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Abstract

Tourism and travel planning increasingly rely on digital as-
sistance, yet existing multimodal Al systems often lack spe-
cialized knowledge and contextual understanding of urban
environments. We present TraveLLaMA, a specialized mul-
timodal language model designed for comprehensive travel
assistance. Our work addresses the fundamental challenge
of developing practical Al travel assistants through three
key contributions: (1) TravelQA, a novel dataset of 265k
question-answer pairs combining 160k text QA from au-
thentic travel sources, 100k vision-language QA featuring
maps and location imagery, and 5k expert-annotated Chain-
of-Thought reasoning examples; (2) Travel-CoT, a structured
reasoning framework that decomposes travel queries into spa-
tial, temporal, and practical dimensions, improving answer
accuracy by 10.8% while providing interpretable decision
paths; and (3) an interactive agent system validated through
extensive user studies. Through fine-tuning experiments on
state-of-the-art vision-language models (LLaVA, Qwen-VL,
Shikra), we achieve 6.2-9.4% base improvements, further en-
hanced by Travel-CoT reasoning. Our model demonstrates
superior capabilities in contextual travel recommendations,
map interpretation, and scene understanding while providing
practical information such as operating hours and cultural in-
sights. User studies with 500 participants show TraveLLaMA
achieves a System Usability Scale score of 82.5, significantly
outperforming general-purpose models and establishing new
standards for multimodal travel assistance systems.

Introduction

Travel planning exemplifies the complexity of real-world
Al applications, requiring simultaneous understanding of vi-
sual scenes, geographical contexts, and practical constraints.
While large language models (LLMs) have achieved re-
markable success in many domains (Touvron et al. 2023;
Zhao et al. 2023b), they struggle with travel assistance due
to a critical gap: the absence of multimodal datasets that
capture the inherently visual and contextual nature of travel
planning (Schumann et al. 2024; Li et al. 2024).

This limitation is particularly acute because effective
travel assistance demands integration across multiple modal-
ities. Recommending a restaurant, for instance, requires un-
derstanding its location on a map, recognizing ambiance
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Figure 1: TraveLLaMA, an advanced multimodal Al travel
assistant that seamlessly processes both text and image-
based queries. This powerful system enables travelers to
plan trips efficiently by providing contextual responses in-
cluding human service information, localization details, and
personalized recommendations based on visual inputs and
textual questions about destinations, sights, and restaurants.

from photos, interpreting user reviews, and considering
operational constraints—a level of multimodal reasoning
that current datasets fail to support (Yang et al. 2024; Vi-
vanco Cepeda, Nayak, and Shah 2023). Similarly, planning
a day-long itinerary involves analyzing distances between
attractions, understanding transportation options from vi-
sual maps, recognizing architectural styles from images, and
incorporating temporal constraints like opening hours and
peak times. General-purpose models, despite their broad
training, lack the domain-specific knowledge to connect vi-
sual landmarks with practical travel information (Li et al.
2023b; Maheshwary, Paul, and Sohoney 2024).

Furthermore, the challenge extends beyond simple mul-
timodal understanding to requiring culturally-aware and
contextually-appropriate reasoning. A temple visit in Kyoto
demands different preparations than a beach day in Bali, yet
current Al systems often provide generic advice that fails to
capture these nuances. The absence of structured reasoning
frameworks means that even when models can process in-
dividual modalities, they struggle to synthesize information
coherently—leading to recommendations that may be factu-
ally correct but practically infeasible, such as suggesting at-
tractions without considering accessibility for elderly travel-
ers or recommending outdoor activities without accounting
for seasonal weather patterns.
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Figure 2: The Travel QA dataset features iconic landmarks and destinations across major cities worldwide, connecting locations
like San Francisco, New York, Paris, Rome, Berlin, Bangkok, Singapore, Shanghai, and Beijing through a global travel network.

While structured travel datasets remain scarce, the web
contains abundant unstructured content across forums, re-
view sites, and mapping services. We leverage modern
LLMs to transform this fragmented information into high-
quality multimodal training data (Xie et al. 2023a), enabling
cost-effective dataset creation at scale.

