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Abstract

Interactive world models turn video genera-
tion models into controllable simulators, but
most game-based systems are developed in first-
person settings where actions are expressed
mainly through camera motion. Third-person
control is more challenging because the model
must jointly synthesize scene evolution, cam-
era movement, visible character dynamics, and
character-environment interaction. We introduce
HeroWorld, a third-person action-conditioned
world model adapted from a pretrained game
video generator using curated human game-
play videos and agent-generated Minecraft roll-
outs. HeroWorld uses bidirectional finetuning,
causal finetuning, and progressive horizon distil-
lation, which gradually expands autoregressive
rollout length to mitigate the train-short—test-long
mismatch and enable stable 30-second control-
lable Zelda rollouts. We further study out-of-
distribution transfer across unseen scenes, charac-
ters, and game domains, finding that robustness
depends on preserving character-background sep-
aration and action-dependent interaction with sur-
rounding geometry. Action-vector scaling, atten-
tion injection, and multi-game training improve
robustness under domain shifts, offering practical
guidance for building reliable third-person world
models from pretrained video generators.

1. Introduction

Third-person interactive world models predict how a visual
environment evolves in response to user actions, turning
video generation models into controllable simulators. Un-
like first-person models, where actions are often expressed
through egocentric camera motion, third-person models
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must maintain a visible agent, its pose, and its contact
with terrain and objects over long rollouts. This makes
third-person control a useful stress test for long-horizon
video generation: a forward action on flat ground, a down-
hill slope, or a climbing surface should induce different
character-environment interactions rather than merely plau-
sible motion.

Existing game-based world models are still dominated by
first-person settings such as Minecraft (Decart & Etched,
2024; Savva et al., 2026) and shooter games (Valevski
et al., 2024), where the controllable character is often off-
screen. Recent general-domain models such as Hunyuan-
GameCraft (Li et al., 2025), HY-WorldPlay (Sun et al.,
2025), and Matrix-Game (Wang et al., 2026) include third-
person gameplay, but our evaluation shows that their third-
person behavior remains unstable, often losing character-
background separation or character-environment interaction.
Our work targets this gap and studies third-person action
following and generalization directly.

We introduce HeroWorld, a third-person action-conditioned
world model trained on human gameplay videos cu-
rated from NitroGen (NVIDIA, 2025) and agent-generated
Minecraft rollouts (Fan et al., 2022). To adapt existing video
world models to third-person games, we use a three-stage
training pipeline: bidirectional finetuning adapts the visual
distribution and trains the keyboard action module; causal
finetuning with Diffusion Forcing enables streaming gen-
eration under block-causal attention; and progressive hori-
zon distillation gradually expands the autoregressive rollout
length during distillation. Unlike fixed-horizon distillation,
this curriculum exposes the student to increasingly long self-
generated contexts, helping it preserve action-conditioned
motion, character identity, and scene geometry over ex-
tended rollouts. For out-of-domain (OOD) transfer, we
further study action-vector scaling, attention injection, and
multi-game training as lightweight action-enhancement tech-
niques for improving robustness under unseen third-person
scenes and characters.

We evaluate HeroWorld through long-horizon and OOD
rollout studies. On Zelda, HeroWorld sustains 30-second
rollouts across diverse behaviors, and progressive horizon
distillation reduces appearance drift and improves action
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following over vanilla Self Forcing and fixed-horizon long
tuning. OOD rollouts reveal failures beyond ordinary video
drift: actions must be grounded in visible pose, contact,
terrain constraints, and surrounding geometry. Multi-game
training and action-enhancement techniques improve robust-
ness under these shifts.

In summary, our contributions are threefold:

1. We study long-horizon generalization for third-person
interactive world models, a setting where action follow-
ing requires visible character-environment interaction
rather than camera motion alone.

2. We introduce HeroWorld, an action-conditioned world
model trained on five third-person game domains with
a three-stage training recipe combining bidirectional
finetuning, Diffusion Forcing, and progressive horizon
distillation.

