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Abstract. Recent advances in video diffusion have enabled the develop-
ment of “world models” capable of simulating interactive environments.
However, these models are largely restricted to single-agent settings, fail-
ing to control multiple agents simultaneously in a scene. In this work,
we tackle a fundamental issue of action binding in existing video diffu-
sion models, which struggle to associate specific actions with their cor-
responding subjects. For this purpose, we propose ActionParty, an ac-
tion controllable multi-subject world model for generative video games.
It introduces subject state tokens, i.e. latent variables that persistently
capture the state of each subject in the scene. By jointly modeling state
tokens and video latents with a spatial biasing mechanism, we disentan-
gle global video frame rendering from individual action-controlled sub-
ject updates. We evaluate ActionParty on the Melting Pot benchmark,
demonstrating the first video world model capable of controlling up to
seven players simultaneously across 46 diverse 2D game environments.
Our results show significant improvements in action-following accuracy
and identity consistency, while enabling robust autoregressive tracking
of subjects through complex interactions.

Keywords: Video generation - World models - Action binding

1 Introduction

The emergence of video diffusion models [6l[7,[30H32L|70] has shifted the focus of
generative Al from static content creation to the development of “world models”,
simulators capable of predicting future observations conditioned on interactive
actions [81/27.33]. By learning the underlying dynamics of environments directly
from pixels, recent breakthroughs such as Genie [3] and GameNGen [69] have
demonstrated the potential for generating high-fidelity, interactive video games.
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Fig. 1: Left: text-to-video models such as Veo 3 fail to bind actions to the correct
subject over a multi-step command sequence (full prompt in the supplementary mate-
rial). Right: ActionParty enables action control of multiple subjects in a scene.

Despite these advances, existing world models are often restricted to single-
agent settings with an egocentric output view . They accept as input a single
stream of control signals and can only control a single subject in the scene.
Consequently, these generated “worlds” are unable to simulate the multi-agent
dynamics that define complex social environments such as in self-driving
and robotics applications.

In this work, we aim to explore multi-subject control in video world mod-
els. Since video diffusion models can act as world models, a natural adaptation
of existing control mechanisms is to use textual instructions describing the ac-
tions of all actors as input to the model. However, this approach leads to a
catastrophic failure in action-subject association: the model fails to apply an
action to the correct target subject. To diagnose this, we analyze a simplified
environment consisting of two primitive shapes moving on a solid background in
Fig. |1} Surprisingly, even state-of-the-art video generators like Veo 3 struggle
to execute a sequence of basic commands such as “triangle moves down while
square moves left”. Failures are even more significant when several actions are
described in sequences, as we show in the figure. This failure relates to a funda-
mental limitation of attribute binding in existing diffusion models. Indeed, prior
work shows that when given multiple conditioning signals, diffusion models often
ignore some of them or merge multiple signals together 7 preventing
them from achieving per-subject control required by multi-agent simulation.

As a stepping stone for solving the action-binding issue, we propose Action-
Party, a multi-subject world model focusing on multi-player game environments,
where each player is a controllable subject in a video generation fashion. In-
spired by recent works that provide explicit spatio-temporal grounding as model
input , we introduce subject state tokens, a set of latent variables that
serve as a persistent implicit state for each subject in the scene. Ultimately,
ActionParty operates analagously to a generative game engine, jointly modeling
subject state tokens and video latents. Subject state tokens are integrated us-
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ing an attention mask that enforces action-subject correspondence. Moreover, to
ensure actions are applied to the correct subjects in the video, we leverage 3D
Rotary Position Embeddings (RoPE) [65] to bias subject tokens to the current
spatial locations of subjects within the video.

We evaluate ActionParty on video outputs from the Melting Pot bench-
mark [1], a challenging suite of 46 2D multi-agent games. We learn a unified
action space that applies to all games, and our model maintains precise per-
subject control over up to seven players. Thanks to the separate modeling of
subject states, we significantly outperform text-only baselines in action-following
accuracy and identity consistency. Beyond pure video generation, we show that
the co-generated subject states accurately follow the moving subjects in the
video, even through complex interactions and changes in character states. In
summary, we make the following contributions:

— We propose ActionParty, a novel autoregressive video generator for genera-
tive game simulation. We jointly model video frames and the state of each
subject and introduce attention masking to enforce action-subject correspon-
dence to enable consistent multi-subject action control.