To address these challenges, we present TraveLLaMA
(Figure 1), a specialized multimodal system for Al-powered
travel assistance. Our contributions are:

* TravelQA Dataset. We create the first large-scale mul-
timodal travel dataset with 265k QA pairs: 160k text-
based pairs from travel forums, 100k vision-language
pairs with maps and photos, and 5k expert-annotated
CoT reasoning examples.

e Travel-CoT Reasoning. Beyond base improvements
of 6.2-9.4%, our Travel-CoT framework decomposes
queries into spatial, temporal, and practical dimensions,
achieving 10.8% accuracy gain with interpretable reason-
ing paths.

¢ Interactive Agent System. Our ReAct-based agent inte-
grates real-time services for dynamic planning, validated
by 500 users with a SUS score of 82.5, demonstrating
superior usability for complex travel tasks.

Related Work

Large Language Models. Large Language Models (LLMs)
(Shafik 2024; Touvron et al. 2023; Zeng et al. 2022; Zhao
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et al. 2023b; Chu, Li, and Chua 2025) show impressive ca-
pabilities yet underperform in specialized domains, prompt-
ing development of domain-specific models for finance (Wu
et al. 2023), medicine (Singhal et al. 2023), mathematics
(Azerbayev et al. 2023), and geospatial applications (Deng
et al. 2024; Wang et al. 2023). These models have been stud-
ied for spatial understanding (Gurnee and Tegmark 2023;
Momennejad et al. 2023; Yamada et al. 2023) and geo-
graphic representation (Godey, de la Clergerie, and Sagot
2024; Manvi et al. 2023). LLM-powered language agents
like AutoGPT (Yang, Yue, and He 2023), BabyAGI (Naka-
jima 2023), and HuggingGPT (Shen et al. 2023) decom-
pose complex tasks through Memory, Tool-use, and Plan-
ning modules, utilizing memory summarization (Chen et al.
2023a; Zhou et al. 2023; Liang et al. 2023; Yu et al. 2025),
retrieval techniques (Andreas 2022; Park et al. 2023; Zhong
et al. 2024), and tool-augmentation (Nakano et al. 2021; Lu
et al. 2023; Ge et al. 2023; Xie et al. 2023b). Our approach
focuses on understanding physical urban spaces and spatial
reasoning to solve real urban challenges, demonstrating the
geospatial knowledge capabilities in pre-trained language
models.

Vision-Language Models. The evolution of vision-
language models has seen significant advancement, begin-
ning with early works in visual-semantic embedding (Frome
et al. 2013; Kiros et al. 2014; Chu et al. 2024) and progress-
ing to more sophisticated architectures. Recent models like
GPT-4V (OpenAl 2023) and LLaVA (Liu et al. 2023b) have
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Figure 3: TraveLLaMA’s data construction and training process combines vision-language and text-based travel QA from
diverse global sources through multi-round collection and fine-tuning.

demonstrated unprecedented capabilities in joint text-vision
understanding. However, these general-purpose models face
significant challenges in travel-specific applications. Recent
work has attempted to address these issues through special-
ized architectures (Yang et al. 2023) and domain-specific
pre-training (Zhao et al. 2023a), but significant challenges
remain in achieving human-level understanding of travel-
related visual content (Brown et al. 2023).

LLMs in Urban Applications. Travel Al systems have
evolved from basic route planning and POI recommenda-
tion to advanced systems like GeoLLM (Li et al. 2023b)
and GeoReasoner (Li et al. 2024). Recent work focuses on
multi-modal integration (Yang et al. 2024; Vivanco Cepeda,
Nayak, and Shah 2023), though challenges persist in tempo-
ral reasoning and cross-modal alignment (Schumann et al.
2024). Specialized developments span cultural context, ac-
cessibility, and personalization (Maheshwary, Paul, and So-
honey 2024), while real-world implementations reveal chal-
lenges in uncertainty handling and system reliability. Ap-
plications extend to traffic safety analysis, geospace under-
standing, and accident reporting (Chu et al. 2024; Feng et al.
2024). While TravelPlanner (Xie et al. 2024) focuses on
text-only travel planning, our system addresses multimodal
single-day urban itinerary planning with multi-day extensi-
bility, motivated by current limitations in handling complex
travel planning scenarios (Xie et al. 2023a).

