ICLR 2026 the 2nd Workshop on World Models

[TINY PAPER] GEST-ENGINE: CONTROLLABLE
MULTI-ACTOR VIDEO SYNTHESIS WITH PERFECT
SPATIOTEMPORAL ANNOTATIONS

Nicolae Cudlenco'-3, Mihai Masala? & Marius Leordeanu':?

Hnstitute of Mathematics of the Romanian Academy, Bucharest, Romania
2National University of Science and Technology Politehnica Bucharest, Romania
3Biichi Labortechnik AG, Flawil, Switzerland

{nicolae .cudlenco,mihaimasala, leordeanu}@gmail .com
cudlenco.n@buchi.com

ABSTRACT

The world is a complex and dynamic place with multiple concurrent events that
happen constantly between entities such as people and objects. While large-scale
datasets with annotations obtained manually or through automatic post-processing
of videos exist and facilitate the training of world models, few of them capture this
complexity with ground-truth annotations. We introduce GEST-Engine, a system
that given a Graph of Events in Space and Time (GEST) — a specification that en-
compasses entities, events, and temporal constraints — makes use of game world
simulation to generate in a controlled manner, complex multi-actor and multi-
object videos with pixel-level ground-truth annotations and frame-synchronized
temporal segments, cross actor temporal relations, and cross entity spatial rela-
tions, reverse-mapped to the initial specification. We describe our complete end-
to-end workflow that encompasses random GEST generation, a scalable pipeline
for artifact generation and collection, and a sample corpus of 398 multi-actor
videos spanning 37 action types with dense annotations at zero marginal cost.

1 INTRODUCTION

There have been impressive advances in neural world models and video generation lately, all made
possible by large-scale data — whether self-generated through environment interaction (Ha &
Schmidhuber; 2018} [Hafner et al., 2023 |Alonso et al.,|2024), scraped from the internet (Bruce et al.,
2024; |Assran et al., 2025), or drawn from undisclosed proprietary corpora (Brooks et al., [2024; |Ball
et al., 2025; Wan et al., 2025; HaCohen et al., [2024; 2026). However, while world state perception
has advanced rapidly, studies such as |Chen et al.| (2026) observe that robust data is still limited in
the realm of action understanding. Their Action100M addresses this with 147 million temporally
localized segments from 1.2 million instructional videos, but annotates individual actions performed
by single actors in sequential steps, providing only temporal segments and captions.

Other synthetic video generation experiments have been done (Richter et al., |2016; Black et al.,
2023)), demonstrating the potential of synthetic data in real-world applications. Although other
simulation engines exist (Masala et al., 2023} Ji et al.l |2020; Dosovitskiy et al.| |2017; [Puig et al.,
2018)), the generated videos contain basic sequential execution and lacks temporal orchestration
for complex multi-actor coordination (e.g., before, after) and are limited in the produced dense
annotations.

In this work, we present GEST-Engine, a system that orchestrates multiple actors executing parallel
actions with explicit temporal coordination governed by Allen interval algebra (Allen, |1983)), along-
side a procedural GEST generator and batch production orchestrator. Beyond temporal segments,
we log detailed spatial relations between all entities at every frame, produce per-frame texture seg-
mentation masks, and record complete scene graphs with causal and logical edges — alongside
camera parameters for each frame, and dense textual descriptions — all as deterministic ground
truth at zero marginal annotation cost.
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2 THE GEST SPECIFICATION

A GEST is a directed graph G = (V, ) where nodes V represent events and edges encode rela-
tionships between events (such as, but not limited to temporal, spatial, logical or semantic) (Masala
et al., 2023). Each event node v; = (a4, pi, O;, £;, ;) specifies an action a;, a performer p;, par-
ticipating entities O;, a location ¢;, and properties 7;. Special Exists nodes declare actors and
objects, establishing the entity inventory.

In this work we focus on temporal and spatial relations, with temporal edges such as
{before,after, same_time, concurrent}, constraining and coordinating execution order
across actors and actions. Spatial edges such as {on,near,left,right,in_front,behind},
describe entity arrangement during execution.

