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Abstract

Cross-city point-of-interest (POI) recommendation is crucial for
navigating unfamiliar urban environments, yet its progress has his-
torically been constrained by data limitations. Using the recently
proposed large-scale benchmark Trip WoORLD [3], we empirically
re-examine whether conclusions drawn on small prior benchmarks
still hold under worldwide coverage, low home-destination re-
gion overlap, and large, semantically rich POI inventories. Our
evaluation surfaces three bottlenecks of representative state-of-the-
art methods: (1) hometown-aware models appear to rely more on
destination-region priors than on user-specific preference trans-
fer; (2) their accuracy—-efficiency trade-off degrades at this scale,
where the simplest model is among the strongest; and (3) existing
mechanisms for integrating semantic metadata yield little benefit.
We further include a diagnostic pilot on agentic methods adapted
from next-POI recommendation, finding that naive adaptation trails
a simple popularity prior even though the relevant semantic sig-
nal is present in the data. These results highlight the need for
task-specific designs that support cross-city preference transfer, se-
mantic grounding, and scalable reasoning over unseen destination
inventories.
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1 Introduction

Point-of-interest (POI) recommendation underpins location-based
services, helping users discover relevant places [28, 29]. Most work
targets the in-city or next-POI setting, where users repeatedly in-
teract with POIs in their home region [13, 19]. Many real travel
scenarios break this assumption: a traveler arriving in an unfamil-
iar city has no prior interactions with the destination POIs, only a
short and sparse trajectory, and preferences that shift from every-
day routines to tourism. Cross-city POI recommendation therefore
requires transferring user preferences from a home city to a des-
tination with a largely unseen POI inventory [4, 13, 17], while
contending with habitual histories that do not translate to travel be-
havior, geographically and semantically disjoint POIs, and limited
sequential evidence [14, 22].

Progress on this setting has been limited by the lack of large-
scale, realistic, and semantically rich benchmarks. Existing datasets
are designed for single-city or in-city next-POI prediction [1, 18],
or are small, geographically narrow, and metadata-poor [19, 23, 24].
Some provide only coordinates and coarse categories, while others
offer rich reviews but rely on review-derived interactions that need
not correspond to real visit sequences. These limitations make
it hard to evaluate whether a method generalizes across cities,
exploits semantic POI information, or handles the extreme cold
start travelers face.

We conduct our evaluation on Trrp WORLD [3], a recently pro-
posed large-scale benchmark that provides worldwide out-of-town
check-ins together with enriched POI metadata and user reviews,
to rigorously study cross-city POI recommendation. Its scale and
coverage support a unified comparison of classical, neural, and re-
cent agentic methods, and enable testing whether models leverage
mobility history, destination context, POI semantics, and travel-
specific behavior beyond simple proximity or popularity signals.
Our contributions are:

e We evaluate representative cross-city POI recommendation
methods on TrRip WORLD, spanning popularity-based, se-
quential, neural, semantic-aware, and large language model
(LLM)-agentic approaches.

e We surface three bottlenecks: hometown-aware methods
appear to rely more on destination-region priors than on
transferable user preferences; the simplest model is among
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the strongest while the most compositional ranks lowest at
much higher cost; and existing semantic-integration mecha-
nisms yield little benefit.

o Asadiagnostic pilot, we benchmark agentic methods adapted
from next-POI recommendation and show that naive trans-
fer is insufficient, charting directions for cross-city-native
designs.

