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Abstract

Recent advances in multimodal large language models
(MLLMs) have significantly enhanced video understanding
capabilities, opening new possibilities for practical applica-
tions. Yet current video benchmarks focus largely on in-
door scenes or short-range outdoor activities, leaving the
challenges associated with long-distance travel largely unex-
plored. Mastering extended geospatial-temporal trajectories
is critical for next-generation MLLMs, underpinning real-
world tasks such as embodied-AI planning and navigation. To
bridge this gap, we present VIR-Bench, a novel benchmark
consisting of 200 travel videos that frames itinerary recon-
struction as a challenging task designed to evaluate and push
forward MLLMs’ geospatial-temporal intelligence. Experi-
mental results reveal that state-of-the-art MLLMs, including
proprietary ones, struggle to achieve high scores, underscor-
ing the difficulty of handling videos that span extended spa-
tial and temporal scales. Moreover, we conduct an in-depth
case study in which we develop a prototype travel-planning
agent that leverages the insights gained from VIR-Bench. The
agent’s markedly improved itinerary recommendations verify
that our evaluation protocol not only benchmarks models ef-
fectively but also translates into concrete performance gains
in user-facing applications.

Code — https://github.com/nlp-waseda/VIR-Bench
Dataset —

https://soya.infini-cloud.net/share/1302266998c5d047
Extended version — https://arxiv.org/abs/2509.19002

Introduction
Recent advances in multimodal large language models
(MLLMs) (Liu et al. 2023; Li et al. 2024b; Lin et al. 2024;
OpenAI et al. 2024) have improved remarkable capabili-
ties in video understanding. Lately, research attention has
shifted toward evaluating the spatial and temporal reasoning
abilities of MLLMs, prompting the proposal of new bench-
marks (Grauman et al. 2022; Chandrasegaran et al. 2024;
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Jia et al. 2024; Yang et al. 2025; Lin et al. 2025). How-
ever, existing benchmarks primarily focus on micro-scale
scenarios, such as indoor scenes or short-range outdoor ac-
tivities, leaving macro-scale geospatial scenarios, namely,
long-distance travel activities involving multi-day footage
across multiple cities, largely unexplored. We argue that
long-horizon geospatial-temporal reasoning is essential for
next-generation MLLMs, as numerous real-world applica-
tions, such as embodied AI planning, navigation, and au-
tonomous driving, heavily rely on these capabilities.

To address this gap, we introduce VIR-Bench, a bench-
mark to evaluate long-range geospatial-temporal under-
standing via itinerary reconstruction from travel vlog videos.
The core output is a directed visiting order graph (Yamamoto
et al. 2025): nodes represent locations at three granulari-
ties (prefecture, city, and point of interest (POI)) and edges
represent two relations, inclusion for spatial hierarchy and
transition for temporal adjacency. By decomposing the task
into two sub-tasks: (1) node prediction, identifying all loca-
tions visited; and (2) edge prediction, inferring geographic
inclusion relations and temporal transition relations among
visited locations, VIR-Bench enables separate evaluation of
geospatial and temporal intelligence. Because the footage
is mostly egocentric or selfie-style, models must construct
a holistic understanding from partial views, which further
stresses geospatial–temporal reasoning. The dataset com-
prises 200 travel vlogs filmed across Japan, a major inbound
tourism destination, each accompanied by a manually anno-
tated and double-reviewed visiting order graph. We show the
overview of VIR-Bench in Figure 1.

Through extensive experiments on state-of-the-art open-
weight and proprietary MLLMs, we observe persistent chal-
lenge in geospatial and temporal understanding. Partic-
ularly, open-weight models suffer from insufficient geo-
graphic knowledge and limited capability for long-context
reasoning. Although proprietary models achieve better per-
formance, they still struggle on POI node prediction and
transition edge prediction, which remain major bottlenecks.
Ablations further reveal that more visual context (frames),
greater reasoning effort, and access to audio each provide
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Figure 1: Overview of VIR-Bench. Given an input travel video (Top), we reconstruct a visiting order graph (Right) whose
nodes are visited locations (prefectures, cities, and POIs) and whose edges capture both temporal transitions and geographic
containment among the locations. The itinerary visualization (Left) omits the second stop at Atami Station for visual clarity.
The video frames are adopted from https://www.youtube.com/watch?v=6aJ4CZfn9c8.

consistent gains. Collectively, these findings highlight key
obstacles that need to be addressed to advance geospatial-
temporal applications in real-world settings.