This structure provides three guarantees by construction: (i) object permanence — entities declared
via Exists nodes persist throughout the story; (ii) causal consistency — the engine enforces
graph-specified event ordering; and (iii) multi-actor coordination — concurrent events across ac-
tors are synchronized through shared temporal constraints, with execution ordering derived via tran-
sitive closure (Section[3).

3 SYSTEM ARCHITECTURE

GEST-Engine transforms a GEST specification into annotated video through four stages.

Stage 1: Graph parsing and validation. The engine extracts actors from Ex i st s nodes, identifies
required locations, objects, and actions, and validates that available 3D environments (Episodes) can
satisfy all requirements through a set-cover algorithm with backtracking. For multi-location stories,
a MetaEpisode wrapper aggregates environments and automatically generates cross-episode move-
ment actions. A valid group of episodes is randomly chosen (ensuring multiple possible simulations
for the same GEST).

Stage 2: Object grounding. Abstract graph entities are mapped to concrete 3D objects via a chain-
ID system that ensures consistent object identity across actions while preventing multi-actor conflicts
on shared resources.

Stage 3: Temporal orchestration. The ActionsOrchestrator coordinates multi-actor execution. An
EventPlanner constructs a happens-before graph from temporal edges and applies Floyd-Warshall
transitive closure to derive a total ordering, then partitions events into temporal segments. Events
within a segment execute concurrently; segments execute sequentially. This supports three syn-
chronization patterns: sequential (e; — es), parallel (e; <+ e via same_t ime), and interleaved
(e1 || e2 via concurrent).

Stage 4: Execution and capture. Actions are dispatched to actor handlers in the 3D environment.
A camera manager tracks the actions and automatically switches focus between actors. Simultane-
ously, the artifact collection system (Section ) captures frame-aligned multi-modal annotations.

4 MULTI-MODAL ARTIFACT COLLECTION

GEST-Engine’s artifact collection system captured frames are aligned to the structured event graph
that generated them, linking visual observations to their causal and temporal context. An Artifact-
CollectionManager implements a freeze/collect/unfreeze state machine ensuring frame-consistent
multi-modal capture. Beyond standard modalities (RGB via Desktop Duplication API, texture seg-
mentation via HLSL shader with FN'V-1a texture hashing), the system produces two additional an-
notation types: frame-level spatial relations and event temporal alignment. The system is open
for extension to collect additional modalities like depth, actor pose, and optical flow.

Per-frame spatial relation graphs. At each captured frame, the collector queries the 3D positions
and rotations of every entity (actors and objects) along with the camera state (position, lookAt, FOV,
roll). For each entity, it computes camera-relative spatial data: Euclidean distance, horizontal and
vertical angles, a coarse direction bucket (front/back/left/right/above/below), and an in-FOV flag
(with the option to only collect objects in the FOV). Crucially, it also computes pairwise relations
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(a) RGB with spatial annotations (b) Instance segmentation
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Figure 1: Multi-modal outputs: (a) RGB with active events and camera-relative directions; (b)
instance segmentation via HLSL texture hashing; (c) GEST event sequences across 4 actors.

between all entity pairs—not just entity-to-camera—producing a complete per-frame spatial relation
graph. Each entity is tagged with its story-level ID from the input GEST, maintaining the link
between the symbolic specification and the visual observation across the entire video. Content-hash
deduplication avoids redundant writes for static scenes.

Event-frame temporal alignment. An EventBus-driven collector subscribes to
graph_event_start and graph_event_end signals emitted by the orchestra-
tion engine, recording the exact frame at which each GEST event begins and ends:
{e; +— [startFrame;, endFrame;]}. This produces a complete temporal bridge between the in-
put graph and the output video—every frame can be mapped back to which graph events are active,
and every event can be located to its precise frame range.