Travel QA
Dataset Overview

Figure 2 and Table 1 present TravelQA, a multimodal re-
source containing 265k QA pairs. To clarify points raised
by reviewers, we explicitly describe the numerical compo-
sition: the dataset includes 160k text-only QA pairs, 100k
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Category Subcategory All  Train  Test
Text 160k 128k 32k

Vis-Lang 100k 80k 20k

QA Format CoT Sk 5K -~
Total 265k 213k 52k*

Attractions 70k 56k 14k

Dining 52k 42k 10k

Locations Living 39k 31k 8k
Transportation 26k 21k S5k

Cultural 39k 31k 8k

Practical 34k 27k 7k

. Map 40k 32k 8k
Visual Elements g ooy 60k 48k 12k
Spatial Sk 5k -

CoT Annotations  Temporal Sk Sk -
Practical Sk 5k -

Table 1: Complete Dataset Composition and Usage Analysis

vision—language QA pairs, and 5k expert-annotated CoT ex-
amples. The 160k text QA pairs come from 26k factual units
expanded into five diverse questions each (130k), plus 30k
augmented QAs focusing on practical constraints such as
safety, cost, and accessibility. The 100k vision—language QA
pairs are constructed from 20k POIs, each with an average of
4-5 street-view or map images; GPT-4 generates three ques-
tion types per image, yielding roughly 20k x 4-5 x 3 ~ 100k
pairs. The 5k CoT examples represent a single set where
each item contains spatial, temporal, and practical reason-
ing, rather than 15k separate labels. To prevent leakage
across modalities, all splits are POI-disjoint: every POI and
its associated images and metadata appear in exactly one
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Figure 4: TraveLLaMA uses a reasoning and acting process to create travel plans. When a user submits a text-image query, the
system could do the reasoning process offline or online, analyzing both components, identifies locations, employs specialized
tools through API calls, and generates detailed itineraries with budget calculations matching user requirements.

split. The dataset spans 35+ cities across North America,
Asia, and Europe, covering varied cultural and geographic
contexts. Text-based answers average 45.6 words, while vi-
sual answers average 25-28 words, with all QA pairs pass-
ing multi-stage verification to ensure quality and factual con-
sistency.

Dataset Construction Methodology

Pipeline Overview. As shown in Figure 3, TravelQA is built
through parallel text and vision—language tracks processing
street images, maps, descriptions, reviews, and structured
facts. These supervised signals enable TraveLLaMA to an-
swer a wide variety of travel queries.

Vision-Language QA Construction. For each of the 20k
POIs, we collect 4-5 images, descriptive metadata, oper-
ational information, and filtered reviews. GPT-4 generates
three QA types per image—identification, experience, and
practical—resulting in approximately 100k QA pairs. An-
swers average 25-28 words and capture both visual content
and contextual information.

Text-Based QA Generation. From 26k facts extracted from
travel guides and online resources, GPT-4 produces five di-
verse questions per fact, alongside 30k additional QAs em-
phasizing practical constraints. Each QA pair undergoes a
three-layer verification procedure combining rule checks,
semantic consistency checks, and manual spot reviews,
yielding 160k high-quality text QAs.

Travel-CoT Data Construction. To teach structured rea-
soning, we annotate 5,000 complex queries requiring multi-
factor decision making. Travel experts provide explicit
chains-of-thought containing spatial, temporal, and practi-
cal reasoning steps within each example, followed by final
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Feature TravelQA (Ours) TravelPlanner
Modality Text+Visual Text-only
Query Scale 265k 1,225

Visual Content  Map, Street Photos None

Category 6 structured categories Unstructured

(Attractions, Dining, etc.)

Table 2: Comparative Analysis of Datasets

integrated answers. This unified annotation format ensures
coherent multi-dimensional reasoning rather than separate
labels.

Discussion. Table 2 highlights the breadth of TravelQA
compared with prior resources. By integrating text, maps,
street images, and structured CoT annotations, the dataset
enables models to jointly reason over spatial layout, sched-
ules, cultural context, and practical constraints—capabilities
essential for real-world travel assistance systems.

Method

We develop TraveLLaMA by augmenting vision—language
models with structured reasoning (Travel-CoT) and an agen-
tic architecture tailored for real-world travel assistance.