In addition, we develop a prototype travel-planning agent
that generates travel plans directly from videos and their cor-
responding visiting order graphs. Results from crowdsourc-
ing and automatic evaluations indicate that the itinerary, rep-
resented by the POI list, is essential for producing logi-
cally sound and feasible plans, underscoring the importance
of itinerary reconstruction. Meanwhile, the video provides
rich, nuanced context that enhances the attractiveness of a
travel plan. A setting that uses both the itinerary and the
video leverages these complementary strengths, highlighting
a promising approach to generating high-quality travel plans
from multimedia sources. These findings validate that our
benchmark not only effectively evaluates models but also
pushes forward practical user-facing applications.

Related Work
Video Benchmarks
With the rapid advancement of MLLMs, recent video un-
derstanding benchmarks have increasingly prioritized eval-
uating models’ spatial and temporal reasoning capabili-
ties. For instance, Ego4D (Grauman et al. 2022) facil-
itates the evaluation of models’ comprehension of past
and future events by utilizing curated temporal data, while
HourVideo (Chandrasegaran et al. 2024) examines the per-
formance of models in understanding extended-duration
video content. VSI-Bench (Yang et al. 2025) assesses a
model’s ability to infer 3D scene layouts from 2D video in-
puts, while OST-Bench (Lin et al. 2025) evaluates spatial-
temporal understanding by requiring models to explore and
interpret information within a 3D space. CityGuessr (Kulka-
rni, Nayak, and Shah 2024) introduces a video-based bench-
mark for assessing geo-localization using driving videos,
while UrbanVideo-Bench (Zhao et al. 2025) targets the em-
bodied cognitive abilities of MLLMs within urban 3D envi-
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ronments using drone-collected footage. Nevertheless, most
existing benchmarks primarily feature indoor scenarios or
short-distance outdoor movements, lacking extensive long-
distance traversal, such as inter-city journeys. Consequently,
these benchmarks are insufficient for thoroughly evaluating
the geospatial-temporal intelligence of MLLMs. In contrast,
VIR-Bench specifically addresses this gap by comprehen-
sively assessing video understanding capabilities across ex-
tended spatial (e.g., from Tokyo to Osaka, Hokkaido to Ky-
oto) and temporal (spanning multiple days) scales.

Itinerary Extraction
Researchers in natural language processing have substan-
tially studied the task of extracting travel trajectories from
text (Drymonas and Pfoser 2010; Kaushik et al. 2017; Haris
and Gan 2021; Yamamoto et al. 2025). A representative
study by Yamamoto et al. (2025) introduces a visiting order
graph designed to capture relationships among visited loca-
tions and provides a benchmark dataset for training and eval-
uating itinerary extraction models. In multimodal settings,
Pang et al. (2011) proposes a framework aimed at summa-
rizing travelogues by integrating text and images from blogs.
More recently, Rosa (2024) leverages MLLMs to perform
structured entity extraction from travel videos, while Zhuang
et al. (2024) tackles the inverse problem by generating vlogs
with diverse travel scenes. This study advances this line of
work by providing, to our knowledge, the first systematic in-
vestigation into extracting and reconstructing itineraries di-
rectly from videos, establishing a new benchmark for video-
centric geospatial and temporal understanding.

Itinerary Generation
The complexity of manual trip planning has driven research
into automated itinerary generation. Initial approaches were
often based on optimization problems like the Tourist Trip
Design Problem and classic machine learning (Gavalas et al.
2014; Chen, Ong, and Xie 2016; He, Qi, and Ramamo-
hanarao 2019; Carrillo et al. 2023). More recently, Large
Language Models (LLMs) have enabled more sophisticated
and flexible frameworks (Chen et al. 2024; Xie et al. 2024).
Current research trends include developing novel reasoning
paradigms (Gui et al. 2025), creating hybrid systems that
combine LLMs with classical planners (de la Rosa et al.
2024), and enhancing personalization through user model
integration and interactive feedback (Singh et al. 2024; Chen
et al. 2024; Otaki and Baba 2025).

