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Abstract

GPS trajectories encode rich behavioral infor-
mation about how people move, organize ac-
tivities, and form daily routines. Recent ad-
vances in large language models (LLMs) raise
a natural question: can such models infer and
summarize travel behavior directly from mo-
bility traces? This paper introduces Travel-
BehaviorQA, a large-scale benchmark dataset
that reframes trajectory analysis as a language-
based behavioral understanding task. The
dataset links raw GPS trajectories with human-
grounded question-answering (QA) pairs that
capture travel intensity, temporal structure, ac-
tivity patterns, mode usage, and behavioral rou-
tines. Unlike prior mobility datasets focused on
prediction or classification, TravelBehaviorQA
emphasizes semantic interpretation through a
unified mix of deterministic and open-ended
questions. In this benchmark, we construct over
143k QA instances spanning users and years,
and evaluate a broad range of state-of-the-art
LLMs under controlled settings. Our results re-
veal substantial gaps between factual extraction
and genuine behavioral reasoning, showing that
model scale alone is insufficient and that tra-
jectory representation is a primary bottleneck.
TravelBehaviorQA exposes critical limitations
of current models and establishes a rigorous
benchmark for advancing language-based un-
derstanding of human mobility behavior. The
dataset is available at https://github.com/
dongyangzhen/TravelBehaviorQA

1 Introduction

Recent advances in large language models (LLMs)
have enabled strong performance on reasoning,
summarization, and dialogue tasks across diverse
domains (Liu et al., 2025c; Wu et al., 2025; Wang
et al., 2025). However, non-textual behavioral
traces such as GPS trajectories present a distinct
challenge (Kong et al., 2025). Unlike natural lan-
guage, trajectories are composed of continuous spa-
tiotemporal observations rather than discrete tokens

(a) GPS Trajectory

(b) Segments & Behavior Patterns

Stop/Move
• Duration/Time
• Places + POI
• Inferred Activity
• Travel Mode
• … 

Temporal Pattern

Mobility Pattern

Activity Pattern

Routine Pattern

(c) TravelBehaviorQA Dataset

Q: “What was the daily schedule for user 
010 on 2009-02-08 based on trajectory?”

A: “On 2009-02-08, user 010 began their 
recorded day by taking a bus from 23:18 
to 23:22, traveling between...”

Figure 1: Overview of the TravelBehaviorQA dataset.

and are typically devoid of explicit semantic an-
notations (Liu et al., 2025a; Yang et al., 2025b).
In transportation research, GPS trajectories are
highly informative, capturing individuals’ move-
ments through space and time and implicitly re-
flecting travel modes, schedules, and habitual rou-
tines (Zaroujtaghi et al., 2025). Yet this informa-
tion is encoded in a low-semantic form: raw lat-
itude–longitude coordinates with timestamps re-
quire substantial interpretation to yield meaningful
behavioral insights (Zhu et al., 2023).

Existing mobility datasets and modeling efforts
predominantly target prediction or classification
tasks, such as next-location forecasting and travel
mode detection (Gong et al., 2024; Molloy et al.,
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2023; Yabe et al., 2024). As a result, they provide
limited insight into whether LLMs can interpret
trajectories at a behavioral level or generate human-
interpretable summaries of travel patterns (Wang
et al., 2024). In contrast, this benchmark formu-
lates GPS trajectory understanding as a language-
based reasoning task rather than a transportation
modeling problem. Model inputs consist of serial-
ized spatiotemporal traces, augmented with struc-
tured abstractions such as trip segmentation and
place semantics, expressed in textual form. Outputs
are natural-language answers whose structure and
complexity vary by question type. TravelBehav-
iorQA spans both low-entropy tasks (deterministic
question), which require factual aggregation and
temporal querying, and high-entropy tasks (open-
ended question), which require multi-sentence sum-
marization and discourse-level reasoning over ex-
tended behavioral contexts. These tasks explicitly
probe NLP challenges, including temporal order-
ing, salience selection, implicit inference of in-
tent, and faithfulness to non-linguistic evidence.
By grounding LLMs in spatiotemporal traces and
jointly evaluating factual accuracy and narrative ab-
straction, TravelBehaviorQA targets fundamental
capabilities in structured reasoning and evidence-
based generation that are not assessed by conven-
tional text-only benchmarks.

2 Related Work

2.1 LLMs for mobility inference and
trajectory understanding

Recent work has explored the use of LLMs and
foundation models for semantic inference from hu-
man mobility data (Shen et al., 2025; Qiu et al.,
2023; Ghosh et al., 2024). Rather than operating
directly on raw coordinates, most approaches com-
bine GPS trajectories with auxiliary information
such as points of interest (POI), maps, human an-
notations, or textual context to infer higher-level
semantics (Huang et al., 2024; Xiao et al., 2023;
Wang et al., 2023). LLMs have been applied to
tasks including POI classification (Cheng et al.,
2025), activity and trip-purpose inference (Li et al.,
2024), next-location reasoning (Chen et al., 2025),
and semantic trajectory summarization (Shao et al.,
2025). Several studies reformulate mobility anal-
ysis as a language reasoning problem, prompting
LLMs to interpret sequences of visited locations
or stay points and generate explanations of travel
behavior (Zhang and Xu, 2025; Ge et al., 2025;

Liu et al., 2025b). Others use LLMs as agents or
controllers to integrate multiple mobility models
(Lan et al., 2024), or to generate realistic synthetic
trajectories that reflect human routines (Yang et al.,
2025a). While these approaches demonstrate the
promise of LLMs for mobility understanding, they
are evaluated on simple objectives such as classifi-
cation accuracy or prediction performance. Thus,
existing work offers limited evaluation of whether
LLMs can serve as general behavioral interpreters
of mobility trajectories, motivating our study to
assess trajectory understanding through a unified
QA framework grounded in human interpretations.

2.2 Mobility benchmarks and datasets

Several datasets and benchmarks have been devel-
oped to evaluate semantic understanding of human
mobility data (Stanford et al., 2024; Lai et al., 2022;
Nilforoshan et al., 2023; Abbiasov et al., 2024).
Traditional mobility datasets primarily support su-
pervised learning tasks such as transportation mode
detection (Fu et al., 2025), activity recognition
(Xiao and Tong, 2025), or trip-purpose classifica-
tion (Yin et al., 2026), relying on predefined la-
bels and task-specific evaluation protocols. More
recently, QA–based benchmarks have been intro-
duced to assess higher-level reasoning over trajecto-
ries, including factual retrieval, temporal reasoning,
and narrative explanation (Hsiao et al., 2025; Re-
ichman et al., 2025). These efforts have highlighted
that while language models can handle simple fact-
based queries, they often struggle with deeper se-
mantic interpretation and coherent behavioral sum-
marization (Asano et al., 2025). However, most
existing benchmarks focus on deterministic factual
retrieval from mobility data, with limited emphasis
on inferring higher-level behavioral patterns, intent,
or travel purpose. In contrast, TravelBehaviorQA
integrates both deterministic and open-ended ques-
tions within a unified evaluation framework and
aligns raw GPS trajectories with human-grounded
behavioral descriptions. This design enables sys-
tematic assessment of factual accuracy alongside
interpretive reasoning, providing a more compre-
hensive benchmark for evaluating trajectory under-
standing and mobility behavior interpretation.

3 Dataset Description

3.1 Overall dataset composition

TravelBehaviorQA comprises 143,238 QA pairs
grounded in GeoLife GPS trajectories (Zheng et al.,
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2011), spanning 68 users and 6,305 user-days over
a four-year period. The dataset is organized into
11 behavioral categories and 30 fine-grained ques-
tion types, with summary statistics reported in Ta-
ble 1. It combines deterministic, fact-based ques-
tions with open-ended questions requiring narrative
synthesis, supporting both controlled evaluation
and semantic reasoning.

