
GTA-NarrativeTraj: Language-Aware Trajectory Prediction from GPS
and Dialogue in an Open-World Simulator

Anastasiia Sapeha, Eduard Sariiev, Mykyta Sapeha, Ibrahim Kovan, Subashkumar Rajanayagam,
Kirill Karpov, Maksim Gering, Dmitry Kachan and Eduard Siemens

Anhalt University of Applied Sciences, Bernburger Str. 55, Koethen, Germany
{anastasiia.sapeha, eduard.sariiev, ibrahim.kovan, subashkumar.rajanayagam, kirill.karpov, maksim.gering, dmitry.kachan,

eduard.siemens}@hs-anhalt.de

Keywords: Narrative Trajectory Prediction, Language-Aware Forecasting, Next Location Prediction, Multimodal, GPS,
Audio-to-Text, Speech-to-Text, Subtitles Alignment, Dialogue Grounding, Spatio-Temporal Knowledge
Graph (ST-NKG), Map Matching, Road Graph, Synthetic Dataset, Urban Environment Simulation, Intent
Extraction, Named-Entity Recognition (NER), Ontology, Grand Theft Auto V (GTA V).

Abstract: GTA–NarrativeTraj is presented as a simulation framework and dataset for Grand Theft Auto V (GTA V)
that couples spatiotemporal trajectories with in-game narrative signals (speech audio, subtitles, speaker iden-
tity). A ScriptHookVDotNet-based logger records world coordinates and vehicle state at ≥ 1Hz and captures
dialogue events (subtitle text, speaker tags, soundbank IDs) during story-mode play. The released dataset pro-
vides tightly time-aligned GPS-like traces and the complete dialogue stream for full playthroughs, yielding
a resource in which coordinates, audio, and text jointly form a narrative constraining and explaining agent
motion. The task of narrative-grounded mobility prediction is introduced: given recent GPS and ongoing
utterances, infer the agent’s near-term path and next waypoint while recovering salient context such as inter-
locutors (who is speaking to whom), scene-level locations, and dialogue-implicated points of interest. The
dataset serves as ground truth for these tasks by pairing GPS histories with contemporaneous narrative cues
and future motion outcomes - enabling models that reason simultaneously over movement, interlocutors, and
places. Reproducibility, offset stability, and licensing are discussed; the release includes code, logs, tran-
scripts, and time-aligned audio features, while excluding raw copyrighted assets.

1 INTRODUCTION

In mobility related applications, predicting the agent’s
future location is central to planning and risk-
management. Beyond geometry and maps, language
provides complementary signals about intent (des-
tinations and goals), constraints (traffic, risk), and
social context (who speaks to whom, who is being
obeyed). Yet city-scale datasets that align movement
with natural, in-situ dialogue are scarce. Open-world
games provide a viable testbed: photorealistic, con-
trollable environments with scripted missions and am-
bient speech tied to locations and tasks. GTA V, in
particular, combines large urban scale with a con-
sistent narrative structure (missions and diegetic di-
alogue) that can be explicitly exploited for joint rea-
soning over movement and language.

GTA–NarrativeTraj is a lightweight mod–and–
dataset for Grand Theft Auto V (GTAV) that synchro-
nizes spatiotemporal trajectories with in-game nar-

rative signals-speech audio, subtitles, and speaker 
labels-during story-mode play. A C# ScriptHookV-
DotNet mod logs world coordinates and vehicle state 
at ≥ 1Hz and captures dialogue events (subtitle text, 
speaker tags, soundbank IDs). A Python pipeline nor-
malizes speaker names and writes structured logs that 
are map-matched to a lane-aware road graph extracted 
from the game’s path network. The resulting corpus is 
tightly time-aligned, with GPS-like coordinates, au-
dio, and text jointly forming a narrative that con-
strains and explains motion. This supports narrative-
grounded mobility prediction: given recent coordi-
nates and ongoing utterances, the agent’s near-term 
path and next waypoint can be inferred, along with 
salient context such as interlocutors, scene locations, 
and dialogue-referenced points of interest (POIs).