5 GENERATED CORPUS AND APPLICATIONS

A procedural Python generator creates GEST specifications with configurable complexity (actor
count, actions per location, constraint density, object reuse). The generator queries the engine’s
capability registry—episode definitions, available POlIs, action chains, and object capacities—to en-
sure every generated graph is executable without conflicts. An automated batch pipeline orchestrates
multiple virtual machines running independent engine instances, with centralized health monitoring,
automatic failure recovery, artifact validation, and cloud upload—enabling unattended corpus-scale
production. Table [I] summarizes the current corpus; the batch pipeline supports arbitrary scaling
beyond this initial sample.

Initial human evaluation. Following Masala et al.| (2023)), we collected annotations from indepen-
dent human evaluators comparing engine-generated videos against videos from VEO 3.1
2025) and WAN 2.2 prompted with the engine’s textual descriptions. GEST-
Engine reaches 75.9% physical validity and 4.09/5 semantic alignment, versus 26.0%/2.55 (VEO)
and 20.1%/1.80 (WAN).

The generated corpus enables several downstream applications for world model research:

Temporal reasoning evaluation. The event-frame alignment preserves the full GEST constraint
graph—co-occurrence (same_time) and causal ordering (before/after)—enabling evalua-
tion that tests genuine temporal reasoning rather than single-frame recognition (Cai et al.| 2024
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Table 1: Corpus statistics from 398 procedurally generated multi-actor stories.

Metric Value
Videos generated 398
Total events 11,627
Total temporal relations 4,603 (43.5% before, 43.5% after, 13% same_time)
Unique action types 37 (social, manipulation, locomotion, exercise)
Object types 15 (furniture, devices, consumables, equipment)
Environments 11 (house x 3, garden, classroom, gym x 3, office x 2, common)
Actors per video 2-6 (mean 3.38)
Events per video 10-65 (mean 29.21)

Mangalam et al., 2023). In contrast to Actionl00M’s (Chen et al.l 2026) LLM-generated tempo-
ral segments (which potentially approximate boundaries), GEST-Engine’s mappings are exact by
construction.

Dynamic scene graph generation. The per-frame spatial relation graphs constitute ground-truth
dynamic scene graphs—a notoriously expensive annotation to obtain from real video. Action
Genome (Ji et al.| |2020) provides sparse annotations (5 sampled frames per action interval) with
documented noise; GEST-Engine produces dense, per-frame spatial relations with consistent entity
identifiers at zero cost.

Video generation evaluation and controlled variation. GEST specifications serve as structured
test cases for neural video generators, with per-frame annotations as automated metrics. A single
GEST can be re-executed across different episodes sharing the same semantic locations (e.g., dif-
ferent kitchens, living rooms), producing visually distinct videos with identical event structure for
controlled robustness studies.

6 LIMITATIONS AND FUTURE WORK

Visual domain gap. The current backend (GTA San Andreas, 2004) introduces a visual gap with
modern expectations, acceptable for structural reasoning where spatial layout matters more than
texture quality. GTA V via FiveM is the immediate next target for photorealistic output (minimal
estimated effort), with broader platform support (Unreal, Unity) enabled by the same adapter pattern.

Action vocabulary. The 37 action types and 10 environments cover household, gym, outdoor, and
social activities; In the future, we plan to map more environments and actions and to further increase
the video narrative complexity with LLM-powered GEST generation techniques similar toLin et al.
(2023).

Technical challenges. Outdoor scenes contain artifacts in the texture segmentations due to overlap-
ping lightning textures. This will be fixed as development continues.

Benchmarks and evaluation. Leveraging artifacts produced with our system, we plan to create
a benchmark for aberrations appearing in videos generated with the latest neural models (objects
appearing, morphing into other objects), and to pretrain video understanding models on this data for
real-world transfer evaluation.