— We introduce an action binding mechanism based on RoPE biasing that an-
chors subject state to specific spatial coordinates within the video, enabling
reliable subject localization.

— We demonstrate the first video world model capable of controlling up to seven
subjects simultaneously across 46 distinct 2D game environments, achieving
superior performance in action-following and subject consistency.

2 Related work

Video diffusion models. Since the rise of diffusion models [30}/64], text-to-
video and image-to-video generation have achieved tremendous progress by train-
ing on Internet-scale data [6}31,32,41,49,/62,|79]. While earlier approaches often
adopt U-Net [60] as the denoising network [5[11}/12,[24], recent models have
switched to the diffusion transformer (DiT) [55] architecture due to their better
scalability in generating high-resolution and complex videos [7}/25,/52}57}70L81].
Conventional video DiTs typically denoise all video frames jointly. To achieve
real-time interactive video generation, later works study distilling a pre-trained
bi-directional DiT to a causal autoregressive DiT [29,/33,/86,187]. This often in-
volves Diffusion Forcing |10] that trains the model with an independent noise
level per frame, followed by Self-Forcing [36] that fine-tunes the model on self-
generated rollout with a distribution matching loss [84/85]. In this work, we follow
similar techniques to train an autoregressive action-conditioned video DiT.

Video world models. World models [26,127] are generative models that are
trained to predict the next state (e.g., visual observation) given an action. Ac-
tions may be defined as any conditioning signal, such as discrete arrow keys in a
video game or text descriptions of changes in a scene. The playable video line of
work [50,51] was one of the first in this direction. They try to learn latent actions
from raw videos via inverse dynamics. Another line of work simulates first-person



4 A. Pondaven et al.

view games like Doom [69], CSGO [2], Minecraft [1577], and more [2,/29,/87,/91]
where actions are recorded during gameplay. The recent Genie [3}8] line of re-
search further scales training to real-world videos with both text descriptions
and keyboard inputs as actions.

While existing world models excel at single-actor control, there is little work
extending them to multiplayer settings, where separate actions must be applied
to multiple subjects within a scene. Multiverse [17] and Solaris [61] generate
aligned views for each subject in a 3D world. They model each actor’s view
individually, making action binding trivial. However, separate actor modeling
scales the number of video tokens linearly with the number of actors, which may
explain why they only test on two-player settings in a single game. MultiGen [56|
is concurrent work that also predicts explicit game state (including a minimap
and player states) for aligning multiplayer views. Existing work apply one action
to individual player video streams. In contrast, our method generates one video
containing all actors, necessitating action binding. We further scale our model
to up to seven actors and train one model that generalizes across 46 games [1]
with a unified action space.

Some model-based multi-agent reinforcement learning methods also build a
multi-actor world model for policy learning [72,7380]. However, these approaches
often train small-scale models from scratch [28]. In contrast, our approach is
applicable to large-scale pre-trained video DiTs.

Motion control in video diffusion models. Several works have studied object
trajectory control [21,/53}|71}/74.|83,92] in generated videos. They often provide
auxiliary control signals such as object masks and bounding boxes along the
object trajectory. Another line of work transfers the motion of a reference video
to a newly synthesized one [22}37,[54158}/78,[82,|93]. Human motion generation
[38,/67,89] focuses on generating realistic motion sequences or poses from textual
descriptions. Some works model sequences of multiple actions within a single
motion trajectory [14},39]. However, these approaches mainly generate motion
for a single subject at a time and operate in structured pose spaces rather than
controlling multiple agents within a visual scene. Game settings involve more
abstract actions than pure motion, e.g., interacting with items, firing a beam.
These actions depend on the current state of the subject, such as its current
orientation. Therefore, existing motion control techniques are not suitable for
our game environment settings.

Attribute binding in generative models. Attribute binding [23,59] refers
to the challenge of associating specific attributes like text descriptions with cor-
responding entities within the generated scene. Prior work has studied com-
positional generation [9,/35}46}75},88| to bind appearance descriptions or spatial
relations to different subjects without mixing properties, often implemented with
some spatial masking mechanism. Scene graph guided generation [19}/20,48| con-
dition on a structured map of entities, attributes, and spatial relations. Spatio-
temporal binding of attributes in video is an even more complex problem that is
unsolved [43,/44}76], especially when multiple entities are present in the video.
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3 Method

We propose ActionParty for multi-subject action-conditioned video generation
(Sec. . To associate subjects with corresponding actions, we run video dif-
fusion models to jointly denoise video frames and latent tokens capturing the
state of each subject (Sec.[3.2)). We design an update-and-render paradigm with
attention masking (Sec. nd train our model to achieve autoregressive video
generation (Sec. . The overall architecture of ActionParty is shown in Fig.