Table 1: Overall dataset statistics.

Statistic Value

Total QA instances 143,238
Users 68
User-days 6,305
Temporal span 2007–2011
Behavioral categories 11
Question types 30
Open questions 35,666 (24.9%)
Deterministic questions 107,572 (75.1%)

3.2 Behavioral question categories
TravelBehaviorQA is designed to capture comple-
mentary aspects of human travel behavior while
explicitly separating questions by their reasoning
demands (Figure 2). The benchmark organizes be-
havioral queries along dimensions such as temporal
organization, activity structure, spatial semantics,
and mode usage (Figure 3). This separation enables
targeted assessment of different forms of reasoning
over the same underlying mobility evidence.

Travel Intensity (det)
21.42% (30,681)

Deterministic
75.1%

Open
24.9%

Daily Schedule (det)
21% (30,082)

Activity Patterns (det)
14.76% (21,136)

Place-time Semantic (det)
9.65% (13,818)

Mode Behavior (det)
8.26% (11,829)

Daily Narratives (open)
4.4% (6,305)

Trip Insights (open)
4.4% (6,305)

Place Insights (open)
5.37% (7,694)

Mode Insights (open)
5.37% (7,694)

Schedule Narratives (open)
4.4% (6,305)

Weekly Narratives (open)
0.97% (1,389)

Figure 2: Category distribution.

Deterministic questions are constructed to eval-
uate factual grounding and consistency, requiring
models to identify, aggregate, or quantify behav-
ioral attributes that are directly supported by tra-
jectory data. These questions reflect low-entropy
inference, where correct answers are uniquely de-
termined by observable spatiotemporal patterns. In

contrast, open-ended questions probe higher-level
behavioral interpretation, asking models to synthe-
size information across trips, activities, and time to
produce coherent narratives or insights. Such ques-
tions introduce inherent ambiguity and demand
abstraction, summarization, and selective emphasis
rather than direct computation.

3.3 Comparison with other datasets

Recent mobility-related QA datasets such as
MobQA (Asano et al., 2025) and POI-QA (Han
et al., 2025) have taken important first steps toward
grounding natural language questions in spatio-
temporal data. However, these datasets primar-
ily focus on localized factual queries or short ex-
planations tied to individual trajectories or POIs,
and thus predominantly evaluate low-entropy re-
trieval or shallow reasoning. From an NLP stand-
point, they largely test whether models can map
structured mobility signals to isolated textual facts,
rather than whether models can construct coher-
ent, faithful, and temporally grounded behavioral
interpretations.

Table 2: Comparison of TravelBehaviorQA with exist-
ing mobility-related QA datasets from an NLP perspec-
tive.

Dataset Primary Task
Scope

Evaluated NLP
Capabilities

# QA
Pairs

MobQA Single-trajectory
semantics

Fact retrieval,
localized

explanation
∼5.8K

POI-QA
POI-centered

spatio-temporal
queries

Spatial grounding,
temporal lookup ∼10K

TravelBehaviorQA
Multi-scale
behavioral

understanding

Factual extraction,
temporal

abstraction,
narrative

summarization,
faithfulness

∼140K

In contrast, TravelBehaviorQA is designed to
evaluate semantic trajectory understanding as a lan-
guage reasoning problem. Its primary contribu-
tion lies in framing mobility data as a source of
extended behavioral context that supports both de-
terministic questions and high-entropy, open-ended
narratives spanning daily, weekly, and longitudinal
time scales. This design enables the assessment
of core NLP capabilities that prior datasets do not
capture, including temporal abstraction, salience
selection, discourse-level summarization, and faith-
fulness to non-linguistic evidence. By explicitly
pairing structured trajectory representations with
natural-language behavioral explanations at scale,
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OPEN-ENDED QUESTIONS

Travel Intensity Daily Schedule Activity Patterns Place-time 
Semantics Mode Behavior

Daily/ Weekly 
Narratives Trip Insights Place Insights Mode Insights Routine Narratives

DETERMINISTIC QUESTIONS

[e.g.] “What was the total 
travel distance for user 010 
on 2009-02-08?” 
Task:Count and quantify travel  

[e.g.] “At what time did the 
user 010 start traveling in 
the morning?” 
Task:Identify time structure 

GPS Trajectory

[e.g.] “What was the 
longest stop during the 
day?” 
Task:Detect activity & duration 

Travel Statistics

[e.g.] “Where was the user 
010 between 9:00 am and 
12:00 pm?” 
Task:Link places with time 

GPS Trajectory Time-Location 

[e.g.] “How many trips were 
user 010 made by bus on 
this day?” 
Task:Identify travel modes 

GPS Trajectory Travel Modes

[e.g.] “How did the user 
usually travel during this 
week?”

Task: Summarize overall behavior 

GPS Trajectory Trip Logs

[e.g.] “Was the day travel-
heavy or travel-light? 
Explain why.”
Task:Interpret trip structure 

GPS Trajectory Trip Summary

[e.g.] “What types of 
places did the user visit 
most?”
Task:Interpret place usage 

GPS Trajectory Places

[e.g.] “What transportation 
modes did the user mainly 
rely on?” 
Task:Interpret mode choice 

GPS Trajectory Mode Choice 

[e.g.] “Does the user show 
a regular daily routine?  
Describe in detail.” 
Task:Identify regular patterns 

GPS Trajectory Routine 

GPS Trajectory Daily Schedule GPS Trajectory Activities 

Figure 3: Examples of deterministic and open-ended question types in TravelBehaviorQA.

TravelBehaviorQA provides a substantially richer
benchmark for diagnosing the limitations of cur-
rent language models in grounded reasoning and
narrative generation beyond text-only settings.

4 Methodology

4.1 Data construction

The dataset is constructed through a structured
pipeline (Figure 4) that converts raw GPS trajecto-
ries into a behavior-centered QA benchmark, pro-
gressively abstracting low-level mobility traces into
interpretable representations suitable for systematic
evaluation of trajectory understanding.

Raw GPS trajectory data. The raw GPS trajec-
tories are drawn from the GeoLife dataset (Zheng
et al., 2011), comprising 17,621 trajectories col-
lected from 178 users over a period exceeding four
years. The data span approximately 1.25 million
kilometers and 48,000 hours of movement, with tra-
jectories represented as sequences of time-stamped
GPS points. Most trajectories are densely sampled
and provided as raw spatiotemporal records with
limited semantic annotation, capturing diverse real-
world mobility behaviors across multiple cities.

Trip segmentation. To enable behavioral inter-
pretation of raw GPS trajectories, we first segment
continuous point sequences into semantically mean-
ingful stop and move units. Such segmentation is a
necessary preprocessing step for transforming low-
level spatiotemporal observations into higher-level
behavioral insights (activities and trips). Given
its demonstrated accuracy and robustness for GPS-

based trip segmentation, we adopt ST-DBSCAN to
identify stop regions using joint spatial and tempo-
ral constraints (Birant and Kut, 2007). Formally,
a trajectory is represented as an ordered sequence
of GPS points {(xi, yi, ti)}. For each point pi, ST-
DBSCAN defines a spatiotemporal neighborhood

N (pi) = {pj | dspace(pi, pj) ≤ εspace,

dtime(pi, pj) ≤ εtime}
(1)

where dspace(·) denotes geographic distance and
dtime(·) denotes temporal separation. A point is
considered a core point if |N (pi)| ≥ minPts. Start-
ing from each core point, clusters are expanded by
iteratively adding density-connected neighbors that
satisfy the same spatiotemporal constraints, while
points that fail to meet the density criterion are
labeled as noise.

