained to
the one-hot encoded graph signal space. However, POIs in
real world possess more than just locational features. The
rich raw features of POI, such as genre, opening hours, and
price levels can not be fully described by geographical con-
nections alone. To address this issue, we employ an ad-
ditional enhanced Mamba (Gu and Dao 2023) encoder as
the sequence encoder to capture the contextual correlation
within POI sequences. Specifically, after extracting features,
the user sequence are mapped through the embedding layer:

e¥ = Embed(Feature(pl')) € RY. )

While the vanilla Mamba layers are SSMs parameterized
in the same way as in Equation 6 and 7, making all update
parameter input-dependent may lead to over-fitting issue of
model, especially given that the input visiting sequences
are typically much shorter than those in natural language
processing. Given this, we propose the enhanced Mamba
layer that re-introduces input-independent parameterization
into Mamba layers. To formulate, the B and C' of enhanced
Mamba encoder at time step ¢ are obtained from:

B = Linear’z(e}") + By, C' = Lineary(e}') + Co, (10)
the trainable By, Cy € R4*¢ are made data-independent to
capture the universal feature throughout sequences.

Multi-scale Representation Learning

Inter-layer Propagation of GeoMamba Having defined
a pair of SSMs that process visiting signals for processing
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visiting signals in the previous sections, we now explore
stacking these layers into deeper models to fully leverage
the potential of the proposed SSMs.

Based on the layer propagation mechanisms defined in
previous sections, we can obtain the layer-wise representa-
tions from both SSM layers, formulated as:

! ! I
y) = G-Layer,(ul),, y\) = F-Layer,(u), , an
u;?z = U.4 - One-hot(py'), ugcot) =ey,

where G-Layer and F-Layer are the GaPPO-based SSM
layer and the feature-enhanced Mamba layer correspond-
ingly. For inter-layer propagation, we adapt the gated mech-
anism from Mamba (Gu and Dao 2023) and implement as:

{ O]

Ugy =0
I+1
yer !
where s € {g, f} indicates whether is propagating in the
geographical or enhanced SSM encoder. Layer,; denotes the
corresponding SSM layer, o is the activation function, and
Conv1D is the causal convolution. By forwarding these hid-
den representations by layer, we are able to stack SSM layers
to construct deep encoders for GeoMamba with L layers.

(ConvID(yM),)
Y@ o)),

Us,:

12
= Layer;( (12

Multi-scale Representations with Observations From
previous sections, we have derived the sequential output
of a geographical GSSM encoder, as well as a feature-
enhanced Mamba encoder. The pair of the final representa-
tions yELt) effectively captures the historical visiting signals
up to the given observation time ¢. Since previous researches



Data Metrics |LightGCN HCCF | GeolE SGRec DRAN |LSTPM STAN Diff-POI | GeoMamba Improv.
Recall@2 | 0.1606 0.2214|0.2521 0.3058 0.3086 | 0.2704 0.2634 0.3311 0.3840*  16.0%

Recall@5 | 0.2144 0.2889|0.2867 0.3507 0.3554| 0.3253 0.2940 0.4075 0.4265*  4.67%

Singapore Recall@10 | 0.2419 0.3474|0.3162 0.3884 0.3921| 0.3791 0.3280 0.4201 04581  9.05%
NDCG@2 | 0.1720 0.2038|0.2428 0.2274 0.2972| 0.2610 0.2831 0.3178 | 0.3728* 17.3%

NDCG@5 | 0.1789 0.2341]0.2583 0.2697 0.3175| 0.2697 0.2995 0.3390 | 0.3924* 15.8%

NDCG@10| 0.1892 0.2530|0.2679 0.2916 0.3297| 0.2749 0.2892 0.3526 | 0.3993* 15.4%

Recall@2 | 0.3917 0.4463|0.4975 0.5091 0.5225| 0.5029 0.5105 0.5862 | 0.6329* 7.97%

Recall@5 | 0.4473 0.5198|0.5408 0.5488 0.5570| 0.5513 0.5489 0.6265 0.6640*  5.99%