Travel-CoT: Structured Reasoning Enhancement

Pre-trained VLMs answer factual queries well but struggle
with planning queries that require multi-factor reasoning. To
address this, Travel-CoT explicitly decomposes each query
into spatial, temporal, and practical reasoning steps. Follow-
ing reviewer feedback, we adopt a two-stage formulation



Image Sample Pure Text VQA Full
Method LLM Sizge Siz% Score A Score Q A Score A
Pretrained Models
BLIP-2 (Li et al. 2023a) Vicuna-13B (Chiang et al. 2023) 224>  129M | 60.3 - 51.6 - 56.9 -
InstructBLIP (Dai et al. 2023) Vicuna-7B (Chiang et al. 2023) 2242 129M | 62.8 - 54.1 - 59.4 -
InstructBLIP (Dai et al. 2023) Vicuna-13B (Chiang et al. 2023) 2242 129M | 64.6 - 55.4 - 61.1 -
Shikra (Chen et al. 2023b) Vicuna-13B (Chiang et al. 2023) 2242 600K | 71.6 - 60.8 - 67.5 -
Qwen-VL (Bai et al. 2023b) Qwen-7B (Bai et al. 2023a) 4482 1.4B 72.1 - 61.6 - 68.1 -
Qwen-VL-Chat (Bai et al. 2023b) Qwen-7B (Bai et al. 2023a) 4482 1.4B 73.2 - 62.8 - 69.2 -
LLaVA-1.5 (Liu et al. 2023a) Vicuna-7B (Chiang et al. 2023) 3362 558K | 72.8 - 62.3 - 68.8 -
LLaVA-1.5 (Liu et al. 2023a) Vicuna-13B (Chiang et al. 2023) 336> 558K | 74.3 - 63.3 - 70.0 -
Fine-tuned Models
BLIP-2 (Li et al. 2023a) Vicuna-13B (Chiang et al. 2023) 2242 129M | 647 +73% | 547 +6.0% | 609 +7.0%
InstructBLIP (Dai et al. 2023) Vicuna-7B (Chiang et al. 2023) 2242 129M | 68.2 +8.6% | 582 +7.6% | 644 +8.4%
InstructBLIP (Dai et al. 2023) Vicuna-13B (Chiang et al. 2023) 2242  129M | 68.8 +6.5% | 588 +6.1% | 649 +6.2%
Shikra (Chen et al. 2023b) Vicuna-13B (Chiang et al. 2023) 2242 600K | 77.7 +85% | 66.7 +9.7% | 73.5 +8.9%
Qwen-VL (Bai et al. 2023b) Qwen-7B (Bai et al. 2023a) 4482 1.4B 787 492% | 6717 +99% | 745 +9.4%
Qwen-VL-Chat (Bai et al. 2023b) Qwen-7B (Bai et al. 2023a) 4482 1.4B 784 +71% | 674 +73% | 742 +7.2%
LLaVA-1.5 (Liu et al. 2023a) Vicuna-7B (Chiang et al. 2023) 3362 558K | 780 +71% | 67.0 +7.5% | 73.8 +7.3%
LLaVA-1.5 (Liu et al. 2023a) Vicuna-13B (Chiang et al. 2023) 3362 558K | 80.4 +82% | 689 +8.8% | 76.0 +8.6%
Fine-tuned Models with Travel-CoT
TraveLLaMA (Ours) Vicuna-13B (Chiang et al. 2023) 336 558K | 82.5 +10.7% | 70.5 +11.0% | 77.8 +10.8%

Table 3: Comparisons of performance scores (Pure Text, VQA, and Full scores) and improvements across different vision-
language models, showing both pretrained and fine-tuned versions with their respective LLM backbones, image sizes, and
sample sizes. Full score is computed as weighted average based on test set distribution (61.5% text, 38.5% vision-language).

that better reflects our true implementation. Given multi-
modal input (z, @), the model first generates a reasoning

chain

T:fe(xaQ)a TZ{TS,H,TP},
where rg encodes spatial understanding (locations, dis-
tances, routes), r; encodes temporal scheduling (operating
hours, time allocation), and r,, captures practical constraints
(budget, accessibility, safety). The final answer is then gen-
erated conditioned on both the input and the reasoning chain:

y~ Py(y|zQ,r).