2 Related Work
2.1 Trip and Cross-City POI Recommendation

Intra-city trip recommendation predicts a sequence of interme-
diate POIs given an origin, destination, and budget within one
region. Learning-based methods evolved from combinatorial op-
timization to deep sequence models: MatTrip [27] (a dual-LSTM
encoder-decoder), Graph-Trip [9] (heterogeneous POI graphs), AR-
Trip [16] (a Transformer mitigating repetition), and PPROC [11]
(neural spatiotemporal point processes). All rely on rich localized
history and degrade under the cold start of out-of-town travel.
Cross-city (out-of-town) recommenders transfer preferences
from a data-rich hometown to an unfamiliar target city across
disjoint POI spaces. Early generative and content-aware models
share a city-agnostic latent space [8, 25, 26]; graph and causal
approaches disentangle hometown preference from destination
constraints [15, 21], and meta-learning transfers preference ini-
tializations across cities [2, 5, 20]. Most target isolated next-POI
prediction; SPOT-Trip [14] instead unifies trip modeling with cross-
city transfer via a POI attribute knowledge graph and neural ODEs
for preference drift, reaching state of the art in data-scarce regions.

2.2 Datasets for Trip and Cross-City
Recommendation

Table 1 summarizes six widely used datasets. Edinburgh, Glasgow,
Osaka, and Toronto are reconstructed from Flickr photos [1, 18]
and each cover a single region with only hometown check-ins.
Only Foursquare [23, 24] and Yelp® contain genuine cross-city ac-
tivity, so we adopt them for comparison; both are small and largely
US-centric. Foursquare carries no auxiliary point-of-interest (POI)
information, whereas Yelp offers rich reviews but its check-ins
are review artifacts rather than real visits, with roughly 50% of
out-of-town behavior being “phantom travel” within the same met-
ropolitan area. These gaps motivate a large-scale, worldwide, and
semantically rich benchmark such as Trip WoRrwD [3], which we
adopt for our evaluation.

3 Experiments
3.1 Experimental setup

3.1.1 Task. Given a user’s hometown check-in history H, and an
out-of-town trip specified by its origin o, destination d, target region
r, and length L, the task is to predict the ordered intermediate POIs
Co[1:—1] visited between o and d. All models observe H,, o, d, r,
and L; semantic-aware variants additionally observe POI categories,
coordinates, and review-derived signals. Evaluation is over the
intermediate POIs only.

https://www.yelp.com/dataset
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Table 1: Statistics of prior datasets. CIs denote check-ins;
Home and out-of-town (OOT) are hometown and out-of-town
check-ins. Real CI indicates whether the dataset contains
genuine check-in events (v') versus reconstructed or proxy
records (X). The four city-specific datasets cover a single re-
gion and contain only hometown check-ins by construction.

Dataset Users Regions POlIs CIs Home OOT Real CI
Edinburgh 1,454 1 28 33,944 33,944 0 X
Glasgow 601 1 27 11,434 11,434 0 X
Osaka 450 1 27 7,747 7,747 0 X
Toronto 1,395 1 29 39,419 39,419 0 X
Foursquare 3,007 21 23,884 126,219 109,225 16,994 v
Yelp 4,417 214 29,930 78,882 58,403 20,479 X

Table 2: Statistics of TRIP WORLD after processing. CIs: check-
ins; Avg |¢,|: mean number of POIs per out-of-town trip.

Dataset #Users #POIs #Regions #Home CIs #Travel Cls Avg |c,|

Trip WORLD 63,896 336,102 890 6,242,544 576,504 4.97

3.1.2  Baselines. We benchmark 7 baselines: 4 trip recommendation
methods without hometown information (Popularity [1], Graph-
Trip [9], MatTrip [27], AR-Trip [16]) and 3 with hometown infor-
mation (KDDC [15], PPROC [10], SPOT-Trip [14]), where KDDC
and PPROC use the SPOT-Trip backbone. The Popularity base-
line ranks POIs by their global training-set visit frequency. All
experiments run on a cluster of H200 GPUs.

3.1.3  Evaluation metric. We adopt F1 and Pairs-F1, following exist-
ing work [9, 12, 14, 16]: F1 measures the overlap between predicted
and ground-truth intermediate POIs, while Pairs-F1 additionally
rewards correct visiting order. Both are computed over the inter-
mediate POIs only, excluding the fixed origin and destination.