To rigorously evaluate these methods, various bench-
marks have been developed. Notable studies include real-
world planning (Xie et al. 2024), fine-grained spatio-
temporal planning (Chaudhuri et al. 2025), and assessing
personalization (Singh et al. 2024).

Existing benchmarks and generation methods primarily
use text data such as user preferences and travel logs as in-
put. In contrast, this research uses travel videos as input,
aiming to reconstruct the itinerary based on their content.

Dataset Construction
VIR-Bench comprises 200 travel videos filmed across Japan,
each paired with a corresponding visiting order graph that

Root
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Taito City

Chiyoda City

Nagoya City

Sensō-ji
(tourist_attraction)
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(transit_station)

Nagoya Station
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Figure 2: Example of a visiting order graph. Inclusion edges
represent containment relationships, flowing from a larger
geographical area to a smaller one. Transition edges indi-
cate chronological movement between distinct locations at
the same hierarchical level.

captures the itinerary depicted in the video. In this section,
we present the construction process of VIR-Bench. We be-
gin by defining the visiting order graph, followed by a de-
tailed description of our data annotation procedure.

Visiting Order Graph
We adopt and refine the definition of a visiting order graph
introduced by Yamamoto et al. (2025). A simplified example
is shown in Figure 2.

A visiting order graph is a hierarchical directed graph with
four node types:
• Root node: the starting node of the graph.
• Prefecture node: the highest-level administrative divi-

sion (e.g., Tokyo, Osaka, Aichi).
• City node: a municipality within a prefecture, including

Tokyo’s special wards, cities, towns, and villages.
• POI node: a specific named location (point of interest),

such as landmarks, tourist attractions, stations, restau-
rants, cafes, stores, parks, or museums.

The graph includes two edge types:
• Inclusion edge: a directed edge representing contain-

ment of one location within another. This edge flows
from the larger geographical area to the smaller one.
– Prefecture → City (e.g., Aichi → Nagoya).
– City → POI (e.g., Nagoya → Nagoya Station).
– POI → sub-POI (e.g.,

Nagoya Station → Ippudo - Nagoya Station Branch).
• Transition edge: a directed edge representing movement

between two distinct locations at the same hierarchical
level; it indicates the chronological flow of travel.
– Between prefectures (e.g., Tokyo → Aichi).
– Between cities within the same prefecture

(e.g., Taito City → Chiyoda City).
– Between POIs within the same city

(e.g., Nagoya Station → MIRAI TOWER).
To prevent cycles in the graph, we treat multiple visits to

the same location as distinct nodes. Following Yamamoto
et al. (2025), we also introduce a special “Overlap” edge to
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handle POIs that are geographically overlapping but cannot
be represented through inclusion edges.

Data Annotation
Identifying locations visited in travel videos is similar to
playing GeoGuessr: annotators infer places from visual
cues. We recruited 10 Japan-based annotators, each tasked
with collecting 20 YouTube travel videos filmed in Japan.
The videos could be narrated in English or Japanese. Anno-
tators were asked to identify all visited POIs in each video.
We define a “visit” as when the POI appears in the video and
it is clear that the videographer visited the facility. For every
POI, they recorded the start and end times within the video
and provided the corresponding Google Maps URL. When a
location could not be uniquely identified (e.g., a cafe shown
without its name), they entered the placeholder UNKNOWN
and recorded the POI category (e.g., cat cafe).

After annotation, we retrieved detailed information of
each POI including name, address and categories using
Google Places API. Using the timestamped POIs, we then
constructed a visiting order graph for each video (e.g., Fig-
ure 2). We also conducted a quality check of the generated
graphs and corrected errors by rerunning the retrieval step
manually when POIs were incorrectly annotated or matched.
This pipeline yielded VIR-Bench, a dataset of 200 travel
videos (100 in English and 100 in Japanese) paired with their
corresponding visiting order graphs. In total, 3,689 POIs
were identified across 43 of Japan’s 47 prefectures. Detailed
annotation guidelines and dataset statistics are provided in
the extended version.