7 CONCLUSION

We presented GEST-Engine, a system for generating multi-actor videos with perfect spatiotemporal
annotations through game engine simulation. By executing formal GEST specifications, the system
guarantees object permanence, causal ordering, and multi-actor coordination while providing frame-
aligned segmentation, spatial relations, and event-frame mappings at zero marginal cost. Explicit
world models (graph-based specifications) and implicit world models (neural video generators) are
complementary (Ding et al., 2025} [LeCun} 2022)): GEST-Engine generates the structured training
data that implicit models require.
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REPRODUCIBILITY STATEMENT

The GEST-Engine source code is publicly available at https://github.com/ncudlenco/
mta-sim/releases/tag/v1.0-iclr2026. The procedural GEST generator and batch
production orchestrator are available at https://github.com/ncudlenco/multiagent_
story_system/releases/tag/v1.0-1iclr2026. The sample corpus of 398 multi-
actor videos described in this paper is available at|https://huggingface.co/datasets/
nnc-001/gtasa-01. Both code repositories are tagged at the exact state used to generate the
results reported in this paper.
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APPENDIX A

Table[2]lists the complete set of 46 granular actions available to actors in the simulation environment,

organized by semantic category.

Table 2: Complete action vocabulary organized by semantic category.

Category Action Description
Move Navigate to a target location
GetOn Mount an object (e.g., treadmill, bike, bench)
Movement GetOff Dismount from an object
SitDown Sit on a chair or surface
StandUp Stand up from a seated position
Talk Engage in conversation with another agent
TalkPhone Talk on a mobile phone
AnswerPhone Answer an incoming phone call
HangUp End a phone call
. HandShake Shake hands with another agent
Social
Hug Hug another agent
Kiss Kiss another agent
Laugh Laugh during interaction
Wave Wave at another agent
LookAt Direct gaze toward a target
PickUp Pick up an object from a surface or floor
PutDown Place a held object down
TakeOut Take an object out of a container
Give Hand an object to another agent
Object Receive Receive an object from another agent
Interaction Stash Store an object in inventory
TurnOn Turn on a device
TurnOff Turn off a device
PunchDesk Punch a desk
LayOnElbow Lay down resting on elbow while seated at a
table
Eat Consume food
Drink Consume a beverage
Consumption Cook Prepare fopd
Smoke Smoke a cigarette
SmokeIn Retrieve a cigarette and start smoking
SmokeOut Throw away the cigarette and stop smoking
BarbellWorkOut Exercise with a barbell
BenchpressWorkOut Perform bench press exercise
DumbbellsWorkOut Exercise with dumbbells
Physical JogTreadmill Jog on a treadmill
Activity PedalGymBike Pedal a stationary gym bike
TaiChi Perform tai chi exercises
Punch Punch a punching bag
Dance Perform a dance animation
Openlaptop Open a laptop / starts a computer
Device CloseLaptop Close a laptop / shuts down computer
TypeOnKeyboard Type on a keyboard
WashHands Wash hands at a sink
Personal Sleep Sleep on a l?ed .
LookAtTheWatch Check the time on a wristwatch
Wait Idle in place
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APPENDIX B

Table [3] summarizes the six distinct environment types used in the simulation. Each environment
type corresponds to a different interior with different objects, rooms, and locations.

Table 3: Environment types and their characteristics.

Environment Type Setting Variations Available Objects

House Interior 3 Living room (sofas, music player, table), kitchen
(counter, sink, table), bedroom (bed), bathroom
(sink), hallway. Supports sitting, eating, drinking,
dancing, appliance interaction, sleeping, smoking,
phone use, laptop use, and social interactions.

Classroom Interior 1 Desks with chairs arranged in rows, whiteboard
area. Supports sitting, reading, typing, drinking,
eating, smoking, phone use, and social interac-

tions.

Office Interior 2 Supports smoking, phone use, and social interac-
tions.

Gym Interior 3 Treadmills, stationary bikes, bench presses,

punching bags, dumbbells, yoga/tai chi area. Sup-
ports all physical activity actions, social interac-
tions, smoking, and phone use.

Garden Exterior 1 Porch, garden area, driveway, street. Supports tai
chi, smoking, phone use, and social interactions.

Common Area Interior 1 Shared living room across interiors. Supports
smoking, phone use, and social interactions.
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