3.1.4 Dataset processing. We follow [14] to process the dataset.
We filter out users with fewer than three out-of-town check-in
records, and exclude out-of-town trips whose travel durations are
shorter than 1 hour or longer than 30 days. We partition by user into
training, validation, and testing sets with an 80%/10%/10% ratio.
For baselines that require knowledge graphs, we generate entity-
specific relations following the original papers, using auxiliary
information from the dataset. Statistics after processing are shown
in Table 2.

3.2 Results and Discussion

We report baseline performance in Table 3. Using the published
Foursquare/Yelp results as a contextual reference rather than a
controlled re-run in our pipeline, we observe that the relative rank-
ing on Trip World differs: there, the simplest model (MatTrip) is
among the strongest while the most compositional, hometown-
aware SPOT-Trip ranks lowest. We examine possible explanations
below.

3.2.1 Transferable preferences, or region priors? On Trip World,
methods that use hometown information do not outperform those
relying solely on out-of-town signals, unlike on Foursquare and
Yelp [14]. The standard framing casts these methods as learning
user preferences from home history and transferring them to the
destination. However, as shown in Table 4, only 30.9% of destination
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Table 3: Out-of-town trip recommendation performance, measured by F1 and Pairs-F1 over the intermediate POIs (higher
is better, 7). Foursquare and Yelp numbers are reproduced from Liu et al. [14] (single published values), not re-run in our
pipeline; Trip World numbers are averaged over 3 random seeds (per-seed std <0.003 for F1 and <0.0013 for Pairs-F1, so the
neural baselines differ by within roughly one standard deviation). Bold marks the best value per column. SPOT-Trip no-review
is a Trip-World-specific ablation that removes the review-rating relation and has no counterpart in the original benchmark (—).

Foursquare Yelp Trip World

Architecture F17 Pairs-F1 T Pairs-F1 T F17 Pairs-F1 7

Popularity [1] 0.0261 0.0013 0.0257 0.0056 0.0222 £ 0.0012 0.0057 + 0.0005
MatTrip [27] 0.0311 0.0037 0.0301 0.0119 0.0601+0.0019 0.0166 +0.0010
GraphTrip [9] 0.0295 0.0048 0.0289 0.0126 0.0582 +0.0017 0.0164 + 0.0005
AR-Trip [16] 0.0304 0.0045 0.0307 0.0153 0.0562 + 0.0028 0.0151+0.0013
KDDC [15] 0.0375 0.0079 0.0341 0.0156 0.0575 £+ 0.0005 0.0159 +0.0001
PPROC [10] 0.0330 0.0071 0.0334 0.0159 0.0554 + 0.0008 0.0148 +0.0008
SPOT-Trip no-review [14] — - — — 0.0572+£0.0004  0.0159 + 0.0006
SPOT-Trip full [14] 0.0400 0.0109 0.0399 0.0190 0.0557 +£0.0013 0.0151+0.0010

Table 4: Region overlap between home regions (Rj) and des-
tination regions (R,) on the three benchmarks. Dest-coverage
is the fraction of destination regions that also appear as a
home region. Dest-only regions count regions that appear
only as destinations and never as homes.

Dataset Dest-coverage |Rn, N R,|/|Ro| Dest-only regions
Foursquare 95.2% 1

Yelp 69.9% 56

Trip World 30.9% 603

regions in Trip World also appear as home regions for other users,
far below Foursquare and Yelp. This pattern suggests that, in this
low-overlap regime, the methods rely more on region-conditional
POI distributions (effectively per-region popularity priors) than on
user preferences that transfer across regions. We test this directly
on SPOT-Trip, the most complete hometown-aware model (KDDC
and PPROC share its backbone): at test time we replace each trip’s
hometown history with that of a random other user, holding the
trained model and decoder fixed. Across three seeds, this shuffling
leaves F1 unchanged (relative change <0.55%, within the cross-seed
standard deviation), so the model is invariant to whose home it
sees and does not exploit user-specific hometown preference. We
benchmark the most complete model; extending the ablation to
every architecture is left to future work.