3.1 Problem Setup

In this paper, we study controllable video generation for gaming and world-
modeling scenarios where multiple entities, referred to as subjects, act within a
shared observation space (the same video in this paper). The primary challenge,
largely unaddressed in prior single-subject world models, is action binding. When
multiple controllable subjects are present in a video, the model must correctly
associate each control signal (typically an action) with its corresponding subject.

Formally, we define a video as a sequence of frames xy.7. We consider a set
of different environments G = {g1, g2, . . ., gasr }- Within a specific environment g,
we observe N, controllable subjects {S1,...,Sn, }. Our objective is to generate
future video frames conditioned on a global text description of the game, several
initial context frames, and a sequence of action inputs for each subject.

For simplicity, in this paper we only consider the control spaces with discrete
actions. Specifically, at every timestep t € {0,...,T — 1}, we apply one discrete
action per subject, ai € A, where the action space is fixed across all environ-
ments: A = {Ag,..., Ax_1}. Note that the actions here are treated as abstract
“buttons” the same Aj, can have different effects depending on the environment
g and the subject’s current state. For example, an “interact” command might
cause a subject to pick up an object in one game or open a door in another,
requiring the model to learn context-dependent dynamics.

Let a; := {ai}figl denote the set of actions applied to each subject at time
t. A standard world model fy generates the next frame by sampling from a
conditional distribution:

Tig1 ~ fo(@igr | Tow, o) - (1)

By rolling this process forward for ¢ = {t + 1,...,T — 1}, the model produces
a controlled trajectory. In practice, fp is implemented as a conditional video
diffusion model. We assume it can utilize not only the current action a;, but
also all previous actions ag.;—1 as context. Therefore, the key question here is:
how can the model associate external action signals with subjects that are only
implicitly defined within the pixel space? Beyond their visual appearance, there
is no explicit representation of the subjects to which actions can be anchored.
To address this, we propose to augment the world model with additional latent
variables representing the subject state.
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Fig. 2: ActionParty pipeline. Given initial video frames xo.;: and subject states zo.: as
context, we aim to generate the next video frame x;y1 conditioned on action inputs
ao:+ and a text description of the game c¢. We concatenate the video and subject state
tokens along the sequence dimension and feed them into a diffusion transformer (DiT)
for joint denoising. Each DiT block first runs self-attention with an attention mask
M a and 3D RoPE biasing to render subject states to pixels in the video. It then runs
cross-attention with another attention mask M4 with explicit subject-action binding
to update subject states using action inputs.

Next frame prediction

3.2 Subject State

The main motivation behind our approach is to enable the model fy to dis-
ambiguate between different subjects via explicit grounding. To this end, we
introduce an explicit variable 2! representing the state of subject S; at time ¢.
To simplify notation, we let z; = {zz};N:gl denote the set of states for all subjects
at a given timestep ¢, and let z := {2;}7_, represent the state trajectory over
the entire sequence. Consequently, the world model objective in Eq. can be
reformulated as a joint prediction task over x and z:

Tt41y Zt+1 f6($t+1, Zt+1 ‘ To:ty Q0:t, Zo:t)~ (2)

To implement this, we extend the standard video DiT architecture (e.g., Wan )
to jointly denoise x and z, similar to MMDiT . Specifically, we concatenate
the flattened video tokens x and subject state tokens z along the sequence dimen-
sion, and run DiT on the combined sequence of tokens. To train such a model, we
require a concrete definition for the state z. Ideally, this representation should be
minimal yet sufficient to disambiguate subjects during complex interactions. For
most game environments, we find that the spatial position of a subject suffices,
since two subjects cannot occupy the same position. Therefore, throughout this
paper, we define a subject state as its 2D coordinates 2! = (hi, w}).
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Fig. 3: Attention mechanisms in ActionParty DiT. (a) In self-attention, we use RoPE
to link a subject in a video frame to its state token z{. We encode the state token with
the subject’s coordinates in the previous timestep, biasing it to attend to video tokens
close to the subject. (b) In cross-attention, subject i’s state tokens z° is only allowed
to attend to its own actions a’, ensuring correct subject-action binding. We also allow
the text embedding of the environment description ¢ to attend to video tokens .