Tokyo Recall@10 | 0.4936 0.5744]0.5726 0.6173 0.6210| 0.5795 0.6167 0.6555 0.6874*  4.87%
NDCG@2 | 0.4207 0.4231]0.4842 0.4715 0.5089 | 0.4724 0.4990 0.5748 | 0.6224* 7.61%

NDCG@5 | 0.4354 0.4562]0.5037 0.4905 0.5390| 0.4881 0.5264 0.5930 | 0.6365*  7.34%

NDCG@10| 0.4403 0.4739|0.5141 0.5112 0.5602 | 0.4962 0.5554 0.6023 0.6441  6.94%

Recall@2 | 0.3789 0.4912|0.5655 0.5734 0.5859| 0.5754 0.6027 0.6501 0.6893*  6.03%

Recall@5 | 0.4363 0.5517|0.5994 0.6175 0.6253 | 0.6020 0.6358 0.6725 0.7011*  4.25%

New York City Recall@10 | 0.4519 0.5908|0.6251 0.6424 0.6478| 0.6312 0.6533 0.6873 0.7091*  3.17%
NDCG@2 | 0.3819 0.4701]0.5629 0.5490 0.5702| 0.5524 0.5887 0.6411 0.6846*  6.79%

NDCG@5 | 0.3867 0.4972]0.5716 0.5559 0.5881 | 0.5596 0.6092 0.6513 0.6902*  5.97%

NDCG@10| 0.3903 0.5099 |0.5805 0.5613 0.5956 | 0.5681 0.6124 0.6561 0.6928*  5.59%

Table 1: The test results of GeoMamba and all baselines. The highest performance is emphasized with bold font and the
second highest is marked with underlines. Results marked with * indicates that the corresponding results outperform the most
competitive baseline models at a significance level with a p-value<0.05 level of t-test.

on long sequences have revealed the fact that Markovian
SSMs struggle in recalling from distant historical informa-
tion (Arora et al. 2023), we propose to address this limita-
tion and incorporate multi-grained information by including
multiple observation endpoints within the signal sequences.
The representations extracted from these endpoints can ac-
curately reflect the user’s historical geographical and pref-
erence tendency towards other POI features by the end of
observation times.

In practice, to comprehensively represent the historical se-
quences, we evenly select N observation points across the
sequence: tops = {t;|t; = 57n}, given the visiting sequence
S, that involves n visits. The corresponding multi-scale rep-
resentations are subsequently obtained by:

i)yl gl e RVXA, (13)

To obtain the comprehensive representation of user’s his-
torical preference, the general user embedding is formed by
concatenating the two sets of representations:

L) (L
(’t) ( ));

[Concat(yy. i, Yy 1, (L) (D)

yg,tN ) yf,tN )} .
(14)

Fine-grained Matryoshka Learning Trick After ob-
taining the multi-scaled representation of input sequences
RY .., »itis crucial to find a way to fully utilize these rep-
resentations and exploit the implicit patterns from multiple
facets. Common approaches involve either directly aggre-
gating the representations (Huang et al. 2024), or using gate-
controlled mechanisms (Wang et al. 2022¢). However, it is
noteworthy that these representations share overlapping in-
formation and thus vary in their significance for predicting
the next POI. Specifically, representations with later obser-
vation time would inherently contain information from pre-
vious sequences. This overlap and imbalance can lead to

U

b = ...; Concat(
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suboptimal results when processed with straightforward ag-
gregation methods introduced above.

To address the aforementioned redundant information is-
sue, we draw inspirations from previous advances in sen-
tence representation learning (Kusupati et al. 2022) and
adopt a Matryoshka Representation Learning (MRL) trick
to capture the multi-granular characteristics with different
representation scales. Under MRL, representations are trans-
formed into latent spaces of varying scales according to their
carried information. Specifically, the overall objective of Ge-
oMamba at T'-th target POI is formulated as:

N

Ly=Y Lep(Wi - Fe(Rlp 1 08,):Ph11),
k=1

where Log(-,-) stands for the cross-entropy loss, W, €

5)

RIPI¥27"d are series of trainable linear transforma-
tions for multi-scaled representations. The transformation
Fy(+;0Fp,) : 2d — 27%d, parameterized by 0, , maps se-
quence representations into multi-granularity spaces. The
Matryoshka representations of sequences enable the model
to capture initial sub-sequences of visits with smaller em-
bedding dimensions, while modeling long-term historical
data with larger representations. These finely-grained, multi-
granularity representations are then independently utilized
for next POI prediction and model optimization.