3.2.2  Accuracy-efficiency trade-off at scale. Trip World is an or-
der of magnitude larger than previous benchmarks, raising the
question of how the baselines behave at this scale. MatTrip, the
simplest model (a Bi-LSTM with Bahdanau attention), attains the
best accuracy, while the most compositional model, SPOT-Trip (a
knowledge graph with an ODE decoder), ranks lowest while being
the costliest to train (Table 5). This is consistent with the additional
inductive biases adding variance rather than reducing it in a regime
where the per-POI gradient signal is sparse (336,102 POIs across
890 regions). We cannot fully separate architecture from tuning
or implementation here, and leave a controlled scaling study (e.g.,
training-size sweeps) to future work; nonetheless, the architectures
that pay the most overhead also score lowest.

Table 5: Per-epoch training time on Trip World (single H200
GPU).

Architecture s / epoch Relative to MatTrip
MatTrip 58 1.0x
GraphTrip 178 3.1x
KDDC 137 2.4%
AR-Trip 304 5.2%
PPROC 330 5.7x
SPOT-Trip full 422 7.3%

3.2.3  Integrating semantic metadata. Trip World provides rich se-
mantic features. We probe one common integration mechanism:
SPOT-Trip full adds a knowledge-graph relation encoding each POI's
average rating, while SPOT-Trip no-review omits it. Counterintu-
itively, SPOT-Trip no-review outperforms SPOT-Trip full, indicating
that this particular mechanism, a single review-derived rating rela-
tion, does not help. We stress that this probes one mechanism rather
than semantic metadata in general; the richer review text and user-
taste signals are examined in our agentic pilot (Section 3.3). Existing
methods were not designed for such features, as they were unavail-
able in prior benchmarks, and we hope Trip World’s semantics
motivate models that can harness them.

3.3 Can Agentic Methods Transfer to Cross-City
Recommendation?

As a diagnostic pilot, we test whether LLM-based agentic methods,
which reason over textual context and natively consume semantic
metadata, alleviate the bottlenecks above. We adapt two represen-
tative methods from next-POI prediction: LLMMove [7], a direct
LLM ranking prompt, and AgentMove [6], a full agent with mem-
ory and world-model reasoning, both backed by Claude Haiku 4.5
(claude-haiku-4-5).

Adaptation and setup. Open-vocabulary generation over the
336,102-POI inventory is infeasible for an LLM, a first finding in
itself. We thus recast the task as in-candidate selection: each query
receives a menu of 100 candidates guaranteed to contain the ground-
truth intermediates, which the agent selects and orders. Negatives
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Table 6: Agentic methods on cross-city POI recommenda-
tion (in-candidate setting, data-rich destinations, Claude
Haiku 4.5). Values are not comparable to Table 3; the refer-
ences are the in-candidate Popularity and Random baselines.
Bold marks the best value per column.

Method F17 Pairs-F1 T

Random (in-candidate) 0.0361 0.0040
AgentMove [6], no semantics ~ 0.0627 0.0102
AgentMove [6], + semantics 0.0658 0.0116
LLMMove [7], + semantics 0.0718 0.0146
LLMMove [7], + popularity 0.0820 0.0189

Popularity (in-candidate) 0.1069 0.0234

Table 7: Disentangling the two semantic signals on cold-start
destinations (< 30 training trips), LLMMove with Claude
Haiku 4.5 (in-candidate). Removing either signal improves
F1; the variant with no semantics is best among the LLMs,
and all trail the Popularity prior.

Variant F1T  Pairs-F17
Random (in-candidate) 0.0324 0.0089
+taste +review 0.0490 0.0083
+taste —review 0.0536 0.0097
—taste +review 0.0524 0.0125
—taste —review 0.0591 0.0144
Popularity (in-candidate) 0.0686  0.0176

are sampled to approximately match ground-truth popularity (resid-
ual GT-vs-negative popularity AUC ~0.55), so popularity cannot
trivially separate the answer; the in-candidate Popularity baseline
ranks candidates by leave-one-out training frequency. Because this
restriction raises the chance level, absolute F1 here is not compa-
rable to Table 3; the fair references are the in-candidate Popular-
ity and Random baselines. Beyond trajectory context, we supply
two review-grounded signals. The review summary is a short LLM-
written description of what a POI is known for and whom it suits,
distilled from its reviews and attached to every candidate. The
user-taste profile is a concise LLM-written description of a user’s
preferred cuisines, venue types, vibe, and price level, distilled from
the review summaries of the POIs the user visited at home, and
prepended to the prompt.