Travel mode prediction. Each move segment is
assigned a transportation mode using a supervised
gradient-boosted decision tree model implemented
with XGBoost, selected for its strong empirical
performance in our evaluation (Appendix A.3).
We extract aggregate kinematic and geometric fea-
tures for each segment, including distance, dura-
tion, speed, acceleration, jerk, point count, and
bearing-rate variability. Ground-truth mode labels
from the GeoLife dataset are used when available,
and the trained model is applied to infer modes for
unlabeled segments.

POI annotation. To provide semantic context
for stop locations, each detected stop is enriched
with nearby points of interest using the Foursquare

32056



Data Processing

Trajectories
Time, x , y

08:58, -1.26, 8.51
08:59, -1.17, 8.55
09:00, -1.13, 8.55
09:04, -0.61, 8.35
09:05, -0.49, 8.10
09:06, -0.27, 8.12

：
13:57, -1.54, 8.88
13:58, -1.49, 8.84
13:59, -1.43, 8.83

Trip Segmentation POI Annotation

Behavior Pattern 
Extraction QA Dataset

Kinematic 
Features

Speed

Acceleration

Bearing Rate
…

Enriched 
Trajectory

STDBSCAN 
Clustering

Stop
• Time
• Duration
• Location
• …

Move
• Start-End
• Duration
• Mode
• …

POI Annotation

Activity 
Estimates

Place of Interest 
(POI) API

LLM Inference

Temporal Behavior

Mobility Behavior

Activity Behavior

Routine Behavior

Q: “What was the daily schedule 
for user 010 on 2009-02-08 
based on their trajectory?”

A: “On 2009-02-08, user 010 
began their recorded day by 
taking a bus from 23:18 to 23:22, 
traveling between two points 
near ...”

LLM QA 
Reformulation

Question Type

QA 
Attributes

Deterministic/Open

Date, UserID

Question Rephrase
Question 

Construction
Answer Generation

Figure 4: TravelBehaviorQA dataset construction pipeline.

POI API. For each stop, we retrieve the three clos-
est POIs along with their categories and distances,
using the earliest available records to maintain
temporal consistency with the historical trajecto-
ries. These POI annotations serve as contextual
cues rather than definitive labels and support down-
stream activity inference and grounded question
generation.

QA generation. In the final stage, enriched tra-
jectories are aggregated to derive higher-level be-
havioral patterns and construct the QA dataset.
Structured summaries capturing temporal organi-
zation, activity engagement, place usage, and mo-
bility intensity are provided as inputs to LLMs,
which generate natural-language QA pairs under
predefined templates. Deterministic questions are
derived directly from computed attributes, while
open-ended questions prompt narrative summaries
that are constrained to remain faithful to the under-
lying trajectory evidence.

4.2 Human evaluation

We conduct a human evaluation with five domain
experts, each independently rating 100 randomly
sampled QA instances across users, behavioral cat-
egories, and question types, with deterministic and

open-ended questions evaluated separately to re-
flect their distinct objectives.

Deterministic questions are evaluated for correct-
ness on a five-point Likert scale. Open-ended ques-
tions are evaluated along three dimensions: correct-
ness, clarity, and informativeness, using the same
scale. All instances are independently rated by
the five evaluators, and scores are averaged across
raters. Mean scores with 95% confidence intervals
are reported. Inter-rater reliability is measured us-
ing Krippendorff’s α, defined as α = 1−Do/De,
where Do and De denote observed and expected
disagreement. Table 3 summarizes the results,
showing high correctness and strong agreement
for deterministic questions and consistently strong
ratings with substantial agreement for open-ended
questions, confirming the dataset’s reliability and
narrative quality.

Table 3: Human evaluation results with 95% confidence
intervals and inter-rater agreement.

Question Type Dimension Score (95% CI) α

Deterministic Correctness 4.63 [4.52, 4.74] 0.81

Open-ended
Correctness 4.31 [4.18, 4.44] 0.74
Clarity 4.52 [4.41, 4.63] 0.78
Informativeness 4.18 [4.05, 4.31] 0.71
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4.3 Benchmark definition and evaluation
setup

We define TravelBehaviorQA as a dual-task bench-
mark that evaluates both factual accuracy and be-
havioral reasoning in trajectory-based question an-
swering. Deterministic questions admit a single
correct answer and are evaluated using exact-match
accuracy. Open-ended questions require narrative
responses and are evaluated using behavior-aware
metrics designed to assess semantic grounding and
coherence beyond surface-level similarity.

For open-ended evaluation, we introduce three
metrics that operate exclusively on paired natural-
language answers, without requiring access to un-
derlying trajectories or structured annotations. Let
a∗ denote the reference answer and â the model-
generated answer.

Slot-Level Factual Agreement (SFA). SFA mea-
sures whether the generated answer reproduces
atomic behavioral facts explicitly stated in the ref-
erence narrative. For each question type, we define
a slot schema S = {s1, . . . , sK} capturing inter-
pretable attributes such as times, modes, counts,
and activity categories. Slot values are indepen-
dently extracted from a∗ and â and compared as

SFA =
1

K

K∑

k=1

I
(
v̂k ≈ v∗k

)
, (2)

where ≈ denotes exact match for categorical slots
and tolerance-based match for numerical or tem-
poral slots. Higher SFA indicates better factual
agreement.

Temporal Ordering Consistency (TOC). TOC
evaluates whether the relative chronological struc-
ture of events in the generated narrative matches
that of the reference. Both answers are converted
into ordered event sequences, and consistency is
measured over all comparable event pairs:

TOC =
1

|P|
∑

(i,j)∈P
I
(
order(e∗i , e

∗
j ) = order(êi, êj)

)
.

(3)
Higher TOC indicates stronger temporal coher-
ence.

Reference-Based Contradiction Rate (RCR).
RCR measures the proportion of factual claims in
the generated answer that contradict the reference
narrative. Let C(â) denote extracted claims from â.

The contradiction rate is defined as

RCR =
1

|C(â)|
∑

c∈C(â)
Icontr(c), (4)

where lower RCR indicates better faithfulness.
Unlike standard text summarization, trajectory-

grounded QA evaluates whether a model can
faithfully recover structured behavioral facts (e.g.,
times, modes, counts, and ordering) from non-
linguistic evidence rather than reproduce stylistic or
lexical variation. Consequently, reference answers
in TravelBehaviorQA function as fact-structured
behavioral records rather than paraphrase targets,
making SFA, TOC, and RCR necessary and com-
plementary to surface-similarity metrics such as
BLEU and BERTScore, which are insensitive to
factual omissions and hallucinated mobility claims.

5 Experimental Results

5.1 Overall benchmark performance
Current LLMs demonstrate limited capability in
understanding and interpreting GPS-based travel
behavior, as reflected by their performance (Ta-
ble 4) on both deterministic and open-ended tasks.
Deterministic accuracy remains moderate across
models, indicating that even low-entropy factual
extraction from trajectory representations is not
consistently reliable. This suggests that identify-
ing and aggregating basic spatiotemporal attributes
continues to pose challenges when inputs are seri-
alized and presented in natural language form.

Table 4: Overall benchmark performance on TravelBe-
haviorQA.

Det. Open-ended

Model Acc.↑ SFA↑ TOC↑ RCR↓
gpt-5.2 0.58 0.82 0.96 0.15
gpt-5-mini 0.14 0.68 0.96 0.19
gpt-5-nano 0.14 0.62 0.94 0.22
claude-sonnet-4.5 0.65 0.80 0.94 0.20
qwen3-max 0.35 0.74 0.98 0.13
qwen-plus 0.42 0.76 0.98 0.12
qwen-flash 0.37 0.69 0.98 0.16
deepseek-chat 0.39 0.65 0.98 0.14
grok-4-1-fast 0.34 0.75 0.95 0.15
gemini-2.5-pro 0.18 0.57 0.99 0.14

For open-ended questions, behavior-aware met-
rics reveal clear and systematic limitations. Models
generally achieve high TOC scores, indicating that
coarse temporal structure in reference narratives
is often preserved. In contrast, SFA is notably
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Table 5: Model performance by question category on TravelBehaviorQA. Deterministic categories are evaluated
using accuracy; open-ended categories are reported as SFA, TOC and RCR.