We train the two components jointly using supervised learn-
ing on 5,000 expert-annotated Travel-CoT examples:

L= ‘CCOT(T*7 T) + Lans (y*7 y)

This structured reasoning improves plan correctness
and interpretability while maintaining training efficiency
through parameter-efficient tuning.

Agent Architecture for Real-time Planning

For practical deployment, we integrate Travel-CoT into a
ReAct-style agent capable of processing multimodal travel
requests with iterative reasoning and tool use (Figure 4).
The agent proceeds in four stages. First, Query Analysis ex-
tracts textual constraints (destination, days, budget, group
size) and interprets visual inputs such as uploaded photos for
landmark recognition. Second, Reasoning applies Travel-
CoT to organize spatial, temporal, and practical require-
ments into an actionable planning state.

Next, the agent enters Tool Employment, calling APIs for
schedules, prices, reviews, and transit information. Its inter-
nal state evolves as:

Plan, = Update (Plan,_1, Tool(7 (s, Plan;_1)), r),
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where 7 selects appropriate tools based on the current rea-
soning state. Returned information (e.g., hours, prices, avail-
ability) is merged with visual grounding from the input im-
ages.

Finally, the agent executes Result Integration, generating
the final plan:

) 0T}7’I"),

producing detailed itineraries with schedules, budgets, and
constraint checks. The agent verifies compliance with user
requirements (e.g., total cost, hours, accessibility) before re-
turning the answer. For example, given an uploaded image
of the Brooklyn Bridge and a budget limit, the agent iden-
tifies the landmark, retrieves hours and nearby attractions,
and synthesizes a full-day schedule with cost calculations
and timing alignment.

y = Generate(Planr, {01, ..

Experiments
Experimental Setup

Dataset Configuration. We divide TravelQA into training
and testing sets with a 4:1 ratio, ensuring all splits are POI-
disjoint across text, images, and metadata to prevent leakage.
For evaluation, each test question is converted into a four-
choice multiple-choice (MCQ) format to obtain precise,
reproducible accuracy metrics. Distractors are constructed
from semantically plausible alternatives within the same
category or region (e.g., nearby POIs, similar attractions),
rather than random sampling. Models generate free-form an-
swers, which are mapped to MCQ options using normal-
ized string matching and a lightweight semantic matcher;
responses failing to match any option are counted as incor-
rect. Our assessment spans pure text understanding (travel
queries, cultural knowledge), map comprehension for spatial
layout and navigation cues, scene understanding for visual



A. Overall SUS Scores

System SUS Score  Rating
Ours 82.5 Excellent
Claude 3.5 76.3 Good

B. Items (0-10): Odd=(score-1)x2.5, Even=(5-score)x2.5

Item Description Ours Claude 3.5
1 Would use frequently 1 8.8 8.0

2 Unnecessarily complex | 8.5 7.3

3 Easy to use 1 8.6 7.8

4 Need technical support | 8.8 7.5

5 Functions well integrated 1 8.0 7.7

9 Confident using 1 7.9 8.0

6 Too much inconsistency | 8.3 6.9

10 Needed to learn a lot | 7.9 7.8

7 Quick to learn 1 8.7 8.1

8 Cumbersome to use | 8.0 7.2

C. Supplementary (1-5)

Item Question Ours Claude 3.5
11 Recommendations met needs 4.5 4.1

12 Time Conservation 4.6 4.2

13 Trust in recommendations 43 44

14 Would recommend to others 4.5 4.0

D. Participant Demographics

Total participants 500 (250 per system)
Age range 18-62 years

Table 4: System Usability Scale (SUS) Evaluation Results.

and architectural attributes, information extraction for oper-
ational details, review comprehension for synthesizing user-
generated opinions, and temporal reasoning for operating
hours and seasonal constraints. This comprehensive MCQ-
based protocol provides a robust and standardized evaluation
across all aspects of travel assistance.