3.3 Generative Game Engines

To build an architecture that effectively leverages z, we draw an analogy to stan-
dard game engines, which decompose the generation of a single frame into two
distinct stages: state update and rendering. During state update, game engines
use actions corresponding to a specific subject to update its state; during ren-
dering, they use the updated subject states to synthesize the video frame. We
implement this paradigm within our video diffusion framework by controlling
information flow through masked attention as shown in Fig.

State update in cross-attention. We modify the DiT cross-attention layers
to process action inputs and update subject states as shown in Fig. Each
discrete action al is first projected to embeddings that match the latent dimen-
sion of the model. We then concatenate the text embedding of the environment
description ¢ and all action embeddings to run cross-attention with video and
subject state tokens. We apply a mask M4 that enforces strict subject-action
binding: subject i’s state tokens 2% are only allowed to attend to its correspond-
ing action embeddings a’, blocking all other communication between unmatched
actions and subject tokens. To preserve the capacity of the pre-trained model,
we restrict the text embedding ¢ to attending solely to the video tokens .

Rendering in self-attention. To render video frames, we apply a mask Mg in
DiT self-attention layers that encourages subject isolation while enabling visual
integration. This mask allows all subject tokens to attend to the video tokens,
enabling them to read information from the environment. Yet, we block subject-
to-subject communication to avoid mixing the state between different subjects.
On the other hand, the video tokens attend to all subject tokens, allowing the
model to use the state of all subjects for frame synthesis.
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Subject-binding with RoPE bias. While the self-attention mask Mg pre-
vents subject mixing, it does not explicitly link a subject in the video to its state
tokens. Thanks to the use of spatial coordinates as subject states, we can leverage
the 3D Rotary Position Embeddings (RoPE) to disambiguate this mapping. We
design a RoPE biasing mechanism within the self-attention layers, where subject
tokens are biased to attend to video tokens at the same spatial coordinates.

Specifically, a video token at position p = (h,w) in frame x; receives a rota-
tion R(t, h,w). Given the subject positions from the previous timestep z{_; =
(hi_y,wi_,), we apply a rotation R(t,hi_,,wi_;) to the subject token 2. We
utilize the previous spatial position because the current position 2! is being de-
noised and thus unknown at the current stage. Still, z{_; should be close to the
true z¢, ensuring that video tokens close to the subject are biased to attend to
the corresponding subject state token. Consequently, the model’s task is greatly
simplified from global disambiguation to local refinement within a single action’s
radius, as illustrated in Fig. [3a

3.4 Training and Inference

We train the model on sequences of video tokens and subject state tokens,
(Zo:t41, 20:t4+1), Where the context (xo.¢, 20.¢) consists of fully clean ground-truth
data, while the targets x;41 and z;y1 are noisy. In other words, we train the
model fy to denoise x4+ and 2441 conditioned on the clean context (xg.t, 20.¢)-
To support variable-length contexts, we use sequences up to length T" and pad
the positions from ¢ + 2 to T" with fully noisy frames.

During inference, we assume that the initial frame xy and the initial subject
positions {zé}fv:gl are provided. Note that without this initialization, distinguish-
ing between subjects would be impossible in many environments where entities
share an identical appearance. We then perform an autoregressive rollout: given
the previously generated context (z||Z1.¢,2¢|/2%,,), where # and 2 are previous
model predictions, we predict the subsequent video frame x;,; and state vari-
ables z;1+1. When ¢t > T, we drop the oldest frames from the context, ensuring
the context window size never exceeds T — 1.