Deterministic Question Categories (Accuracy ↑)

Model Travel Inten. Daily Schedule Activity Pattern Place–Time Sem. Mode Behavior

gpt-5.2 0.64 0.46 0.63 0.66 0.59
gpt-5-mini 0.14 0.12 0.04 0.23 0.30
gpt-5-nano 0.15 0.11 0.16 0.16 0.22
claude-sonnet-4.5 0.58 0.60 0.73 0.66 0.96
qwen3-max 0.29 0.23 0.42 0.51 0.57
qwen-plus 0.32 0.34 0.45 0.64 0.68
qwen-flash 0.28 0.31 0.48 0.50 0.41
deepseek-chat 0.32 0.28 0.51 0.52 0.49
grok-4-1-fast 0.26 0.22 0.48 0.49 0.54
gemini-2.5-pro 0.10 0.10 0.26 0.39 0.27

Open-Ended Question Categories (SFA ↑ / TOC ↑ / RCR ↓)

Model Daily Narrative Trip Insights Place Insights Mode Insights Weekly Narrative

gpt-5.2 0.86 / 0.99 / 0.09 0.86 / 0.95 / 0.17 0.79 / 0.91 / 0.19 0.79 / 0.94 / 0.13 0.82 / 0.98 / 0.17
gpt-5-mini 0.77 / 0.99 / 0.11 0.84 / 0.95 / 0.20 0.76 / 0.89 / 0.22 0.76 / 1.00 / 0.13 0.80 / 1.00 / 0.18
gpt-5-nano 0.69 / 0.97 / 0.17 0.82 / 0.95 / 0.22 0.59 / 0.87 / 0.22 0.75 / 1.00 / 0.13 0.71 / 0.97 / 0.22
claude-sonnet-4.5 0.84 / 0.98 / 0.13 0.78 / 0.95 / 0.26 0.81 / 0.90 / 0.20 0.77 / 0.94 / 0.20 0.81 / 0.94 / 0.23
qwen3-max 0.80 / 0.99 / 0.09 0.82 / 0.97 / 0.12 0.62 / 0.95 / 0.22 0.67 / 0.97 / 0.08 0.81 / 0.99 / 0.12
qwen-plus 0.81 / 0.99 / 0.08 0.87 / 0.98 / 0.10 0.66 / 0.96 / 0.20 0.69 / 0.97 / 0.08 0.81 / 0.99 / 0.11
qwen-flash 0.70 / 1.00 / 0.12 0.84 / 0.99 / 0.14 0.50 / 0.94 / 0.27 0.67 / 0.96 / 0.13 0.80 / 0.99 / 0.14
deepseek-chat 0.66 / 0.99 / 0.11 0.67 / 0.97 / 0.18 0.64 / 0.97 / 0.21 0.51 / 0.98 / 0.09 0.80 / 0.99 / 0.13
grok-4-1-fast 0.79 / 0.99 / 0.11 0.76 / 0.95 / 0.18 0.70 / 0.90 / 0.20 0.70 / 0.93 / 0.12 0.82 / 0.98 / 0.16
gemini-2.5-pro 0.71 / 1.00 / 0.10 0.63 / 0.99 / 0.13 0.35 / 0.96 / 0.28 0.49 / 0.97 / 0.08 0.69 / 0.99 / 0.12

lower, and non-trivial RCR values persist across all
models, reflecting frequent inconsistencies and fac-
tual mismatches in generated narratives. Together,
these results show that while current models can
maintain basic chronological coherence, they strug-
gle to faithfully reproduce and integrate behavioral
facts, highlighting a substantial gap between deter-
ministic extraction and robust semantic behavioral
reasoning.

5.2 Model scale effects

Model scaling exhibits heterogeneous effects
across evaluation dimensions. Deterministic ac-
curacy shows limited and non-monotonic gains
with increasing model size, indicating early sat-
uration for low-entropy factual reasoning. In
contrast, open-ended behavioral reasoning bene-
fits more consistently from scale. Larger models
achieve higher slot-level factual agreement and im-
proved faithfulness, while temporal ordering re-
mains strong even at smaller scales, suggesting
that coarse temporal structure is not the primary
bottleneck. Despite these improvements, contra-
diction rates remain non-negligible at the largest
scales, underscoring that increased capacity alone
is insufficient to fully resolve semantic grounding
challenges in trajectory understanding. Overall, the

observed trends are consistent across both GPT and
Qwen families, indicating that performance gains
are primarily driven by scale rather than family-
specific architectural differences (Figure 5).
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qwen-flash qwen-plus
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Figure 5: Performance comparison across LLM scales.
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5.3 Impact of trajectory input length

The length of the trajectory input window has a non-
monotonic effect on deterministic reasoning per-
formance. Accuracy improves as temporal context
expands from very short trajectories to moderately
sized input windows, reflecting the benefit of addi-
tional contextual information for factual inference.
However, performance declines slightly when the
input window becomes excessively long, suggest-
ing that redundant or distracting information can
interfere with rule-based reasoning. This trade-
off illustrates that both insufficient and excessive
context can hinder effective trajectory understand-
ing. A similar pattern has been reported in prior
evaluations (Asano et al., 2025), suggesting that
this consequence reflects a general characteristic of
trajectory-based question answering rather than a
dataset-specific artifact (Figure 6).

0.5 2.0 5.0 24.0 72.0
Trajectory Input Window (hours)

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Ac
cu

ra
cy

0.22

0.49

0.58 0.57
0.52

0.07

0.29
0.35

0.24 0.22

GPT-5.2 Qwen3-Max

Figure 6: Impact of trajectory input length on model
accuracy for deterministic questions.

5.4 Trajectory representation format

The representation of GPS trajectories provided
to the language model has a significant impact on
performance. Raw coordinate sequences lack se-
mantic structure and are poorly suited for direct
processing by language models, resulting in con-
sistently weak reasoning and summarization out-
comes. When trajectories are transformed into
representations that more closely resemble natural
language through temporal segmentation and POI
grounding, performance improves substantially, re-
flecting better alignment with the model’s induc-
tive biases. Among these approaches, trip-level
summaries achieve the strongest overall results.
However, even segmented trajectories and struc-
tured trip logs offer only limited improvements for
higher-level travel behavior summarization, show-
ing that while semantically grounded representa-

tions are necessary, further abstraction and task-
specific structuring are required to fully capture
complex mobility patterns (Table 6).

Table 6: Effect of trajectory representation on GPT-5.2
performance.

Det. Open-ended

Model Acc.↑ SFA↑ TOC↑ RCR↓
Raw GPS only 0.05 0.82 0.91 0.22
Raw GPS + POI 0.18 0.68 0.94 0.19
Segmented + POI 0.58 0.82 0.96 0.15
Trip Narra. + POI 0.61 0.83 0.96 0.15

5.5 Effect of Decoding Temperature on
Deterministic Evaluation

To assess the impact of stochastic decoding on de-
terministic question answering evaluation, we con-
ducted a controlled decoding stability experiment
on a deterministic subset (n = 30,000 per run),
comparing deterministic decoding (temperature
= 0.0) against stochastic decoding (temperature
= 1.0) across three independent trials per con-
figuration. Deterministic decoding consistently
achieves higher mean accuracy under both exact
and flexible matching criteria, with lower variance
across runs (Table 7). Furthermore, deterministic
decoding yields superior output reproducibility, re-
flected in higher all-same and pairwise agreement
rates. These results confirm that stochastic decod-
ing introduces avoidable randomness that under-
mines both accuracy and reproducibility in deter-
ministic QA tasks.