Experiments
Task Definition
We aim to generate visiting order graphs directly from
videos with MLLMs. However, our preliminary experiments
revealed that this end-to-end approach is too difficult for cur-
rent models. To address this, we decompose the task into two
sub-tasks: node prediction and edge prediction. We describe
each of these tasks in the following.

Node Prediction This task evaluates models’ geospatial
understanding, akin to playing “GeoGuessr”. Given a video,
MLLMs are asked to return all visited locations in three
JSON lists (prefectures, cities, and POIs). For each POI, the
model must also predict its category.

Edge Prediction Given a video and all visited locations
(gold labels, shuffled), MLLMs are asked to predict all in-
clusion and transition edges that constitute the video’s visit-
ing order graph. The output should be a JSON list of tuples
formatted as <source, target, edge type>. Inclu-
sion edge prediction evaluates models’ geospatial knowl-
edge, while transition edge prediction assesses their tempo-
ral understanding. We omit overlap edges in this task due to
their low frequency.

Benchmark Models
We evaluate the performance of mainstream MLLMs on
VIR-Bench, including both open-weight models (VideoL-

Figure 3: Overall results of top-performing models on VIR-
Bench.

LaMA3 (Zhang et al. 2025), LLaVA-Video (Zhang et al.
2024)), InternVL3 (Zhu et al. 2025), Qwen2.5-VL (Bai et al.
2025)) and proprietary models (GPT-4.1 (OpenAI 2025a),
o4-mini (OpenAI 2025b), Gemini-2.5-Flash and Pro (Co-
manici et al. 2025)). All models are evaluated in a zero-
shot setting. We use as many input frames as permitted by
each model’s interface or pre-training setup; only the Gem-
ini models accept audio input. Full details appear in the ex-
tended version.

Evaluation Metrics
We evaluate models using macro-averaged precision, re-
call, and F1 across both node and edge prediction. For pre-
fecture and city nodes, a prediction is considered correct
only if it exactly matches the gold label’s surface name.
For POIs, we apply a lightweight sequence-matching algo-
rithm: predictions with a similarity score above 0.7 (high
similarity) are treated as correct; predictions with a score
above 0.5 (moderate similarity) are also accepted if the pre-
dicted POI category matches the gold category; all others are
treated incorrect. For inclusion and transition edges, a pre-
diction is counted as correct only when the tuple <source,
target, edge type> exactly matches the gold tuple.

Main Results
We present the node-prediction results in Table 1, the edge-
prediction results in Table 2, and the overall performance
in Figure 3. The overall scores are computed as weighted
averages across different node and edge types, with weights
proportional to the number of elements in each task category.
We also provide a detailed error analysis in the extended ver-
sion.

Overall Performance Across all five task categories,
open-weight models continue to underperform proprietary
models. The strongest open model, Qwen2.5-VL-72B,
comes close to proprietary performance on the easier cat-
egories (prefecture node prediction and inclusion edge pre-
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Model Prefecture City POI OVR
Precision Recall F1 Precision Recall F1 Precision Recall F1 F1

Open-weight
VideoLLaMA3-7B 29.8 41.6 31.6 19.1 14.4 14.7 24.0 10.3 13.7 14.6
LLaVA-Video-7B 15.3 13.7 13.2 4.8 6.5 4.9 10.8 4.7 6.0 5.9
LLaVA-Video-72B 17.8 24.7 18.5 10.6 10.4 9.1 10.2 7.9 7.8 8.5
InternVL3-8B 20.1 17.3 17.9 8.8 8.0 7.2 10.4 4.5 6.0 6.8
InternVL3-38B 48.6 46.3 45.7 29.8 19.6 21.8 19.4 11.5 13.6 16.4
InternVL3-78B 58.2 60.5 56.7 41.1 33.7 33.5 30.4 14.8 19.0 22.8
Qwen2.5-VL-7B 46.9 45.1 44.5 30.7 25.3 25.3 27.5 16.8 19.8 21.9
Qwen2.5-VL-32B 74.7 70.6 69.7 53.6 38.1 41.2 37.4 26.1 29.2 33.0
Qwen2.5-VL-72B 86.2 73.6 77.2 65.4 43.8 49.0 52.3 26.6 33.9 38.1
Proprietary
GPT-4.1 91.2 85.9 86.5 75.9 62.6 66.0 61.0 51.0 53.6 57.0
o4-mini 90.3 85.6 86.1 71.3 59.0 62.3 63.1 44.8 50.4 53.9
Gemini-2.5-Flash 88.7 85.5 85.1 74.3 63.7 65.6 57.0 50.4 51.5 55.3
Gemini-2.5-Pro 89.7 89.0 87.7 73.4 68.2 68.6 51.8 58.1 52.8 57.4