4 Experiments

4.1 Setup

Datasets and action space. We train ActionParty on gameplay videos of
46 different 2D games from the Melting Pot benchmark [1|. These games fea-
ture character sprites moving on a tile grid with different environments and
static objects. Some characters may look identical, making action binding more
challenging. ActionParty is trained with an action set A including 25 different
actions. Notably, some actions are only present in specific games. There are 7
base actions shared by all games, which we categorize in 4 different groups:
Idle action (staying still), Move actions: {forward, backward, strafe left, strafe
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right}, Turn actions: {turn left, turn right} and Interact. The “Interact” action
involves game-specific interaction with the environment, such as highlighting
tiles in front of it to fire a beam. Importantly, subject movements are relative
to the subject’s orientation. For example, the “forward” action moves a sprite
one tile forward in the direction it is facing. This is particularly interesting in
our setup as subject orientations can only be inferred from raw video frames;
hence, the model has to comprehend visual information to get the correct action
outcome, rather than learning absolute directional instructions like “move up”.
We generate game-specific text descriptions using an LLM from the Melting Pot
paper and videos of each game (full details in Supplementary). For training, we
gather 2,000 videos per game at a resolution of 512x512. We generate diverse
rollouts for each game by executing either random actions or pretrained policies
at each step t. For evaluation, we collect 230 rollouts (5 per game). As com-
pletely random actions result in players staying close to their initial positions,
we enforced al ~ {Move, Turn} for t < 2 to leave its initial state, and at least
one subject is assigned an “Interact” action for ¢t > 2.

Implementation details. We fine-tune Wan2.1-1.3B [70], an open-source text-
to-video (T2V) DiT with the training setup outlined in Sec. To speed up
model convergence, we first pretrain the model on raw game videos to adapt
to the autoregressive setup. For this stage, we only provide text conditioning,
which is a simple description of the game, without action control, subject state,
or any architecture modification. We train on all games (|G| = 46) for 22.5k
steps with a batch size of 64. Then, we add action control and fine-tune the full
ActionParty model for 65k steps with the same batch size. We train our method
with T" = 5 timesteps, corresponding to 4 unique actions per rollout. We use
Adam [40| to optimize the flow matching loss [4547] computed on z} , and
z¢,1. We consider a maximum of 7 subjects in a scene and use zeros for padded
subject states. At inference time, we sample for 20 steps with a timestep shift of
5.0 [18]. We implement attention masking with FlexAttention [16], only adding
N x T subject tokens per subject, which brings minimal overhead compared to
the number of video tokens. In practice, we only add a 6% overhead for 7 players
for T =5 (40 extra tokens). Note that this is significantly more efficient than
other methods [17./61] that generate multiple views of the scene for each subject.

Baselines. Since there is no open-source method capable of controlling more
than two subjects, we design several baselines. To demonstrate the challenge of
action binding from text prompts, we propose a naive Zero-shot I2V baseline
where we simply prompt a video model with a textual description of the ini-
tial subject positions and the actions to execute. We use the Wan2.1-14B 12V
model [70], which is much larger than the 1.3B model ActionParty fine-tunes
from. We also study such Tezt-Action control on our autoregressive setup, using
the same backbone as ActionParty, but trained only using textual conditioning.
Inspired by view-based action control methods [561[61], we add a baseline that
generates the global view together with subject-centered 3 x 3 grid tile subject
views to which actions are applied. Finally, we take the autoregressive model
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Table 1: Baseline comparison on action binding metrics and visual fidelity. Action-
Party is the only method able to associate actions to the correct characters (MA),
preserve the subject appearance (SP), and execute rollouts with correct subject trajec-
tories (DR). We also compute fidelity metrics, LPIPS, PSNR, and FVD, which show
that videos generated by ActionParty are consistent with ground-truth.

Action Binding Visual Quality
Method
MA1t+ SPt DRt LPIPS| PSNR?t FVD|
Pretrained AR 0.065 0.571  0.330 0.0494 26.98 59.30
Zero-shot 12V 0.027  0.422  0.440 0.0906 23.17 281.55
View-based 0.013  0.237  0.588 0.0503 27.38 75.1
Text-Action 0.158 0.668 0.433 0.0353 29.14 56.74

Ours (ActionParty) 0.779 0.903 0.886  0.0102 36.35 17.16

pretrained on game videos without action control (termed Pretrained AR) as a
random action lower bound.