Training Details. The training process follows a rigorous
protocol designed to maximize model performance while
ensuring reproducibility using 8 A100 GPUs. Our training
dataset comprises 213k carefully curated QA pairs, repre-
senting a diverse range of travel-related scenarios and query
types. The test set, consisting of 52k QA pairs, maintains
a balanced distribution across different question categories
and difficulty levels. We use normal QA for finetuning ini-
tally and then ues the CoT QA for post-training. All visual
inputs are processed at a standardized resolution of 336 x
336 pixels, chosen to optimize the balance between compu-
tational efficiency and retention of important visual details.
Text inputs are limited to a maximum length of 512 tokens,
ensuring comprehensive coverage of complex travel queries
while maintaining practical processing efficiency. The train-
ing process implements standard optimization techniques,
including learning rate scheduling, gradient clipping, and
early stopping based on validation performance.
Evaluation Tasks. Our evaluation combines quantitative
QA accuracy, large-scale human usability assessment, and
qualitative analysis. For quantitative testing, we evaluate
TraveLLaMA on 52k POI-disjoint test questions in the
Travel QA benchmark, covering both text-only queries (cul-
tural information, travel advice) and vision—language tasks
(landmark recognition, scene interpretation, and map-based
spatial reasoning). Each test item is formatted as a four-
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choice MCQ, enabling precise measurement of model cor-
rectness. To assess real-world usability, we conduct a large-
scale user study with 500 participants using the System Us-
ability Scale (SUS). The study adopts a between-subjects
design with anonymized system identities (blind evalua-
tion). Participants complete four multi-step travel-planning
tasks—including itinerary construction, constraint satisfac-
tion, and iterative refinement—and then rate usability on
the 10-item SUS questionnaire. We follow the standard SUS
scoring procedure (1-5 Likert transformed to 0—100) and re-
port results with 95% confidence intervals, effect size (Co-
hen’s d), and statistical significance using a two-sided t-
test. Finally, we perform qualitative comparisons between
TraveLLaMA and strong baselines across representative
travel scenarios, examining factual accuracy, constraint ad-
herence, and practical utility.

Performance Comparison. Our experimental results in
Table 3 demonstrate substantial improvements through
domain-specific fine-tuning. Among pretrained models,
LLaVA-1.5 with Vicuna-13B achieves the highest baseline
performance (Pure Text: 74.3, VQA: 63.3, Full: 70.0). Fine-
tuning on Travel QA yields consistent gains across all archi-
tectures, with improvements ranging from +6.2% to +9.4%.
Notably, Qwen-VL shows the largest relative improvements
(+9.2% Pure Text, +9.9% VQA, +9.4% Full), while LLaVA-
1.5 (Vicuna-13B) achieves the best absolute performance
among fine-tuned baselines (80.4, 68.9, 76.0). Our complete
TraveLLaMA system, incorporating Travel-CoT reasoning,
further enhances performance to 82.5 Pure Text (+10.7%),
70.5 VQA (+11.0%), and 77.8 Full (+10.8%) compared to
the pretrained baseline. The results also reveal that models
with larger image resolutions (4482 for Qwen-VL vs 2242
for BLIP-2) achieve better performance.

Agent Performance Analysis. Table 4 shows that TravelL-
LaMA achieves markedly higher usability than Claude3.5,
with an SUS score of 82.5 (“Excellent”) versus 76.3
(“Good”). The 6.2-point gain is driven by TraveLLaMA’s
domain-optimized design, reflected in strong ease-of-use,
learnability, and reduced-complexity ratings. Users consis-
tently found TraveLLaMA more intuitive and less cogni-
tively demanding for travel planning. Claude3.5 shows small
advantages in confidence and trust, likely influenced by gen-
eral familiarity with the model. Based on a large-scale study
of 500 users, the results indicate that a specialized travel
agent with structured reasoning (Travel-CoT) provides a
significantly better user experience than a general-purpose
chatbot, particularly in minimizing cognitive load and im-
proving task efficiency.