Table 7: Decoding accuracy and reproducibility under
deterministic vs. stochastic decoding (3 runs each).

Temp. Exact Acc Flex. Acc Reproducibility

Mean Std Mean Std All-Same Pairwise Agr.

0.0 0.06 0.02 0.38 0.04 0.50 0.59
1.0 0.03 0.00 0.31 0.02 0.47 0.54

5.6 Ablation Study

To assess whether upstream preprocessing errors
propagate into QA labels and confound the distinc-
tion between reasoning failure and inherited noise,
we conduct a controlled per-component ablation
study, holding QA instances, prompts, model, de-
coding configuration, and evaluation metrics fixed
while removing one preprocessing component at
a time. As shown in Table 8, segmentation is the
dominant structural dependency, and its removal
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produces the largest performance drop across both
evaluation metrics. Mode labels and POI informa-
tion introduce moderate and minor degradations,
respectively, each localized to semantically rele-
vant question categories. Critically, the divergence
between open-ended and deterministic degradation
patterns across variants confirms that reasoning per-
formance is not merely inherited from preprocess-
ing artifacts, upstream components affect specific
question categories in predictable, bounded ways,
and the benchmark retains discriminative power
throughout.

Table 8: Per-component ablation results. ∆ denotes
difference from the full pipeline.

Variant Det. Acc. ∆Det. SFA ∆SFA

Full 0.35 — 0.7528 —
No Mode 0.23 -0.12 0.6316 -0.1212
No POI 0.21 -0.14 0.7413 -0.0115
Fix Seg 0.10 -0.25 0.4115 -0.3413

6 Conclusion

This work reframes trajectory understanding as a
language-centered behavioral reasoning problem
rather than a traditional mobility analytics task.
By introducing TravelBehaviorQA, we establish a
benchmark that systematically links raw spatiotem-
poral traces with human-grounded behavioral in-
terpretation, enabling principled evaluation of how
language models reason over non-linguistic evi-
dence. The unified integration of deterministic and
open-ended questions exposes a fundamental gap
between factual extraction and genuine behavioral
abstraction, demonstrating that proficiency in low-
entropy reasoning does not imply the ability to infer
routines, intent, or coherent mobility narratives. In
this sense, TravelBehaviorQA advances the evalua-
tion of LLMs beyond prediction and classification,
toward grounded reasoning, temporal abstraction,
and faithful narrative generation over real-world
behavioral signals.

More broadly, our findings indicate that progress
in trajectory-based reasoning will not be driven by
model scale alone, but by how spatiotemporal infor-
mation is represented, abstracted, and aligned with
linguistic inductive biases. The persistent limita-
tions observed even under structured inputs suggest
that trajectory understanding requires new represen-
tational and reasoning paradigms that bridge con-
tinuous mobility traces and symbolic behavioral de-
scriptions. As a large-scale, publicly available, and

behaviorally grounded benchmark, TravelBehav-
iorQA provides both a diagnostic lens and a founda-
tion for future research on language-based interpre-
tation of complex, long-horizon, non-textual data,
with implications extending beyond mobility to a
wide range of embodied and temporal reasoning
domains.

Limitations

This work has several limitations. First, the
benchmark evaluates state-of-the-art LLMs under
prompting-based inference and does not exam-
ine fine-tuning or architectural modifications that
may better integrate spatiotemporal information.
Second, the trajectory representations used in the
dataset are derived from a specific segmentation
approach and a single source of place information,
and alternative abstraction strategies may affect
model performance. Finally, although TravelBehav-
iorQA covers diverse users and behaviors over mul-
tiple years, it is constructed from one underlying
GPS dataset, and extending the benchmark to ad-
ditional geographic contexts and mobility settings
remains an important direction for future work.
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A Dataset Construction Details

A.1 Preprocessing Pipeline

Prior to annotation and downstream modeling,
raw GPS logs are processed through a standard-
ized preprocessing pipeline designed to reduce
sensor noise, normalize spatiotemporal resolution,
and compute kinematic descriptors of movement.
This preprocessing stage is intentionally limited to
signal-level transformation and feature extraction;
no trip or stop segmentation is performed in order
to avoid introducing behavioral assumptions at this
stage.

Each GPS record is represented as a tuple pi =
(ℓi, hi, ti), where ℓi = (lati, loni) denotes geo-
graphic coordinates, hi denotes elevation, and ti
denotes the timestamp. Location measurements
are first smoothed using a Kalman filter to miti-
gate high-frequency GPS noise. Coordinates are
then rounded to a fixed spatial precision, and times-
tamps are discretized to minute-level granularity to
ensure consistency across users and devices. Tra-
jectory continuity is preserved except in cases of
implausible spatial jumps or excessive temporal
gaps, which are treated as discontinuities.

From the cleaned trajectories, we derive a set of
kinematic features based on consecutive GPS ob-
servations. Let ∆ti = ti − ti−1 denote the elapsed
time between observations. The following quanti-
ties are computed:

Displacement. The spatial displacement between
consecutive points is computed using the haversine
distance,

di = d(ℓi−1, ℓi), (5)

where d(·) denotes the great-circle distance.

Speed. Instantaneous speed is defined as

vi =
di
∆ti

. (6)

Acceleration. Instantaneous acceleration is com-
puted as the first temporal derivative of speed,

ai =
vi − vi−1

∆ti
. (7)

Elevation change. Vertical movement is quanti-
fied by the elevation difference,

∆hi = hi − hi−1. (8)

Bearing and bearing rate. Movement bearing
is computed as

θi = bearing(ℓi−1, ℓi), (9)

and the bearing rate, which captures directional
variability, is defined as

ωi =
θi − θi−1

∆ti
. (10)

Based on these point-level quantities, we com-
pute trajectory-level summary statistics, includ-
ing mean and median speed, acceleration variance,
maximum jerk, cumulative elevation change, and
bearing-rate variability. These kinematic descrip-
tors provide a physically grounded representation
of movement dynamics and are used as inputs for
subsequent transportation mode inference and be-
havioral analysis.

A.2 Additional details on trip segmentation
In our implementation, we set εspace = 100 m,
εtime = 300 s, and minPts = 5, and later exam-
ine the robustness of these choices through sensi-
tivity analysis. Algorithm 1 summarizes the ST-
DBSCAN-based trip segmentation procedure.

A.3 Additional details on travel mode
prediction

Each move segment is classified into a transporta-
tion mode using a supervised gradient-boosted de-
cision tree model implemented with XGBoost. For
each segment, we input a set of aggregate kinematic
and geometric features, including total travel dis-
tance, segment duration, mean speed, median accel-
eration, maximum jerk, number of GPS points, and
bearing-rate variability. Ground-truth transporta-
tion mode labels provided in Geolife are aligned
with segmented trajectories using overlapping tem-
poral windows to accommodate partial mode tran-
sitions.