Evaluation. The effect of an action on a subject depends on its state and the en-
vironment, e.g., position/orientation and occlusion. To evaluate action binding,
direct visual comparison with ground-truth videos is unreliable as the correct
action may be performed even if the subject’s state has drifted. We propose a
Movement Accuracy metric (MA) that extracts each subject’s movement (left,
right, up, down, or still) from consecutive video frames and compares it with
the input action. To do so, we train simple subject detectors that achieve near
100% accuracy on raw video frames. To measure the effect of context-dependent
“Interact” actions, we introduce an Effect Accuracy metric (EA) that extracts a
3x 3 tile patch centered on the ground truth player position and evaluate dissim-
ilarity with the previous frame with SSIM. We empirically set a threshold patch
SSIM > 0.85 to detect executed actions. We also introduce two simple metrics to
monitor subjects: Subject Preservation (SP) and Detection Rate (DR). SP mea-
sures how many subjects are retained at the end of the generation. DR measures
the percentage of steps where the subject’s position aligns with ground-truth.
Please refer to Supplementary for more details on metric implementations. For
completeness, we also report standard visual quality metrics between ground-
truth and generated videos, including PSNR, LPIPS [90|, and FVD [68]. Finally,
as our model also predicts subject coordinates, we compute z; error as the L2
distance between ground-truth and predicted positions.

4.2 Action binding evaluation

Quantitative evaluation. We compare action binding performance for Action-
Party and baselines in Tab. [I] First, we notice that baselines dramatically fail
in movement accuracy, for which the best baseline (Text-Action) achieves 0.158.
ActionParty instead yields 0.779, showcasing that our contributions are funda-
mental to correctly bind actions to specific subjects. Interestingly, we noticed
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Table 2: We evaluate the Effect Accuracy of our generated videos across different
action types. ActionParty achieves the highest accuracy on “Interact” actions compared
to other methods, indicating that it most often creates the desired visual effect on
neighboring tiles across different games.

Effect Accuracy 1

Method

Idle Move Turn Interact Overall
Pretrained AR 0.399 0.414 0.462 0.346 0.412
Zero-shot 12V 0.000 0.101 0.150 0.000 0.126
Text-Action 0.357 0.420 0.553 0.326 0.433

Ours (ActionParty) 0.899 0.867 0.914 0.774 0.861

that baselines tend to remove the subject from the scene, as highlighted from
our improved SP (0.903) with respect to the closest baseline (0.668). Finally, we
report improvements in DR, showing that subjects are rendered in the correct
position most of the time (0.886). The trained methods demonstrate consistency
with ground-truth, with ours achieving the highest alignment due to improved
action following as shown by the visual fidelity metrics. The view-based baseline
has difficulty binding actions to separate subject views without explicit posi-
tion binding. We also break down the effect accuracy in each category in Tab.[2]
ActionParty works the best across all types of actions. Especially on the context-
dependent “Interact” action, our model more than doubles the success rate of
existing baselines.

Autoregressive stability. In Fig. [5] we measure the stability of our autore-
gressive inference. We plot, for different autoregressive steps, the movement ac-
curacy of ActionParty and baselines. While some baselines, such as Text-Action,
yield suboptimal yet acceptable results on the first step, it quickly degrades in
subsequent steps. Conversely, thanks to the joint modeling of subject states,
ActionParty allows for a relatively stable autoregressive inference, showing that
our action binding performance remains consistent over time.

Qualitative comparison. In Fig. [} we compare ActionParty with baselines
on a sample from the Paintball game (more results in Supplementary). In this
game, subjects can move around, turn, and shoot a colored beam with the “In-
teract” action. In the figure, we use small arrows to denote the ground-truth
position and orientation of all subjects at a given step. Compared to baselines,
ActionParty is the only method that successfully binds all actions to subjects.
Our rendered frames are similar to the ground-truth, with arrows overlaid on
subjects, and we successfully bind the “Interact” action in the last step, as a
red beam appears in front of the subject. Conversely, the Text-Action baseline
fails whenever subjects move away from their initial positions, as it is unable
to differentiate distinct subjects. The zero-shot 12V approach fails drastically at
assigning separate actions to different subjects and applies a continuous down-
wards movement to detected sprites. It also fails to maintain the appearance of



12 A. Pondaven et al.
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Fig. 4: Qualitative comparison with baselines. We display ground truth subject posi-
tions and orientations at each step with an arrow for each subject, which reflects the
ground truth subjects (notice that the arrow is consistent in all methods). Our method
is the only one able to follow the ground truth actions with appropriate action binding.
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Fig. 5: Movement accuracy (MA) over autoregressive steps. ActionParty maintains
stable action binding across multiple rollout steps, whereas baselines degrade over time
and get close to 0.
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Fig. 6: Results of ActionParty with z; and z; (circle) predictions for 2-, 4-, and 7-
player games with a diversity of subjects. The full frames are generated and we show
a centred crop around 2 subjects for visualization purposes with action annotations on
the resulting frame. Note that actions are relative to orientation, so the subject moving
forward is in the direction of where it is facing.

subjects. This aligns with our reported metrics, and showcases the importance
of our problem setup as a common failure mode of video diffusion models.