The proposed framework supports a range of 
tasks: dialogue-conditioned route choice, next-POI 
retrieval, speech-to-goal grounding, and construction 
of narrative knowledge graphs anchored to the road

193 

Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), December 2025



network. The mod, logging server, and dataset-story 
playthroughs with synchronized GPS, transcripts, 
speaker tags, and time-aligned audio features-are re-
leased to facilitate reproducible research and to en-
courage models that jointly reason about movement, 
interlocutors, and places.1

This work introduces a narrative-grounded GTA V 
framework and dataset that couple GPS, audio, and 
text at ≥ 1Hz; defines t asks f or n arrative-aware tra-
jectory forecasting and context recovery (social cir-
cle, locations, POIs); presents baseline families con-
trasting GPS-only and multimodal models; and dis-
cusses reproducibility (offset stability, map matching) 
and legal/ethical considerations.

This paper is organized as follows: Section 2 
reviews related work; Section 3 details the system 
overview and dataset construction; Section 4 outlines 
future directions enabled by this resource.

2 RELATED WORK

Modern commercial game engines have been repeat-
edly exploited to produce large-scale, richly anno-
tated data for perception and autonomy research, with 
Grand Theft Auto V (GTA V) becoming a particularly 
influential s ource. R ichter e t a l. s howed t hat high-
fidelity scenes in GTA V can yield pixel-accurate la-
bels at scale (“Playing for Data”) and later curated a 
multi-task benchmark across video, optical flow, in-
stance segmentation, 3D layout, odometry, and track-
ing (“Playing for Benchmarks”), establishing GTA V 
as a credible platform for controlled urban experi-
ments without costly manual annotation [1, 2]. Build-
ing on this idea, the PreSIL dataset introduced syn-
chronized images, depth, and LiDAR with precise 
point-wise semantics generated in GTA V [3], while 
community frameworks such as DeepGTAV turned 
the game into a configurable environment for data col-
lection [4]. In parallel, purpose-built urban simula-
tors provide complementary affordances: CARLA of-
fers open assets, controllable sensor suites, and stan-
dardized driving tasks [5], whereas SYNTHIA deliv-
ers large synthetic corpora with pixel-level labels for 
segmentation [6]. GTA V is viewed as trading some 
controllability for a uniquely scripted narrative struc-
ture (missions and ambient dialogue), which is explic-
itly exploited in this work. This trade-off provides 
access to story-driven interactions and in-world con-

1Repository: GitHub (GTA-NarrativeTraj). 
https://github.com/mntw/GTA-NarrativeTraj
We release code and logs/metadata, not raw copyrighted 
assets.

versations at city scale, supplying signals that are dif-
ficult to script faithfully in conventional simulation.

Concurrently, language has become an increas-
ingly central supervision signal for navigation and
route choice. Indoors, the Room-to-Room (R2R)
benchmark frames visually grounded instruction fol-
lowing in real buildings [7]; outdoors, Touchdown
studies natural-language navigation and spatial rea-
soning across Manhattan Street View [8]; StreetNav
formalizes following driving-style directions in Street
View at city scale [9]; and Talk2Nav introduces long-
range urban navigation with dual attention over land-
marks and local directions [10]. In a driver-centric
setting, Talk2Car collects free-form passenger com-
mands grounded in street scenes [11]. Unlike these
datasets, in which an agent executes given instruc-
tions, the present setting observes in-game dialogue
and asks whether such dialogue helps forecast where
characters will go next. This observational regime
complements instruction-following by emphasizing
latent intent and social context rather than prescrip-
tive step-by-step guidance.

A small but growing body of work conditions tra-
jectory modeling directly on language or leverages
language models for motion prediction. Kuo et al.
quantify the information gain from linguistic repre-
sentations for vehicle trajectories [12]; Bae et al. re-
formulate pedestrian prediction via language-styled
prompts (LMTraj) [13]; NeurIPS work on language-
driven interactive traffic generation conditions trajec-
tories on natural-language prompts [14]; and recent
efforts such as LangTraj use language-conditioned
diffusion for traffic scene simulation [15]. Our for-
mulation is closest in spirit to these trends but remains
distinct in exploiting diegetic dialogue from a scripted
open world, aligned to GPS and speaker identity.