The recommendation results of GeoMamba are then ob-
tained by jointly considering the multi-scale factor of input
visiting signals to compute the recommendation score:

N
[Z(Wk ’ Fk(Rgomb,kv Or.))]i -
k=1

Where the scores towards candidates POIs are then used
for downstream top-K recommendation process.

u
pi

Score (16)



Singapore Tokyo NYC

R@2 N@2 R@2 N@2 R@2 N@2

V-Artn. 0.2719 0.2580 0.5684 0.5583 0.5667 0.5571
V-Mamba 0.2833 0.2688 0.5453 0.5842 0.6067 0.5954
w/o E-SSM 0.3095 0.2964 0.5636 0.5882 0.6268 0.6566
w/o G-SSM  0.3541 0.3468 0.6115 0.5998 0.6752 0.6683
w/o MRL 0.3543 0.3424 0.6229 0.6128 0.6724 0.6657
Original  0.3740 0.3671 0.6329 0.6224 0.6893 0.6846

Variant

Table 2: The ablation results of GeoMamba. R@2 and N@2
are short for Recall@2 and NDCG @2 repsectively.

Experiment

To evaluate the effectiveness of GeoMamba, as well as the
functionality of model components, we conduct series of ex-
periments and studies in this section to validate the capabil-
ity of the proposed GeoMamba.

Experimental Settings

Datasets and Evaluation Protocols To make a compre-
hensive evaluation of the model performance, the experi-
ments of the proposed GeoMamba and baseline models are
conducted on three widely used datasets for POI check-in
recommendation. The visit data are collected on a real-world
check-in platform Foursquare (Yang et al. 2014) from Sin-
gapore, Tokyo, and New York City respectively.

We adopt the same data split strategy from previous works
(Wang et al. 2022a; Qin et al. 2023b) and split the sequences
in chronological order by 80%, 10%, 10% ratio into train,
valid, and test sets. To evaluate model performance, we use
the commonly adopted Recall@K and NDCG @K as evalu-
ation metrics, with the cut-off K is chosen from {2, 5, 10}.

Baseline Models We choose a wide range of representa-
tive baseline methods from three perspectives:

POI correlation-based models: Include the classical
user-item graph-based model LightGCN (He et al. 2020)
and a hypergraph framework HCCF (Xia et al. 2022).

Location Graph-based Models: Include location
representation-based model GeolE (Wang et al. 2018),
a sequence graph augmentation model SGRec (Li et al.
2021), and a disentangled dual graph representation-based
model DRAN (Wang et al. 2022a).

Spatio-temporal Sequence Models: Include a spatio-
temporal LSTM model LSTPM (Sun et al. 2020), an
attention-based STAN (Luo, Liu, and Liu 2021), and a dif-
fusion generative model Diff-POI (Qin et al. 2023b).

Implementation Details We implement GeoMamba and
the baseline methods in PyTorch based on the open-sourced
implementations or acquire from the authors. The embed-
ding sizes are fixed to 64 and models are optimized by Adam
optimizer with L2 normalization weight of 0.001. For Ge-
oMamba, we finetune the scale number N from {2,3,4}
and the learning rate is fixed as 0.01. The filter coefficient
K and J for GaPPO are selected from {1,2,3}, and we
fix v, = 7y = 1. The number of SSM layers is set as
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Figure 3: Model performance w.r.t. model depth L.

L = 2. We conduct experiments with randomly chosen
seeds 5 times to represent model performance.