Qualitative results. In Fig.[6] we test our method on a range of games including
Cooking, Chemistry, and Predator-Prey, which have 2, 4, and 7 subjects being
controlled, respectively. We plot a zoomed-in view of two subjects in each frame
to aid visibility, however all subjects are indeed being controlled in a single scene.
Coordinate predictions z; are plotted as colored circles. Our position control can
successfully control identical-looking subjects as in the Chemistry game. Our
single learned action space can also apply the same actions to diverse appearances
in unique backgrounds as seen in the bottom two rows. Even if the coordinate
prediction is slightly off, action binding may still be successful if it is enough to
spatially disambiguate different subjects.
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Table 3: Ablations on the 4-action Coins game. The full ActionParty model achieves
the most accurate localization of players indicated by the highest movement accuracy
(MA) and the lowest z; error. Our Mca is important for consistent subject preservation
according to the subject appearance (SP) and detection rate (DR).

Method MA 1t zt Error | SP 1t DR 1

w/0o Msa 0.580 0.108 1.00 0.716

w/o Mca 0.052 0.215 0.88 0.307

Frame-wise Mca 0.052 0.240 0.80 0.293

No RoPE in SA 0.032 0.291 1.00 0.278

Ours (ActionParty) 0.872 0.072 1.00 0.913
Ground Truth Ours

Frame-wise M,
I
T I I 1 11T I T

Fig. 7: Qualitative comparison of ablations run on the same initial frame and action
trajectory. The blue subject is still, while the purple one moves and returns to its previ-
ous position. The z; trajectory is plotted for each subject. If we remove our introduced
components, we lose the possibility to control characters.

4.3 Ablation studies

We conduct ablation studies in a smaller-scale setup due to excessive train-
ing costs. Here, we collect 2.5k samples from one of the game environments
called Coins at a resolution of 256 x256. This game involves two players walking
around and picking up coins that are randomly scattered around a map. All
ablations are initialized from the same autoregressive pretrained checkpoint and
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fine-tuned with action control for 45k steps. In this setup, our model achieves
87.2% movement accuracy (MA) and maintains a subject detection rate (DR)
at ground truth positions of 91.3%.

We list results in Tab. [3]and qualitatively compare the final generated frame
and subject trajectories z; in Fig. [{} We first study the importance of the atten-
tion masks in ActionParty. By removing the self-attention mask Mg, subject
tokens are allowed to attend to each other, causing information leak between
subjects and ultimately reducing MA to 58%. We also tried removing the cross-
attention mask Mca, which results in a drop of MA to 5.2%. Evidently, the
presence of Mca ensures the assignment of actions to the correct subject state
tokens, and thus is a fundamental component for correct action binding. Simi-
larly, adding a frame-wise Mca that only allows each subject token to attend to
the action at its own frame, rather than all frames, reduces performance drasti-
cally. Attending to the full action sequence in z; may improve action following.
Finally, removing the RoPE bias in self-attention prevents any action binding as
the subject tokens do not attend to the correct video tokens (MA drops to 3.2%).
In general, we notice that the z; error and detection rate closely align with MA,
meaning that action binding relies on accurate localization of subjects.

5 Conclusion

In this paper, we present ActionParty, a framework for resolving the action bind-
ing challenge in multi-player 2D game simulations. By introducing subject state
tokens that are jointly denoised with video latents, we successfully associate
unique, controllable identifiers with individual subjects across 46 diverse envi-
ronments. Through attention masking and spatial RoPE biasing, ActionParty
disentangles subject update and frame rendering, enabling precise control of up
to seven subjects simultaneously. Our results demonstrate that explicit subject
grounding significantly improves action-following accuracy and identity preser-
vation in the autoregressive video diffusion setup. We believe our study addresses
a fundamental bottleneck in action-conditioned video generation, and we hope
it can inspire future research on robust, multi-subject video world models that
extend to 3D, partially observed settings.
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