Technically, aligning spoken content and subti-
tles with time is well studied in multimodal cor-
pora that couple utterance-level text with audio and
word boundaries. The LRS family (LRS2/LRS3-
TED) provides large-scale audio-visual speech data
with subtitle alignment for sentence-level recogni-
tion and lip reading [16], and the How2 dataset
pairs instructional videos with English subtitles (and
translations), enabling multi-task speech–language
modeling [17]. To convert utterances into action-
able structure, standard semantic formalisms are em-
ployed: Abstract Meaning Representation (AMR) en-
codes predicate–argument graphs for sentences [18];
PropBank/semantic role labeling supplies shallow but
broad predicate–argument layers [19]; and TimeML
with HeidelTime captures temporal expressions and
event relations [20, 21].

194 

Proceedings of the International Conference on Applied Innovations in IT (ICAIIT), December 2025



3 SYSTEM OVERVIEW AND
DATASET CONSTRUCTION

3.1 Ethics and Legal Considerations

We restrict to single-player and local data collec-
tion. We release only code, logs, and derived meta-
data/features; no redistribution of copyrighted audio
files or raw assets. Users must own a copy of GTA V
and extract features locally. We document modding
limitations and respect the game’s End User License
Agreement (EULA).

3.2 Modding Pipeline

The single-player GTA V process is instrumented us-
ing ScriptHookV/ScriptHookVDotNet; GTA Logger
is loaded on the main game thread. As shown in Fig-
ure 1, on each tick (configurable, ≥ 1Hz) the logger
reads

1) in-game and wall-clock timestamps;

2) player/Non-Player-Character (NPC) world co-
ordinates and vehicle state;

3) dialogue metadata (subtitle text, resolved
speaker tag, current soundbank ID).

Each sample is serialized and sent over HTTP 
POST to a local Python service, which normalizes 
speaker IDs and appends a CSV record (Data.csv) 
following the schema in Table 1. This preserves raw 
world positions (meters) for downstream map match-
ing and graph projection; memory reads should be 
guarded by signature scanning rather than hard-coded 
offsets to remain robust across game updates.

Table 1: Output log schema written by the Python logger 
(Data.csv).

Field Description
char Active character identity (string).
time ingame In-game clock at capture time (string,

HH:MM:SS).
time rw Wall-clock timestamp at capture time

(string, HH:MM:SS).
pos World position in GTA V coordinates

(string formatted as “x,y,z”, meters).
vehicle On-foot/vehicle flag and, if in vehicle,

class and model display name (string
triplet: isInVehicle,Class,Model).

subtitle Subtitle text captured on the tick
(string; empty if none).

speaker Resolved dialogue speaker tag
(string).

soundfile Soundbank or line identifier co-
occurring with the subtitle (string).

3.3 Map Graph

A directed road graph G = (V,E) is constructed
from the game’s pathing data. In Grand Theft
Auto V, road paths are stored as nodes (points)
and links (connections between two nodes)
in paths.ipl. Depending on the installa-
tion, an XML variant may also be present at
common.rpf\data\levels\gta5\paths.xml;
in addition, Rockstar ships tiled
grid squares of path data under
common.rpf\x64e.rpf\levels\gta5\paths.rpf
(each grid has its own area id). Overall, paths.ipl 
contains 74,530 nodes and 77,934 links. Coordinates 
are floating-point m eters i n t he g ame’s world frame 
(with North Yankton included in the south–west 
corner), and node ids are integers indexing into the 
node list (Figure 2).

Each node record consists of 22 values: (x,y,z) 
followed by 19 flags in a fixed order summarized in 
Table 2.

Table 2: Node flag layout (22 values per node: (x,y,z) fol-
lowed by flags 0–18 in this order).

Idx Field Description
0 is enabled 0 = enabled, 1 = disabled.
1 is water 0 = land, 1 = water.
3 speed {0,1,2,3}: coarse

speed hint (un-
known/slow/medium/fast).

4 type 0 = normal; 10/18 =
pedestrian; 14 = interior;
15/16/17 = stop; 19 =
restricted.

5 density Local traffic/pedestrian
density prior (normalized
as raw/15).

6 street name hash Hash of street/segment
name (32-bit).

7 hw or int 1 indicates highway or inte-
rior.

8 no gps {0,1}: GPS disabled
through this node.