The gradient-boosting model is trained with 200
trees, a maximum tree depth of 5, a learning rate
of 0.1, and a subsample ratio of 0.8, using a multi-
class logistic loss objective. Early stopping is ap-
plied with a 20% validation split to mitigate overfit-
ting. For benchmarking purposes, we additionally
train support vector machines with an RBF kernel
and random forest classifiers under comparable ex-
perimental settings. Table 9 reports accuracy, pre-
cision, recall, and F1-score across transportation
modes.
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Algorithm 1 Trip Segmentation with ST-DBSCAN

Require: Preprocessed trajectory T = {(ℓi, ti)},
εspace, εtime, minPts

Ensure: Stop Sstop and move Smove
1: Mark all points in T as unvisited
2: for each unvisited point pi ∈ T do
3: Mark pi as visited
4: Compute N (pi)
5: if |N (pi)| < minPts then
6: Mark pi as noise
7: else
8: Initialize new cluster C
9: Add pi and N (pi) to C

10: for each point pj ∈ C do
11: if pj is unvisited then
12: Mark pj as visited
13: Compute N (pj)
14: if |N (pj)| ≥ minPts then
15: Add N (pj) to C
16: end if
17: end if
18: end for
19: Add C to Sstop
20: end if
21: end for
22: Group points between consecutive stop clus-

ters into move segments Smove
23: return Sstop,Smove

Table 9: Comparison of transportation mode detection
models on the GeoLife dataset.

Model Accuracy Precision Recall F1-score

Gradient Boosting 0.89 0.88 0.87 0.88
Random Forest 0.85 0.84 0.83 0.83
SVM (RBF) 0.82 0.80 0.81 0.81

Gradient boosting achieves the highest and most
stable performance across all evaluation metrics.
Remaining classification errors primarily occur be-
tween bus and car modes, reflecting overlapping
speed and acceleration characteristics in urban en-
vironments. In data-scarce scenarios, we further
employ simple, interpretable heuristics as a fall-
back: segments with mean speed below 2 m/s and
low acceleration variance are classified as walking,
segments with speeds between 2 m/s and 6 m/s as
cycling, and higher-speed segments as motorized
travel.

B Additional Data Description

B.1 Transportation mode
The modal composition of the dataset reflects a
diverse range of travel behaviors, with clear dom-
inance of everyday surface transportation modes
(Table 10). Motorized ground travel accounts for
the majority of observed activity, indicating that the
trajectories primarily capture routine urban mobil-
ity rather than sporadic long-distance travel. At
the same time, substantial representation of ac-
tive modes highlights the presence of fine-grained,
short-range movements that are critical for under-
standing daily activity patterns and multimodal
decision-making. The inclusion of multiple pub-
lic transit modes further enriches the dataset by
supporting reasoning over transfers, mode choice,
and mixed-mode trips. This modal diversity en-
sures that the dataset supports behavioral infer-
ence across heterogeneous mobility contexts rather
than being narrowly concentrated on a single travel
mode.

Table 10: Distribution of trajectory segments and total
duration by travel mode.

Mode Segments Total Duration (hours)

Airplane 45 130.22
Bike 2,867 4,463.04
Boat 8 3.57
Bus 6,727 5,674.26
Car 3,953 10,836.81
Motorcycle 2 0.16
Run 2 1.40
Subway 1,013 1,097.43
Taxi 490 575.05
Train 374 868.51
Walk 3,250 3,724.99

B.2 POI category
The POI distribution indicates that the dataset is
strongly anchored in routine, everyday urban ac-
tivities, with the majority of observations corre-
sponding to food-related establishments, retail lo-
cations, and service-oriented destinations. This
concentration reflects realistic daily mobility pat-
terns driven by dining, shopping, and personal ser-
vices, rather than sporadic or event-based travel. At
the same time, the presence of healthcare facilities,
educational institutions, cultural venues, parks, and
transportation infrastructure demonstrates that the
dataset captures a broad spectrum of functional ur-
ban spaces beyond consumption-oriented activities.
The resulting POI composition balances frequency
and diversity, ensuring that trajectory semantics are
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grounded in common daily behaviors while still
supporting reasoning over less frequent but behav-
iorally meaningful destinations (Table 11).

Table 11: POI categories count.

POI Category Count

Fast Food & Quick Service Restaurants 31,775
Full-Service Restaurants (All Cuisines) 24,392
Coffee Shops & Cafés 9,748
Retail Stores (Big Box, Grocery, Convenience) 11,279
Shopping & Commercial Facilities 4,612
Healthcare Facilities (Hospitals, Clinics) 7,782
Education & Training Institutions 1,311
Cultural & Entertainment Venues 4,209
Parks, Scenic, & Outdoor Locations 2,252
Transportation & Infrastructure 3,696
Residential & Neighborhood Areas 536
Financial & Public Services 1,738
Sports & Recreation Facilities 1,121
Other / Miscellaneous POIs 3,045

B.3 Geographic coverage
The dataset provides geographically diverse mo-
bility traces that span multiple metropolitan con-
texts and travel environments. At the global scale,
the spatial footprint covers a wide set of cities dis-
tributed across several regions, which reduces the
risk that model evaluation is driven by a single local
mobility grammar. This breadth exposes models to
heterogeneous spatial layouts and travel constraints,
including differences in block structure, arterial
networks, and the availability of public transport
and mixed-use destinations. Thus, the benchmark
reflects real-world variation in how daily mobil-
ity is organized, supporting generalization-oriented
evaluation rather than place-specific memorization
(Figure 7).

Figure 7: Global distribution of trajectory points across
observed cities.

At the same time, the dataset contains a dense,
high-resolution core region that enables fine-
grained behavioral analysis at the street and neigh-
borhood level. The Beijing visualization shows

highly structured trace density that aligns with a
realistic urban mobility backbone: concentrated ac-
tivity clusters in central districts and corridor-like
patterns along major connectors. This combination
of dense urban cores and lower-intensity peripheral
coverage is valuable for trajectory understanding
tasks, because it forces models to operate across
different spatial regimes (dense downtown grids
versus sparser edges) while still retaining enough
observations to support robust analysis within a
primary city (Figure 8). Together, these proper-
ties yield a benchmark with both broad geographic
diversity and a sufficiently dense anchor region
to support detailed spatial-semantic interpretation,
including comparisons across urban form, neigh-
borhood contexts, and city-level mobility structure.

Figure 8: Spatial density of trajectory points within
Beijing.

B.4 Temporal Coverage and Longitudinal
Depth

TravelBehaviorQA spans multiple years of ob-
served mobility (Figure 9), enabling evaluation
across diverse temporal contexts rather than iso-
lated snapshots of travel behavior. Core behav-
ioral attributes remain consistently represented
over time, while narrative questions are distributed
throughout the dataset, ensuring that interpretive
tasks reflect persistent and recurring mobility pat-
terns. This longitudinal structure supports assess-
ment of models’ ability to generalize behavioral
understanding across time, rather than memorizing
period-specific trajectories
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Figure 9: Dataset time spanning

B.5 User Coverage

TravelBehaviorQA is designed to ensure balanced
user representation across behavioral categories.
Each category includes questions contributed by
the full set of users, and individual users are asso-
ciated with multiple task types, including both de-
terministic and open-ended questions. This design
prevents concentration of data in a small subset of
users and mitigates user-specific bias.

Table 12: User-level coverage statistics.

Metric Min Mean Max

QA instances 1,041 2,106 28,968
Days observed 46 93 1,273
Categories 11 11 11
Question types 30 30 30
Open question share (%) 21.9 24.9 27.3

Moreover, narrative and interpretive questions
are broadly distributed rather than limited to highly
active individuals, ensuring that higher-level rea-
soning tasks reflect general travel behavior. Overall,
the dataset supports robust evaluation of cross-user
generalization rather than memorization of individ-
ual mobility patterns.

C Additional Performance Results

Open ended questions consistently yield low BLEU
and BERTScore values across all evaluated models,
indicating that narrative level mobility reasoning re-
mains challenging for current LLMs. While models
can often extract isolated factual attributes, generat-
ing coherent behavioral explanations that integrate
temporal structure, activities, and travel modes is
substantially more difficult. This gap highlights
the complexity of translating spatiotemporal traces
into meaningful behavioral narratives rather than
answering low entropy factual queries.

Table 13: Performance of LLMs on open-ended ques-
tions in TravelBehaviorQA. BLEU and BERTScore are
reported, with higher values indicating better semantic
alignment with reference answers.