Table 1: Evaluation results on node prediction. “OVR” abbrev for “Overall”. The open-weights and proprietary models with
the highest and second-highest overall average scores are highlighted with bright green and light green marks.

Model Inclusion Transition OVR
Precision Recall F1 Precision Recall F1 F1

Open-weight
VideoLLaMA3-7B 39.8 31.1 33.4 2.5 1.2 1.4 23.9
LLaVA-Video-7B 22.7 20.7 21.5 1.7 0.9 1.1 15.4
LLaVA-Video-72B 66.3 60.3 62.5 10.3 8.6 8.4 42.4
InternVL3-8B 48.3 45.2 46.0 4.9 2.4 2.5 31.2
InternVL3-38B 64.7 59.7 61.9 15.6 12.3 12.9 41.8
InternVL3-78B 74.4 67.5 70.6 20.7 11.8 13.4 48.9
Qwen2.5-VL-7B 32.0 28.6 29.6 1.5 1.3 1.3 18.0
Qwen2.5-VL-32B 66.6 61.3 63.5 23.5 15.5 16.5 44.6
Qwen2.5-VL-72B 76.5 69.2 72.3 32.6 18.5 20.8 52.4
Proprietary
GPT-4.1 78.3 75.9 76.5 34.2 36.2 34.4 58.8
o4-mini 86.0 79.0 82.0 40.9 41.0 40.5 64.9
Gemini-2.5-Flash 83.1 74.9 78.5 42.8 42.4 41.7 63.4
Gemini-2.5-Pro 94.8 87.6 90.8 66.4 68.0 66.8 80.7

Table 2: Evaluation results on edge prediction.

diction), but substantial gaps remain on the harder categories
(POI node prediction and transition edge prediction). Other
open models perform markedly worse: the LLaVA-Video se-
ries and InternVL3-8B achieve only single-digit F1 in city
and POI node prediction, and five of the nine models also
remain in single digits on transition edge prediction. In the
proprietary models, Gemini-2.5-Pro is the top performer, es-
pecially on edge prediction, yet its F1 scores for city/POI
node and transition edge prediction remain around 60. Taken
together, these findings indicate that VIR-Bench is highly
challenging for current MLLMs and highlight persistent lim-
itations in geospatial and temporal understanding.

Weak Results on Transition Edge Prediction Across the
tables, transition edge prediction is the most challenging
task. Video-LLaMA3-7B, LLaVA-Video-7B, and Qwen2.5-
VL-7B score only around 1, close to random guessing. A
plausible factor is the limited number of input frames (e.g.,

64 for the LLaVA-Video and InternVL3 series); however,
models with larger budgets (180 for Video-LLaMA3 and
256 for Qwen2.5-VL) still struggle, suggesting the issue
is not solely input length. Inspecting outputs from lower-
performing models reveals two recurrent failure modes:
(i) The model sometimes misinterprets the task, including
the definitions of inclusion and transition edges; although
it produces valid JSON, it yields nonsensical tuples such
as <Tokyo, Shibuya, transition>. (ii) Transition
edges are constrained to connect locations at the same hier-
archical level; for POIs, edges are permitted only between
POIs within the same city. Models often ignore this con-
straint and predict cross-city transitions, for example linking
a POI in Tokyo to one in Osaka. These factors render the
task an even more challenging test of temporal reasoning.