Qualitative Analysis. Figure 5 illustrates that TraveLLaMA
consistently outperforms Claude3.5 in accuracy and con-
textual understanding across diverse travel-related queries.
In map-based tasks, TraveLLaMA shows precise location
grounding—for example, correctly identifying Piazza Sid-
ney in Rome’s Trastevere district and providing relevant
nearby information such as local restaurants and operating
hours—while Claude3.5 often fails to recognize the correct
place. In scene recognition, TraveLLaMA accurately identi-
fies iconic landmarks like Shanghai’s Nanjing Road and of-
fers meaningful contextual descriptions, whereas Claude3.5
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Where is the place located in the red point in the <image>? %

Based on the red point marker on the map, it's located at
Piazza Sidney (Piazza Sidney Sonnino) in Trastevere,
Rome. This is a significant square that serves as one of

the main intersections in Trastevere. Q

Where is the place in the <image>? %%

This is Nanjing Road in Shanghai, China - one of the
world's most famous and busiest shopping streets. The
image shows the iconic Nanjing Road Pedestrian Street
(P RE& S 17#), with its distinctive clock tower building
that's a well-known landmark.

al
@ Ai Marmi is a famous traditional Roman pizzeria located @ Wiy IRsitasiiniem Sieet s & il sl busilig
LA at Viale di Trastevere, 53-59 in Rome's vibrant Trastevere - shopping destinati?rll in l?eijing that doesn't require
neighborhood. It's known for its authentic Roman-style reser‘./atlons QP wEling tlm.e.to explo.re. e siarast
thin-crust pizzas, suppli (rice balls), and filetti di baccala comblpes moderr.l Eod tradltlonal. (it elementsl,
(fried cod). The restaurant operates from 6:30 PM to 2:00 izaiturding e.verythlnlg.from souvenir stapds il il
AM every day except Wednesdays when it's closed. 0 shops to diverse dining options including restaurants
\ / \ and food stalls.
/ N 7

@ It's a government sports centre, not too much to write =3 . q
&, home gabout. Basketball courts are well maintained and o, Quwijite e Dl R_estaur:il.r?t, Moeziiei et & Siref] i
the place is clean overall. As of time of writing (July 2019) Vi H}l i, Wi, Hatjing (o Gl G2
the changing rooms and toilet have been renovated and 331}10)’ 'S rlfnko.wnzd aks one (:ijhe bzs.t'pla(ies f(I)r
S are nicer than before. @ N authentic Peking duck served in traditional style.

=
How about visitor’s review for place in the <image>? gy
353!

I actually don't have access to current reviews of the Hong
Kong Park Sports Centre. While it's a well-known sports
facility in Hong Kong,

IR

Where is this place in the <image>? %%

This appears to be a traditional Chinese duck
restaurant, likely specializing in Peking duck given the
setup with the wood-fired ovens visible in the wall and
the chef in white uniform using a long pole.

9

Figure 5: Comparison between TraveLLaMA and Claude 3.5 shows that TraveLLaMA provides more accurate and detailed
travel information in these location-based examples.

mislabels it as Wangfujing Street in Beijing. TraveLLaMA
also demonstrates stronger multimodal integration, deliv-
ering detailed, actionable establishment information for
venues such as the Hong Kong Park Sports Centre and
Quanjude Restaurant, where Claude3.5 gives incomplete or
incorrect details. The performance gap widens in more com-
plex queries requiring both visual reasoning and domain
knowledge: TraveLLaMA not only recognizes architectural
styles and venue-specific constraints but also proactively
provides helpful travel guidance, including nearby attrac-
tions or optimal visiting times. These observations highlight
the advantages brought by domain-specific tuning and struc-
tured reasoning in TraveLLaMA.

ages, and maps for travel-specific training; (2) Travel-CoT,
a structured reasoning framework that decomposes queries
into spatial, temporal, and practical dimensions, achieving
10.8% accuracy improvement while providing interpretable
decision paths; and (3) an interactive agent system that in-
tegrates real-time services for dynamic planning, validated
through user studies with 500 participants achieving a SUS
score of 82.5. Our comprehensive experiments demonstrate
that domain-specific training yields 6.2-9.4% improvements
over general-purpose models, with Travel-CoT providing
substantial additional gains. Beyond establishing effective
methods for travel Al, this work offers valuable insights for
developing specialized assistants in other complex multi-
modal domains. Future research directions include real-time
information integration, multilingual support, and personal-
ized planning mechanisms to further enhance the travel ex-
perience.

Conclusion

We presented TraveLLaMA, a specialized multimodal lan-
guage model that advances Al-powered travel assistance
through three key contributions: (1) TravelQA, the first
large-scale dataset with 265k QA pairs combining text, im-
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