Model BLEU ↑ BERTScore ↑
gpt-5.2 9.73 0.39
gpt-5-mini 7.43 0.38
gpt-5-nano 6.62 0.33
claude-sonnet-4.5 9.86 0.40
qwen3-max 18.11 0.51
qwen-plus 20.45 0.54
qwen-flash 15.43 0.49
deepseek-chat 11.57 0.41
grok-4-1-fast 11.03 0.42
gemini-2.5-pro 10.02 0.38

Increasing model capacity provides only mod-
est benefits for trajectory understanding. Larger
models achieve incremental improvements in open
ended generation quality, but they continue to strug-
gle with organizing spatiotemporal information
into coherent representations of activities, intent,
and routine. Consequently, improvements in de-
terministic performance do not reliably translate
into stronger open ended reasoning, suggesting that
factual extraction and behavioral interpretation rely
on fundamentally different capabilities.

Performance also varies across behavioral cat-
egories. Aggregate and structurally constrained
questions are relatively easier, whereas tasks re-
quiring temporal semantics, mode interpretation,
and higher level behavioral insights remain substan-
tially more difficult. Open ended narrative ques-
tions exhibit the greatest inter model variance, re-
flecting differences in models’ ability to abstract
salient patterns and maintain temporal coherence
over extended contexts.0.2
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Figure 10: Performance comparison across model fami-
lies and scales.
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Table 14: Category-level performance on open-ended questions in TravelBehaviorQA. Each cell reports BERTScore
/ BLEU, where higher values indicate better semantic alignment and narrative quality.

Model Daily Narrative Trip Insights Place Insights Mode Insights Weekly Narrative

gpt-5.2 0.57 / 21.41 0.37 / 6.26 0.32 / 5.20 0.39 / 12.12 0.36 / 5.21
gpt-5-mini 0.46 / 10.19 0.04 / 0.00 0.25 / 1.96 0.30 / 5.69 0.24 / 1.63
gpt-5-nano 0.33 / 9.60 0.26 / 4.40 0.09 / 1.30 0.27 / 3.80 0.18 / 0.94
claude-sonnet-4.5 0.47 / 14.56 0.39 / 9.07 0.37 / 8.44 0.38 / 9.69 0.40 / 7.74
qwen3-max 0.59 / 28.85 0.54 / 18.31 0.41 / 12.38 0.47 / 13.04 0.54 / 20.14
qwen-plus 0.62 / 31.20 0.60 / 22.95 0.45 / 12.61 0.48 / 13.41 0.59 / 24.77
qwen-flash 0.57 / 21.55 0.54 / 18.85 0.37 / 7.57 0.46 / 12.09 0.54 / 19.06
deepseek-chat 0.46 / 16.91 0.42 / 11.39 0.36 / 9.59 0.38 / 7.11 0.46 / 13.89
grok-4-1-fast 0.51 / 16.60 0.45 / 10.47 0.35 / 8.62 0.39 / 9.73 0.44 / 10.73
gemini-2.5-pro 0.46 / 17.70 0.39 / 9.71 0.30 / 4.23 0.34 / 4.83 0.45 / 15.19

D LLM Settings and Experimental
Configuration

Decoding parameters are held constant across ex-
periments. We use a temperature of 1.0 and a top-p
value of 0.95 to balance response diversity and sta-
bility, reflecting standard practice for open-ended
generation while avoiding overly deterministic out-
puts. For deterministic questions, responses are
constrained to short factual outputs where appli-
cable, whereas open-ended questions allow free-
form generation without length truncation beyond
model-imposed limits.

Table 15: LLMs and decoding parameters.

Model Temp. Top-p Thinking

GPT-5.2 1.0 0.95 Minimal
GPT-5-Mini 1.0 0.95 Minimal
GPT-5-Nano 1.0 0.95 Minimal
Gemini-2.5-Pro 1.0 0.95 Low
grok-4-1-fast 1.0 0.95 Low
Qwen3-Max 1.0 0.95 Low
Qwen-Plus 1.0 0.95 Low
Qwen-Flash 1.0 0.95 Low
Claude-Sonnet-4.5 1.0 0.95 Low
DeepSeek-chat 1.0 0.90 Low

To assess robustness and generalization across
model families and scales, we evaluate the
benchmark on a diverse set of state-of-the-art
LLMs, including OpenAI models (GPT-5.2, GPT-
5-mini, GPT-5-nano), Anthropic Claude (Sonnet
4.5), Qwen models (Qwen3-Max, Qwen-Plus),
DeepSeek (DeepSeek-V3.2), Grok models (Grok-
4-1 Fast), and Gemini (Gemini-2.5-Pro). All mod-
els are tested under consistent prompting and de-
coding settings, enabling systematic comparison of
trajectory understanding performance across archi-
tectures, providers, and model capacities. No chain-
of-thought prompting or external tools are used.
Each model is queried once per QA instance, and

no response selection or reranking is applied. Eval-
uation is conducted separately for deterministic and
open-ended questions using task-appropriate met-
rics defined in the main text. All experiments are
executed using the same dataset splits and input
representations to ensure consistency across model
families and scales.

E Examples of TravelBehaviorQA

The TravelBehaviorQA benchmark distinguishes
between deterministic questions, which require
low-entropy, rule-based inference grounded in ob-
servable trajectory attributes, and open-ended ques-
tions, which demand higher-level abstraction, syn-
thesis, and behavioral interpretation. This separa-
tion enables controlled analysis of factual ground-
ing versus semantic understanding within a unified
behavioral framework.

E.1 Deterministic Questions

Deterministic questions target well-defined behav-
ioral attributes that admit a single correct answer
derived directly from trajectory data. These ques-
tions evaluate factual grounding, numerical reason-
ing, and temporal–spatial consistency.

Travel Intensity. This category quantifies the
overall magnitude of travel within a given period,
including total distance, total travel time, and num-
ber of trips. It evaluates whether models can ac-
curately aggregate movement statistics from raw
trajectories.
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Example of Travel Intensity Question

Question:
For user_id 010, what is the distribution of trip
lengths on 2007-12-31?

Retrieved trajectory with POI:
[1] MOVE 06:09-16:47 mode=car
[2] STOP 16:48-16:53 poi=Autumn Moon over the
Calm Lake(Scenic Lookout)
[3] MOVE 16:54-17:10 mode=bus

Answer:
short 0, medium 1, long 1

Daily Schedule. Daily Schedule questions char-
acterize the temporal organization of mobility, such
as first departure, last arrival, and major travel peri-
ods, emphasizing precise time identification.

Example of Daily Schedule Question

Question:
What is user 010’s preferred time of day for activities
on 2008-10-18?

Retrieved trajectory with POI:
[1] MOVE 12:06–12:10 mode=taxi
[2] STOP 12:22–12:24 poi=Century Clock (Monu-
ment)
[3] STOP 12:44–12:50 poi=Century Clock (Monu-
ment)
[4] MOVE 13:00–13:06 mode=taxi

Answer:
Daytime

Activity Patterns. This category focuses on stop
behavior and activity structure, including stop du-
rations, longest stops, and sequencing of activities
throughout the day.

Example of Activity Patterns Question

Question:
What was user_id 010’s dominant activity with the
longest stay on 2007-10-20?

Retrieved trajectory with POI:
[1] MOVE 03:00–11:02 mode=car
[2] STOP 11:03–11:08 poi=WenTaoFang Ancient
Weapon Museum (History Museum)
[3] STOP 11:08–11:23 poi=WenTaoFang Ancient
Weapon Museum (History Museum)
[4] MOVE 11:25–11:42 mode=bike

Answer:
Visiting WenTaoFang Ancient Weapon Museum,
with the longest stop duration of approximately 15
minutes (11:08–11:23).