General Comparison

We conduct the general experiments to evaluate the recom-
mendation performance of the aforementioned models on
the three datasets, and the corresponding results are listed
in Table 1. From the results we can observe that:

The proposed GeoMamba outperforms all the state-of-
the-art methods and achieves significant improvements on
all datasets. Specifically, GeoMamba achieves more than
16.0%, 8.0%, and 6.0% performance gain in Recall@2,
as well as more than 17.3%, 7.6%, and 6.8% performance
gain in NDCG@2 on three datasets respectively, com-
pared with the baseline models.

Compared graph-based models that depicts geographical
relationship with POI graphs, sequential models exhibit
slight advantages in next POI recommendation. By ex-
tending the state space model architectures to incorporate
graph-described locational relationship, the GaPPO-based
GeoMambea is able to fully exploit the potential

Ablation Studies

To validate the effectiveness of the proposed components
of GeoMamba, we conduct several ablation studies. Specifi-
cally, we evaluate the performance of several variants of Ge-
oMamba: model with the SSM encoders replaced by vanilla
transformer and Mamba layers (V-Attn. and V-Mamba),
model without the geographical SSM encoder (G-SSM) and
the enhanced Mamba encoder (E-SSM), and model without
multi-scaled Matryoshka representation learning. From the
results in Table 2 we can observe that:

e The vanilla transformer and Mamba layer have similar
performance on POI recommendation tasks, both inferior
to the corresponding specialized recommendation model.
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The geographical SSM, the Matryoshka representation
learning technique, and the enhanced Mamba encoder all
contribute to GeoMamba’s recommendation performance.
Specifically, the feature-enhanced Mamba encoder plays a
more significant role in model performance.

Parameter Analyses

To investigate model’s sensitivity and robustness towards
different settings, we conduct a series of parameter analyses
on the model layers L, the granularity number N, as well as
the GaPPO filter parameter K and J.

From Figure 3 which illustrates the model performance
w.r.t. number of layers L, we can observe that as the SSM
layers go deeper, the model could benefit from more expres-
sive sequence encoders which yield informative visit embed-
dings, the performance gain decreases as the model depth L
growing and eventually results in performance decline.

Additionally, we tune the representation granularity N
and the experimental results are reported in Figure 4. From
the figure we can observe that the appropriate granularity
varies across different datasets. While the granularity with
from 2 to 4 scales would be suitable for most settings, the
optimal N depends on the specific datasets.

To validate model’s sensitivity towards the settings of
GaPPO operator, we simultaneously adjust the filter size of
K and J, which control the graph filter from both tempo-
ral and spectral dimensions. From the results in Figure 5, we
can conclude that GaPPOs with larger window sizes may not
necessarily have better performance.
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Figure 6: Visualization of model recommendation results
and user’s visiting trajectory.

In-depth Studies

To gain a better understanding on the nature of the proposed
graph SSM encoder, as well as investigate the interpretabil-
ity of the model’s recommendation results, we carried out
series of in-depth studies on Singapore dataset that reflect
the nature of GeoMamba’s recommendation process.

Specifically, We adopt the heat map visualization of the
check-in trajectory of a randomly-selected user from Sin-
gapore dataset, and the personalized top-50 recommended
POIs from GeoMamba model and the two modules are cho-
sen for illustrative comparison. The blue map markers rep-
resent the ground-truth POI of the user’s next visit. From
the visualization results in Figure 6 we can observe that
The user’s previous check-ins were shifted between two hot
spots, i.e. from the cultural attractions around Marina Cen-
tre to the shopping centers on the Orchard Road. Both the
general model outputs and the two SSM encoders are capa-
ble of capturing such intention transition patterns. Compared
with the enhanced Mamba encoder, the geographical SSM
encoder makes more concentrated recommendations around
the user’s historical check-ins and its next visit.

Conclusion

In this paper, we propose GeoMamba, a state space model-
based POI recommendation model that is specified for rep-
resenting the spatio-temporal state transitions in visit se-
quences. To extend the expressiveness of the sequence state
space, we propose a novel GaPPO-based graph SSM that
captures the geographical correlation between POlIs, as well
as a enhanced Mamba encoder to capture the non-locational
POI characteristics. The finely-grained representations are
further extracted via a Matryoshka representation learning
module. Experimental results illustrate the effectiveness of
geographical SSMs for next POI recommendations.
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