3. We provide a fine-grained generalization study across
OOD scenes, showing that third-person control benefits
from multi-domain training and action-enhancement
techniques.

2. Related Work

Game-based world models. Games provide action-
conditioned video data with controllable dynamics, but
many early world models focus on first-person or low-
dimensional settings, including DOOM (Valevski et al.,
2024), Atari (Alonso et al., 2024), and Minecraft (Decart
& Etched, 2024; Yu et al., 2025; Savva et al., 2026). In
these systems, the player body is often off-screen and ac-
tion following reduces largely to camera motion. Recent
foundation-style game models (Google DeepMind, 2025;
Ye et al., 2025; Zhang et al., 2025; He et al., 2025; Xiang
et al., 2025; Zhu et al., 2025; Mao et al., 2025; Li et al.,
2025; Sun et al., 2025; Che et al., 2024) broaden game cov-
erage and horizon length, but third-person character-centric
control remains less systematically studied.

Long-horizon video generation. Autoregressive video
generation and streaming distillation extend video models
beyond short clips by generating under causal context or dis-
tilling bidirectional teachers into streaming students (Chen
et al., 2024; Yin et al., 2025; Huang et al., 2025; Yang et al.,
2025). Other work uses attention, positional, or memory
mechanisms to extend rollouts (Liu et al., 2025; Xiao et al.,
2025). These methods are usually validated where prompts
or motions change smoothly; we adapt them to third-person
gameplay, where action errors accumulate through visible
character pose, contacts, terrain interaction, and scene ge-
ometry rather than only through egocentric motion.
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Figure 1. Data and training pipeline. Top: real gameplay
is cleaned and filtered, while simulator rollouts provide action-
labeled trajectories. Bottom: Matrix-Game 2.0 is adapted with
bidirectional finetuning, causal finetuning, and progressive horizon
distillation.

3. Method

3.1. Data Curation Pipeline

HeroWorld is trained on two complementary sources: cu-
rated third-person gameplay from NitroGen (NVIDIA,
2025) and procedurally generated third-person Minecraft
trajectories from MineDojo (Fan et al., 2022). A vision—
language model routes real clips through crop or inpaint
cleanup, then a button-aware filter selects continuous-
control segments for VAE encoding. This yields Zelda-
Main (233;008 81-frame segments; 174:8 hours) and
Multi3D (13;551 segments; 10:2 hours) for cross-game
generalization. The simulator branch complements these
videos with clean action-labeled rollouts that cover rare
interaction cases. We use Zelda-Main for bidirectional pre-
training, Multi3D for cross-game studies, and a Minecraft
subset for character—environment OOD studies; details are
in App. A.

3.2. Training

HeroWorld is trained in three stages, summarized in Fig. 1:
bidirectional finetuning of a pretrained checkpoint, causal
finetuning with Diffusion Forcing to enable streaming infer-
ence, and a progressive horizon distillation that aligns the
streaming model with long-rollout test conditions.

3.2.1. BIDIRECTIONAL AND CAUSAL FINETUNING

We build HeroWorld on Matrix-Game 2.0 (He et al., 2025),
re-initialize the keyboard action module, and keep the 3D
VAE frozen. Following Solaris (Savva et al., 2026), bidirec-
tional finetuning first adapts the visual distribution under full
attention, and causal finetuning then applies Diffusion Forc-
ing (Chen et al., 2024) with independent noise per chunk
and a block-causal sliding-window mask. We skip the ODE-
regression initialization used in CausVid (Yin et al., 2025),
as simple causal finetuning is sufficient for Self Forcing in
this setting.
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3.2.2. PROGRESSIVE HORIZON TRAINING

Our long-horizon distillation builds on LongLive's stream-

ing long tuning (Yang et al., 2025): the student generates

a chunk, reuses detached history and KV cache as causal

context, and receives distillation loss only on the new chunk.