Impact of Model Size When comparing models of dif-
ferent sizes within the same families (LLaVA-Video, In-
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Factor Model Setting Node (P/C/POI) Edge (I/T)

Frames GPT-4.1
64 85.8 / 62.5 / 39.6 76.6 / 27.6
128 85.4 / 64.0 / 52.9 78.8 / 33.5
256 86.5 / 66.0 / 53.6 76.5 / 34.4

Reasoning o4-mini
low 86.8 / 62.0 / 49.1 77.8 / 30.0

medium 86.1 / 62.3 / 50.4 82.0 / 40.5
high 86.4 / 63.3 / 51.2 83.2 / 43.8

Audio Gemini-
2.5-Flash

✓ 85.1 / 65.6 / 51.5 78.5 / 41.7
✗ 82.5 / 64.0 / 50.5 82.6 / 22.3

Table 3: Ablation results across frame count, reasoning ef-
fort, and audio usage. “Node” = Prefecture / City / POI
nodes, and “Edge” = Inclusion / Transition edges. All re-
ported scores are F1 values.

ternVL3, Qwen2.5-VL), we observe steady, scale-driven
gains on node prediction, whereas edge prediction shows a
sharp jump; for example, transition F1 improves by about
16× from Qwen2.5-VL-7B to Qwen2.5-VL-72B. This pat-
tern reflects the task demands: node prediction is a localized,
single-point task that primarily relies on geospatial knowl-
edge encoded in the models, whereas edge prediction re-
quires a holistic view of the itinerary and thus benefits more
from larger models with stronger long-context and tempo-
ral reasoning. An exception is LLaVA-Video-72B, which
shows minimal improvement over LLaVA-Video-7B in POI
node prediction. This is likely due to the limited geographic
coverage in the LLaVA-OneVision training data (Li et al.
2024a). In contrast, models like Qwen2.5-VL demonstrate
strong geo-localization capabilities; in our internal evalua-
tions, Qwen2.5-VL was able to accurately predict POI coor-
dinates, indicating extensive pretraining on geographic data.

Thinking Models’ Performance Among the evaluated
models, o4-mini and Gemini-2.5-Pro are the only ones that
perform explicit “thinking” at inference. Although neither
has an available non-thinking counterpart, we use GPT-4.1
and Gemini-2.5-Flash as proximate baselines to gauge what
thinking contributes on VIR-Bench. On node prediction, the
gains from thinking are limited: for POI nodes, o4-mini
achieves higher precision but lower recall, while Gemini-
2.5-Pro shows the opposite trend, suggesting different think-
ing strategies between OpenAI and Google. In contrast, for
edge prediction, enabling deliberate thinking yields large
gains for both models, especially Gemini-2.5-Pro, indicating
that temporal understanding demands more complex reason-
ing. We presume that Gemini’s advantage stems from its use
of audio, which supplies continuous, fine-grained temporal
cues that sparsely sampled frames cannot provide, highlight-
ing the need for truly multimodal modeling. To further val-
idate the impact of reasoning and audio usage, we conduct
additional ablation studies in the following section.

Ablation Study
We conduct additional ablations varying the number of in-
put frames, reasoning effort, and audio usage; results are re-
ported in Table 3. Increasing the number of input frames

consistently improves GPT-4.1’s overall performance. In
particular, the model limited to 64 frames performs poorly
on POI node and transition edge prediction, suggesting that
for videos in our benchmark, at least 128 frames (∼1 frame
every 14s) are a minimum requirement for reliable tempo-
ral reasoning. Higher reasoning effort (i.e., longer thinking)
leads o4-mini to better performance, especially on transi-
tion edge prediction, confirming our earlier observation that
the task requires high-level, long-context reasoning. Remov-
ing audio from Gemini-2.5-Flash yields worse results across
most categories, with nearly a 50% drop on transition edge
prediction. This confirms that audio is essential for temporal
understanding, as it offers finer and more continuous gran-
ularity than the video stream (sampled at 1 fps), likely sup-
porting more consistent long-context reasoning.

Travel-planning Agent
After watching a travel vlog, an animation, or a movie, many
fans go on a pilgrimage: visiting the featured locations in the
same order as they appear. An automatically generated tran-
vel plan derived from the video and its visiting order graph
would greatly streamline this process.