9 is tunnel {0,1}: tunnel indicator.
11 cannot go left {0,1}: left turn prohibited.
12 left turn only {0,1}: left-only turn.
13 off road {0,1}: off-road segment.
14 cannot go right {0,1}: right turn prohibited.
15 no big vehicles {0,1}: heavy/large vehicles

prohibited.
16 keep left {0,1}: keep-left indicator.
17 keep right {0,1}: keep-right indicator.
18 slip lane {0,1}: slip lane present.

Disabled nodes are discarded; the remaining
nodes form V , with all node attributes preserved for
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GTAV process

appends/writes

Python Script

Data.csv

char time_ingame time_rw pos vehicle subtitles_text speaker soundfile

Franklin 08:30:20 13:40:19 -1953.1,-420.2,-420.2 True,Sports,RAPIDGT
Eh, remember, we got to be careful with
these rides, homie. 'Cause Simeon ain't
about to dock my pay again...

FRANKLIN FBI1_CNAA

Franklin 08:28:48 13:40:16 -2005.6,-388.9,-388.9 True,Sports,RAPIDGT

loads

GTAV

Main thread

injects injects

ScriptHookV (ASI loader)

loads

ScriptHookV (ASI loader)Time_Scaler

HTTP POSTGTA_Logger

Figure 1: GTA-NarrativeTraj mod architecture.

downstream use (e.g., turn restrictions, tunnel/GPS
availability, pedestrian/interior types, density priors).
Each link record contains 6 fields — src, dst, and
four flags summarized in Table 3. Directed edges
are instantiated from lane counts: if lanes in > 0,
the edge (src→dst) is added with attribute lanes =
lanes in; if lanes out > 0, the edge (dst → src)
is added with lanes = lanes out. Lane values en-
code one-way/two-way semantics (e.g., lanes in =
2, lanes out = 0 denotes a one-way two-lane seg-
ment from src to dst).

Edge lengths are computed as Euclidean dis-
tances in (x,y), and the attributes width, lanes, and
link code are retained on edges, yielding a metrized,
lane-aware directed graph suitable for routing, map
matching, and trajectory forecasting.

3.4 Dataset Description and Statistics

A multimodal dataset was collected from GTA V
single-player story-mode gameplay, covering 30 h of

Table 3: Link flag layout (6 values per link: src, dst, then
flags 0–3). Lanes encode one-way/two-way semantics; a
common default is lanes in=2, lanes out=0 (one-way,
two lanes).

Idx Field Description
0 width {1..10, -1, -10}: nominal

segment width/class.
1 lanes in {0..6}: lanes from src to dst.
2 lanes out {0..6}: lanes from dst to src.
3 link code (0–5, 8, 9, 10, 17, 18, 19): 8/9

= lane change; 10/17/19 =
street change.

real gameplay time dedicated to narrative progres-
sion. The corpus aligns three channels: subtitles
(text), speech audio (cutscenes and in-world conver-
sations), vehicle telemetry (spatiotemporal trajecto-
ries, speeds). The textual channel contains 8,392 non-
empty utterances (≈61k tokens); detailed statistics
are reported in Table 5.

Vehicle activity is logged with class and model in-
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Figure 2: GTA V directed road graph, scale in meters.

formation. The taxonomy includes cars (e.g., super, 
sports, sedans, muscle, compacts, sports classics, ser-
vice vehicles), motorcycles, bicycles, air (helicopters, 
airplanes), water (boats), and trains. Ground-mobility 
analyses prioritize cars and motorcycles; non-ground 
classes are considered separately or excluded, de-
pending on task definition.

Trajectories are segmented into rides (trips) as-
sociated with the active protagonist under a repro-
ducible policy: onset after a short dwell above a mo-
tion threshold in a ground vehicle; termination at sus-
tained near-standstill, player exit, substantial spatial 
discontinuity, or transition to an excluded class; brief 
within-ride halts are merged; very short segments are 
filtered by minimum duration and distance. Aggre-
gates derived from this segmentation yield 132 rides 
totaling 495.31 km and 38.05 h (in-game) across pro-
tagonists (Tables 4 – 5).

Table 4: Trips summary by character (in-game hours).
Character Distance (km) Duration (h) Trips
Michael 205.06 19.34 58
Franklin 147.13 3.19 38
Trevor 143.12 15.52 36
Total 495.31 38.05 132

The spatial footprint of all rides is shown in 
Figure 3, providing immediate geographic context for 
subse-quent analyses.