Naive transfer underperforms a popularity prior. Table 6 re-
ports the in-candidate results on data-rich destinations. Every agen-
tic variant trails the simple in-candidate Popularity prior by a wide
margin (e.g., 0.0718 vs. 0.1069 F1). Echoing the scaling result for
neural baselines, the more elaborate AgentMove underperforms
the lighter LLMMove prompt, indicating that additional agentic ma-
chinery again adds variance rather than signal. Strikingly, injecting
the candidates’ popularity into the prompt (LLMMove, + popularity)
helps more than any semantic signal, yet still does not close the
gap to the popularity baseline. Naive transfer of agentic methods is
therefore insufficient for cross-city POI recommendation.

Semantics are not exploited, but the signal is present. To probe
the semantic bottleneck, we disentangle the user-taste and review
signals on the cold-start slice (destinations with < 30 training trips),
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where transfer matters most. Table 7 shows that both signals in-
dependently hurt: removing either improves F1, and the variant
with no semantics is the strongest LLM configuration. This is not
a data-quality artifact, cold-start POI summaries are in fact well
sourced (a median of 342 reviews per summarized POI). Rather, the
agent cannot convert the metadata into correct selections and is
instead distracted away from the popularity prior. Crucially, the in-
formation is present: the ground-truth intermediates are measurably
aligned with the user’s hometown taste, matching the user’s home
POI categories 40.6% of the time versus 25.3% for the popularity-
matched negatives. The limitation is therefore one of method, not
of available signal.

Where the headroom lies. The dominance of popularity is itself
partly an artifact of the benchmark and metric. Popularity still wins
overall only because the candidate matching is approximate and
most queries have popular ground truth: stratifying by ground-truth
popularity, the prior is strong where the answer is itself popular,
but on the long-tail third of queries it falls to near the Random floor,
where the LLM agents exceed it. This is where semantic reasoning
should help, pointing to directions for cross-city-native methods:
(i) anchor on the popularity prior and use semantics only to refine
among comparable candidates, rather than letting free-form gener-
ation override a reliable prior; (ii) align POI semantics to the user-
taste vocabulary, since current review summaries describe service
sentiment largely orthogonal to the preferences that distinguish
the ground truth; and (iii) develop scalable retrieval and grounding
to relax the in-candidate restriction toward open-vocabulary cross-
city recommendation. These mirror the three bottlenecks found
for neural baselines, preference transfer, semantic grounding, and
scale.

4 Conclusion

Using Trip WORLD, a large-scale, worldwide, and semantically rich
benchmark, we re-examined state-of-the-art methods for cross-city
POI recommendation. Our evaluation surfaces three bottlenecks.
First, under TRip WoRLD’s low home-destination region overlap,
hometown-aware methods rely on per-region popularity priors
rather than transferable user preferences: replacing a user’s home-
town history with a random other user’s leaves SPOT-Trip—the
most complete such model—essentially unchanged, confirming di-
rectly that it does not exploit user-specific home signal. Second,
their accuracy—-efficiency trade-off degrades at this scale: the sim-
plest model (MatTrip) is among the strongest, while the most com-
positional (SPOT-Trip) ranks lowest at the highest cost. Third, a
common mechanism for integrating semantic metadata yields no
benefit. A diagnostic pilot on agentic LLM methods fares no better:
they trail a simple in-candidate popularity prior, even though the
relevant semantic signal is present in the data. Overall, progress will
require task-specific designs for cross-city preference transfer, se-
mantic grounding, and scalable reasoning over unseen destination
inventories.
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