In this section, we construct MLLM-based agents which
aim to provide travel plans given the videos. The purposes
of this experiment are (1) to demonstrate the importance of
the itinerary reconstruction for this application and (2) to
explore the feasibility of generating travel plans from videos,
a capability not substantially addressed in prior work.

Task Definition
Input The agent system takes a list of POIs, a video and
planning constraints as input. While this list of POIs could
be the output of the node prediction task, we use the POI
list from the video annotation in this experiment to isolate
the evaluation from model performance. The video provides
richer information for the planning process. The constraints
consist of the number of companions, travel duration and
travel budget inspired by previous work (Xie et al. 2024).

Output The output is a travel plan formatted in Mark-
down. It includes basic information such as the destination,
duration, and budget. A core component is a detailed day-
by-day itinerary, specifying a schedule of activities, visit-
ing times for each POI, and transportation methods. This
itinerary is supplemented with POI details and other rich
information extracted from the provided video and/or the
search results. Furthermore, the plan provides practical rec-
ommendations, including specific restaurants and accommo-
dations with relevant details like price and ratings.

Implementation of the Agent System
We implement the system as a multi-agent framework coor-
dinated by an autonomous orchestrator. This central compo-
nent is responsible for dynamically determining the execu-
tion order of agents, managing the shared state of them.

The framework comprises five specialized agents, each
tasked with a specific function: Plan Agent constructs the
day-by-day schedule, optimizing time allocation based on
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the user’s budget and constraints. Google Maps Agent re-
trieves POI details. Route Agent finds the routes between
POIs given the list of POIs. Accommodation Agent finds
suitable lodging that fits the budget and is optimally lo-
cated relative to the planned activities. Summary Agent in-
tegrates the outputs from all other agents to generate a uni-
fied final report, including a complete travel plan and a bud-
get breakdown. Each agent can use tools that are appropri-
ate for its purpose, including Google Maps API-based tools
and browser-based tools. Further implementation details are
shown in the extended version.

Experimental Setup
System Setup To verify the importance of the itinerary re-
construction step, the core task of our benchmark, we pre-
pare 3 input settings: a list of POIs only (POI), a video only
(Video) and both of them (P+V). Constraints are always pro-
vided as input in all settings.

The backbone models of the orchestrator and all agents
are fixed as Gemini-2.5-Pro. For the reproducibility, the tem-
perature is set as zero.

Evaluation Setup We sample 20 pairs of videos and their
corresponding annotated graphs as input. Agents under the
three settings then generate travel plans for each pair, result-
ing in 60 plans for evaluation.

We qualitatively evaluate the generated plans with crowd-
sourcing. Since the videos are filmed across Japan, we hire
Japanese-speaking crowdworkers and translate the plans
into Japanese. Each plan is evaluated by five workers. The
evaluation consists of four tasks: assessing the plan’s attrac-
tiveness (Attraction), verifying the feasibility of the trans-
portation information (Feasibility), judging the suitability of
the number of POIs (Density), and determining the plan’s
consistency with the video (Alignment).

We also evaluate the system’s POIs selection. Using GPT-
4o (OpenAI 2024), we extract the POIs mentioned in the
generated plans and treat them as selected. We then compare
selected versus unselected POIs in terms of their on-screen
duration in the video and their Google Maps ratings.

Results and Discussion
Crowdsourcing Evaluation The crowdsourcing results
are summarized in Figure 4 and Table 4. These results in-
dicate that the P+V setting yielded the most attractive travel
plans, achieving the highest average score of 3.73 in the At-
traction task (Table 4). This suggests that while a list of POIs
provides a solid foundation, the rich information from the
video—such as the atmosphere of a place or specific activi-
ties shown—is crucial for creating a more appealing plan.