Figure 3: Spatial footprint of all rides by protagonist.

Character coverage reflects the narrative struc-
ture: three playable protagonists (Michael, Franklin,
Trevor) are tracked alongside 16 primary story char-
acters, with 600+ named entities in the broader uni-
verse once minor and episodic NPCs are included.
For structural reference, a curated character relation-
ship graph (Figure 4) summarizes inter-character ties
with explicit relation labels (e.g., family, friends, col-
leagues, partners, adversaries, etc.). Beyond listing
cast members, the graph encodes direction and type,
allowing communities and role clusters to emerge
around the protagonists while capturing asymmetric
relations. Edge multiplicity and recurrence across
missions highlight stable alliances versus transient,
mission-specific contacts. This representation sup-
ports downstream tasks—entity linking, dialogue at-
tribution, and social role induction—by providing a
clean target for comparison against model outputs. In
evaluation settings, the labeled ties serve as a val-
idation resource for social-structure or relationship-
extraction studies, enabling checks that inferred links
are both present and typed correctly in the underlying
narrative world.

The audio channel is partitioned into cutscenes
and other conversational speech, totaling 2.2 h and
3.2 h, respectively (≈40.9% and 59.1 % of all
speech); see Table 5. This split contrasts cleaner
scripted material with noisier, overlapping in-world
dialogue and enables controlled evaluations in ASR,
speaker attribution, and text–audio alignment. Both
male and female speakers are represented across mul-
tiple age groups.
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Figure 4: Character social graph. Directed edges encode 
relation types (e.g., kinship, professional ties, crew mem-
bership, enmity) aggregated over story-mode interactions.

Table 5: GTA V dataset - global stats.

Metric Value
Non-empty utterances 8,392 (≈61,124 tokens)
Sentences 10,642
Playable / main story characters 3 / 16
Total named (game) 600+
Real gameplay time 30 h (real)
Trip duration (sum) 38.05 h (in-game)
Audio: cutscenes 2.2 h
Audio: other speech 3.2 h

4 CONCLUSION AND FUTURE
WORK

Speech processing will be extended beyond subti-
tle capture through integration of robust automatic
speech recognition, speaker diarization, and quo-
tation/attribution on in-game audio. Joint parsing
and alignment will be developed to reconcile subti-
tle–audio timing mismatches so that each utterance is
reliably attached to the correct speaker and addressee,
enabling downstream reasoning about multi-party di-
alogue and quoted speech.

Geospatial inference will be strengthened with
probabilistic and accelerated map-matching, comple-
mented by alternative routing strategies to recover the
most plausible paths under noise and occlusion. Des-
tination and route prediction, frequent-pattern min-
ing, next-point-of-interest retrieval, and semantic tra-
jectory representations that couple movement with

dialogue-implied intent will be investigated, with san-
ity checks against public GPS benchmarks to calibrate
difficulty and error sources.

A scene-level narrative knowledge graph is
planned, linking agents, utterances/addressees,
places, missions, and road segments. Graph-based
semi-supervised learning and attention message
passing will be explored for attribution and for
propagating mission goals to candidate waypoints;
retrieval-augmented queries (e.g., “Where is the
crew likely heading after this line?”) will combine
trajectory priors with dialogue constraints.

Multimodal pretraining will be examined, in-
cluding joint audio–text representations with uni-
fied masked objectives and geo-acoustic cues (e.g.,
sirens, surf) for localization. These initializations
will support narrative-aware predictors that reason
jointly over GPS histories, utterances, and ambient
sound with improved data efficiency and robustness
to recognition errors.

Dataset scale and use will be broadened through
multiple playthroughs with varied driving styles and
recording conditions to test cross-run generalization
and drift robustness. Mission-level segmentation, POI
catalogs, and richer annotations (addressee labels,
coreference) will support dialogue-conditioned route
choice, next-location retrieval, and checkpoint place-
ment. The pipeline will also be ported to additional
open-world environments to assess cross-city trans-
fer while maintaining the same release policy (code,
logs, transcripts, and time-aligned features, without
raw copyrighted assets).
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