We modify this with a progressive horizon curriculum for

third-person control. Instead of distilling immediately at the

nal long horizon, we start from the native short horizon of

9 latents and adé latents per stage until reachiB§ or 81 Figure 2. Third-person control comparison underW—o_nIy input.
latents. This exposes the model to self-generated contexRPWS are, from top to bottom: Matrix-Game 2.0, Matrix-Game 3.0,

hil idi v traini hiahlv OOD | lout unyuan-GameCraft, and HeroWorld . Baselines often collapse
while avoiding early training on highly ONg-roflout ntrol into camera motion, treating the dog as background until

states, where character identity, scene geometry, and a€disappears, while HerowWorld preserves character-background
tion response can fail before the short-horizon policy haseparation and action-conditioned character motion.

stabilized.

3.3. Methods for Enhancing Action Following nizing that broader domain coverage is needed for stronger

. . _ . visual consistency.
We study three drop-in techniques that improve action fol-

lowing, particularly for OOD characters where the model .
otherwise produces a static subject under camera-only mé—' Experiments
tion. Results are reported in Tab. 2. 4.1. Setup

Action scaling. We multiply the keyboard action vector Baselines and metrics. We compare with publicly re-

by K=3 before cross-attention, amplifying the action's con-léased video world _models, including Matrix-Game 2.0 (He
tribution in the attention readout while leaving the camera€t al., 2025), Matrix-Game 3.0 (Wang et al., 2026), and
and image conditions unchanged, since camera actions dé{nyuan-GamecCraft (Li et al., 2025). Our evaluation uses

not need to decouple the character from the background. DPFlow (Morimitsu et al., 2025) EPE and Fl-all (Geiger
et al., 2012) for action following against matched gameplay,

synthetic- ow cosine for OOD prompts without reference
videos, FVD-CLIP for temporal-window distributional -
delity, and VBench-Quality (Huang et al., 2024) for visual
uality and consistency. Column arrows indicate whether
igher or lower is better.

Attention injection. Following FREE-Edit (Li et al.,
2026) and AnyV2V (Ku et al., 2024), we run a source
rollout (Zelda rst frame) and an edit rollout (OOD rst
frame) under identical noise, action, and camera. For th%
rst =2 denoise steps, we copy the source self-attention
Q:; K inside the character bounding box of the edit branch.
We additionally enable an attention sink of size(Xiao ~ Evaluationset. We evaluate 084 Zelda gameplay scenes,
et al., 2024) so that the block-0 source-deritedemains  €ach801frames al5fps with aligned actions and diverse
in every later causal block's local-attention window, insteadPehaviors including climbing, gliding, running, standing,
of being squeezed out by the sliding window. swimming, and walking. Each method conditions on the
rst frame and rolls out the remaining00frames using the

Multi-game training. We netune on a small mixture récorded action stream.

of non-Zelda gameplay chunks alongside the Zelda data, _
sharing the action vocabulary through the keyboard modulé-2. Long-Horizon Performance

from Sec. 3.2.1. Same keyboard semantics under diﬁere%mporal windows and methods. We split each rollout
visual priors forces the model to decouple action semanticg,;, 4g non-overlappingl6-frame clips and report Short
from a single character identity. Mid, and Long windows covering frame®-255, 256-

_ o o 511, and512-767. We compare ve checkpoints with the
3.4.Quality Trade-Off under Limited Domain Diversity same backbone, optimizer, and dataset: SF, xed-horizon

Multi-game training improves OOD action grounding by LongLiye at39=81llatents, and our progressive variants
exposing the same keyboard semantics under different V@Xtending 9 latents to 39=81.

sual priors. Since our current mixture still contains only a

few games, it may also bias long rollouts toward training-Results. Tab. 1 shows that distillation reduces appearance
domain character and background styles. Thus, we use @énd action drift relative to SF, especially in the Mid and
as a lightweight action-enhancement strategy, while recod-ong windows. At equal target context, progressive distil-
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