The Alignment task reveals the critical challenge of POI
extraction from video (Figure 4d). The video-only setting
produced the most polarized results: while it achieved the
highest proportion of “mostly aligned” or “aligned” plans
(41%), it also generated the largest share of plans deemed
“completely unrelated” (31%). This instability suggests that
the agent’s success is highly dependent on the initial, error-
prone step of identifying POIs from raw video. A failure in
this stage, as evidenced by the low node prediction F1-scores

Input
Mean Score Transportation (%)

Attract Density Relevance Has Info Feasible
(1-5) (1-5)† (1-4)

POI 3.58 2.96 2.34 93.0 88.2
Video 3.46 3.07 2.22 80.0 87.5
P+V 3.73 3.13 2.08 89.0 87.6
† For Density: 1=too little, 3=just right, 5=too much.

Table 4: Crowdsourcing results by system configuration.

Input Duration (seconds) Google Rating (1-5)

Selected Unselected ∆ Selected Unselected ∆

POI 58.4 36.8 21.6††† 4.29 4.17 0.12†††

Video 68.6 34.4 34.2††† 4.26 4.19 0.07†

P+V 76.3 34.7 41.7††† 4.25 4.19 0.06†

Total 57.2 32.6 24.6††† 4.25 4.17 0.08††

† : p < 0.05, †† : p < 0.01, † † † : p < 0.001

Table 5: Comparison of statistics for selected vs. unselected
POIs by system configuration. ∆ denotes the difference
(“selected” minus “unselected”). In the “Total” row, “se-
lected” refers to POIs chosen in at least one setting, and “un-
selected” refers to POIs never chosen in any setting.

(Table 1), leads directly to a final plan that is misaligned with
the video’s content. This underscores that a robust itinerary
reconstruction is a foundational prerequisite for generating
contextually relevant and reliable travel plans.

In terms of practicality, all settings generated feasible
plans. The POI-only setting was most reliable in providing
transportation information, while the video-based settings
were slightly better at creating a plan with a “just right” den-
sity of activities (Figure 4c). The video-only setting had the
highest proportion of plans lacking transportation informa-
tion (22%, Figure 4b) among the three settings.

Analysis of POI Selection Table 5 provides deeper in-
sights into the agent’s underlying POI selection strategy. For
all input settings, the agent showed a strong and statistically
significant tendency to select POIs that were featured for
a longer duration in the video. This effect was most pro-
nounced in the P+V setting (∆ = +41.7, p < 0.001), sug-
gesting that the combination of a POI list and video context
enables the agent to most effectively identify and prioritize
key locations.

Furthermore, the agent also showed a preference for POIs
with higher Google Maps ratings, although this effect was
less pronounced than that of video duration. These findings
indicate that the agent intelligently synthesizes signals from
both the video (visual prominence) and external knowledge
sources (user ratings) to make its planning decisions.

Conclusion
We presented VIR-Bench, a video understanding benchmark
designed to evaluate long-range geospatial–temporal rea-
soning through itinerary reconstruction, utilizing visiting or-
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Figure 4: Crowdsourcing results of the agent system.

der graphs constructed from 200 travel videos. By decom-
posing the task into node and edge prediction, we revealed
persistent weaknesses in state-of-the-art MLLMs: open-
weight models consistently lag behind proprietary ones, and
transition edges remain the primary bottleneck. Our proto-
type travel-planning agent further illustrated the practical
value of VIR-Bench, demonstrating that combining POI lists
with videos generates the most appealing travel plans, par-
ticularly emphasizing visually salient and highly rated POIs.
In summary, VIR-Bench provides both a rigorous bench-
mark and a practical foundation for advancing MLLMs to-
ward video-grounded geospatial–temporal understanding in
real-world travel planning scenarios. Looking ahead, we in-
tend to expand our dataset by increasing geographic and lin-
guistic diversity and incorporating a broader range of filming
styles. Furthermore, we aim to explore advanced agent sys-

tems capable of referencing multiple videos simultaneously,
enabling the generation of more engaging travel plans.

License and Access
We release the VIR-Bench dataset strictly for research
purposes, in compliance with Article 30-4 (Use for Non-
Enjoyment Purposes) and Article 47-5 (Minor Use in In-
formation Analysis Services) of the Japanese Copyright
Act. Commercial use of any kind is strictly prohibited. The
dataset may not be redistributed on servers outside Japan or
under alternative licenses.
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