Place-Time Semantics. Place–Time Semantics
link spatial locations with temporal constraints, re-
quiring models to identify where an individual was
during a specified time interval.

Example of Place–Time Semantics Ques-
tion

Question:
What place was user 010 at on 2008-10-01 at
05:50:47?

Retrieved trajectory with POI:
[1] MOVE 00:00–05:40 mode=train
[2] STOP 05:40–06:00 poi=Pasaraya Speed 99
(Board Store)
[3] MOVE 06:07–06:19 mode=taxi
[4] STOP 06:20–06:28 poi=Pasaraya Speed 99
(Board Store)

Answer:
Pasaraya Speed 99

Mode Behavior. Mode Behavior questions eval-
uate factual reasoning about inferred transportation
modes, such as counts or dominance of specific
modes.

Example of Mode Behavior Question

Question:
How many distinct MOVE modes did user 010 use
during the week of 2008-W38 (2008-09-15 to 2008-
09-21)?

Retrieved trajectory with POI (excerpt):
[1] MOVE 2008-09-15 23:17–23:59 mode=train
[2] MOVE 2008-09-16 00:00–00:01 mode=bus
[3] MOVE 2008-09-16 00:32–00:32 mode=walk
[4] MOVE 2008-09-16 00:59–01:06 mode=subway
[5] MOVE 2008-09-16 14:56–23:52 mode=taxi
...

Answer:
5

E.2 Open-Ended Questions

Open-ended questions require higher-entropy rea-
soning, asking models to synthesize, abstract, and
interpret behavioral patterns across multiple trajec-
tory elements. These questions evaluate narrative
coherence and semantic understanding.

Daily Narratives. Daily Narratives prompt mod-
els to produce coherent summaries of a user’s daily
mobility, integrating trips, activities, and temporal
structure.
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Example of Daily Narratives Question

Question:
What did user 020 do on 2011-10-06 based on their
daily trajectory?

Retrieved trajectory with POI:
[1] MOVE 04:06–04:11 mode=bike
[2] STOP 04:11–04:16 poi=Costa Coffee (Coffee
Shop); Food Court; Najia Bistro (Beijing Restaurant)
[3] MOVE 04:47–04:49 mode=bike
[4] STOP 04:49–04:51 poi=Xi He Ya Yuan (Chinese
Restaurant); SUBWAY (Sandwich Spot); Starbucks
(Coffee Shop)
[5] MOVE 15:24–15:49 mode=bike

Answer:
On 2011-10-06, user 020 began the day early by bik-
ing shortly after 04:00 and stopping briefly at a coffee
shop. They made another short bike trip later in the
morning with a brief stop at a fast-food restaurant.
In the afternoon, the user undertook an additional
bike trip. No further activities are observed in the
available trajectory data.

Trip Insights. Trip Insights focus on interpre-
tive assessment of travel burden and structure, re-
quiring justification grounded in observed mobility
patterns.

Example of Trip Insights Question

Question:
What was the trip structure and intensity for user_id
010 on 2008-09-22 based on their daily trajectory?

Retrieved trajectory with POI:
[1] MOVE 00:00–13:05 mode=subway
start=39.947721,116.346156
end=39.136204,117.204953
[2] STOP 13:05–13:07 poi=McDonald’s (Fast Food
Restaurant); Starbucks (Coffee Shop)
[3] STOP 13:48–13:59 poi=McDonald’s (Fast Food
Restaurant); Pizza Hut (Pizzeria)
[4] MOVE 23:26–23:53 mode=train
start=39.142243,117.198226
end=39.865523,116.376616

Answer:
On 2008-09-22, user_id 010 exhibited a highly travel-
intensive day characterized by two long-distance
movement segments and only brief intermediate
stops. The day began with an extended subway trip
lasting over 13 hours, followed by two short food-
related stops in the early afternoon. The day con-
cluded with a late-night train journey. Overall, the trip
structure reflects high mobility with minimal dwell
time, indicating high trip intensity and limited en-
gagement at destinations.

Place Insights. This category evaluates semantic
interpretation of visited locations, asking models
to abstract dominant place types or usage patterns.

Example of Place Insights Question

Question:
What places did user 010 visit and what activities can
be inferred from their trajectory on 2008-10-13?

Retrieved trajectory with POI:
[1] MOVE 00:00–00:04 mode=taxi
[2] STOP 00:06–00:09 poi=New Century Grand Ho-
tel Beijing (Hotel Bar); BBQ Joint; Fayuan Temple
(Temple/Monument)
[3] MOVE 00:11–00:52 mode=taxi
[4] STOP 00:55–00:58 poi=Tonkatsu & Curry
(Japanese Restaurant); KFC (Fast Food Restaurant);
Pizza Hut (Pizzeria)
[5] MOVE 10:44–23:55 mode=subway
start=39.981688,116.332566
end=39.863580,116.374368

Answer:
On 2008-10-13, user 010 visited several distinct place
types. The early trajectory indicates a brief stop near
Fayuan Temple, suggesting a short visit to a cultural
or religious site. This was followed by travel to a
food-related location, where the user stopped briefly
at a restaurant, indicating a likely meal. Later in the
day, the user undertook a prolonged subway trip span-
ning most of the afternoon and evening, suggesting
extended travel rather than prolonged engagement at
a specific destination. Overall, the trajectory reflects
short, activity-focused stops embedded within longer-
distance travel.

Mode Insights. Mode Insights require summa-
rizing overall transportation preferences or reliance
across the day, beyond simple counting.

Example of Mode Insights Question

Question:
What can be inferred about user_id 010’s mode usage
and switching patterns on 2008-04-04 based on their
full day trajectory?

Retrieved trajectory with POI (excerpt):
[1] MOVE 00:00–04:13 mode=train
[2] STOP 04:27–04:31 poi=miskai (Outdoor Area)
[3] MOVE 04:31–10:19 mode=taxi
[4] STOP 10:19–10:26 poi=Liquor Store; Chinese
Restaurant
...

Answer:
On 2008-04-04, user_id 010 relied predominantly
on train travel, using it for nearly all long-distance
movement throughout the day. A single extended taxi
segment occurred in the early morning, following an
initial train trip, suggesting a temporary mode switch
likely due to connectivity or access constraints. After
this taxi segment, the user consistently returned to
train travel for the remainder of the day, with only
brief stops between consecutive train journeys. Over-
all, the trajectory indicates a strong preference for
rail-based transportation, with limited and situational
use of alternative modes.
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Routine Narratives. Routine Narratives assess
whether recurring temporal or spatial patterns are
evident, emphasizing cautious interpretation under
uncertainty.

Example of Routine Narratives Question

Question:
What was the daily schedule and rhythm like for
user_id 010 on 2009-01-14 based on their trajectory?

Retrieved trajectory with POI:
[1] MOVE 04:58–06:11 mode=bus
start=40.099303,116.364085
end=40.055958,116.320455
[2] STOP 06:12–06:14 poi=Pizza Hut (Pizzeria);
KFC (Fast Food Restaurant); (Structure)
[3] STOP 06:15–06:18 poi=Pizza Hut (Pizzeria);
KFC (Fast Food Restaurant); (Structure)
[4] MOVE 06:18–06:44 mode=car
start=40.051056,116.324221
end=39.992488,116.325473
...

Answer:
On 2009-01-14, user_id 010 followed an early-
morning travel rhythm characterized by continuous
movement and brief intermediate stops. The day be-
gan before 05:00 with a long bus trip, followed by
two short stops at food service locations in quick
succession, and concluded with a car journey shortly
after 06:00. Overall, the trajectory reflects a tightly
scheduled morning with minimal dwell time and a
clear sequence of travel and short pauses.
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