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Figure 1: Representative DF-World 0.1 Preview domains and control overlays used in the first-page teaser.

Abstract. We present DreamForge-World 0.1 Preview, a preview foundational world model
for real-time interactive world simulation. The system adapts the LongLive 1 autoregressive
video stack, itself derived from Wan2.1-T2V-1.3B, with a residual action pathway inspired by
the Matrix-Game family [6, 7, 10]. DreamForge-World 0.1 Preview focuses on a complementary
axis to frontier-scale world simulators: low-compute adaptation, consumer-GPU runtime, and
broad interactive capability coverage. It supports live keyboard and mouse control, multimodal
initialization, mid-stream reprompting, dual-view operation, and minute-scale interactive rollouts
at native 480p resolution, reaching up to 14-15 FPS on a single RTX 4090 with a low memory
footprint. By leveraging open video backbones and applying targeted adaptation runs, we
build the preview system with high cost-efficiency. DF-World 0.1 Preview is not yet a memory-
complete or frontier-quality world simulator, but demonstrates a practical low-compute route
toward real-time controllable world-model previews on consumer GPUs.

Website: trydreamforge.com

1 Introduction

Interactive world models generate future visual observations in a closed control loop conditioned on
visual history, user actions, and optional semantic inputs. Unlike offline video generation, the model
must update the scene frame by frame under streaming control, while its own generated outputs
become the next conditioning history. This shifts the problem from producing a plausible clip to
maintaining controllable rollout under self-generated context, a framing shared by recent interactive
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generators and world simulators such as Genie, GameNGen, Matrix-Game, WorldPlay, LongLive, and
DreamX-World [1, 2, 5, 7, 10, 12, 14].

The field is increasingly organized around a latency-versus-state-retention tradeoff. Real-time interaction
benefits from short context windows, cacheable causal structure, few-step inference, quantization, and
lightweight decoding. Long-horizon consistency instead benefits from memory retrieval, revisit-aware
conditioning, camera-aware state, and training or distillation under self-generated histories [7, 10-14].
Systems such as Matrix-Game 3.0, WorldPlay, Infinite-World, DreamX-World, Genie 2, and Genie 3
therefore emphasize persistent or retrievable memory as a central component of interactive simulation [3,
4,11-14].

DF-World 0.1 Preview targets a different operating point: broad interactive capability coverage under
tight adaptation compute. The preview adapts the LongLive/Wan video-prior lineage into a streaming
action-conditioned rollout system, then exposes text, image, video, and mixed initialization, mid-stream
reprompting, and separate first- and third-person control paths.

The main contribution is a compact system recipe: adapt an open causal video prior, add a residual
action pathway, seed the autoregressive history with multimodal inputs, and optimize the resulting loop
for single-GPU preview interaction. This places DF-World 0.1 Preview in the same design space as recent
real-time world models, but on a complementary axis: capability coverage per unit direct adaptation
compute rather than frontier visual fidelity, persistent spatial memory, or engine-level control precision.

Matrix-Game 2.0 Matrix-Game 3.0 HY-WorldPlay 1.5 Waypoint 1.5 Genie 3 LingBot-World

Real-time on 1 GPU v v v 4 X X 4
Memory X v v X v 4 X
Reprompting X X v v v v v
Diverse multimodal input X X X X X X 4
Dual-view support X X v X v v v
Resolution 360p 720p 720p 720p 720p 720p 480p
Generation Horizon Short Medium Medium Medium Long Long Medium
Motion control degree Discrete Discrete Discrete Continuous Discrete Discrete Discrete

Table 1: Feature-level comparison with recent interactive world models, compiled from public system descriptions
and technical reports [4, 10-12, 15]. Checkmarks indicate reported support under non-uniform evaluation setups
and do not imply equal quality, scale, or benchmark protocol. “Diverse multimodal input” refers to support for at
least three input modalities: text, image, and video.

2 Related Work

Interactive and action-conditioned generation. World models have long been framed as learned
predictors of future states, but recent generative systems shift the interface toward controllable visual
environments [1, 2]. GameNGen demonstrates real-time game-like visual generation with diffusion
models, while Matrix-Game 2.0 formulates streaming world generation with frame-level keyboard/mouse
conditioning and few-step autoregressive diffusion [5, 10]. Matrix-Game 3.0 and WorldPlay extend this
design space toward memory-augmented, real-time interactive rollout [11, 12].

Open video priors and causal rollout. Wan provides the open video-model foundation used in
the LongLive lineage [6]. LongLive extends a short-clip video model into frame-level autoregressive
long-video generation using mechanisms such as KV recache, streaming long tuning, short-window
attention, and frame sinks [7]. MAGI-1 and related autoregressive video systems further support the
view that causal or chunked video generators can serve as substrates for streaming continuation [16-18].

Memory, multimodal entry, and promptability. Persistent memory is now a defining frontier
for interactive world simulation: WorldPlay, Infinite-World, DreamX-World, Genie 2, and Genie 3 all
emphasize revisit consistency, off-screen persistence, or long-horizon context retention [3, 4, 12-14].
Image-conditioned or promptable world entry points appear across Genie-style environments, Wan-



family 12V generation, MAGI-style AR video generation, DreamX-World, WorldPlay, LongLive, and
BiWM [2, 3, 6, 7, 12, 14, 16, 25]. These systems define the context for DF-World 0.1 Preview: broad
preview-scale interaction with persistent spatial memory still left as the main missing capability.

3 System Overview

DF-World 0.1 Preview is a preview-scale streaming autoregressive world model. A rollout begins from
an initialization context and advances as a closed-loop visual process: future latent frames are predicted
from visual history, text conditioning, and live keyboard/mouse actions; decoded observations are
then recycled into the next prediction step. At the interface level, the preview combines prompt-only
generation, image/video/mixed multimodal entry, live control, first- and third-person operation, mid-
stream reprompting, and minute-scale continuation. The next section summarizes these observable
capabilities before the report turns to the backbone adaptation, multimodal prefixing, runtime, and
failure modes.

4 Qualitative Capabilities

Figure 2: Representative third-person DF-World 0.1 Preview rollouts across multiple prompts and domains.

The current preview exposes six user-visible capabilities in one runtime: prompt-only rollout, multimodal
entry from text/image/video or mixed context, live keyboard and mouse control, first- and third-
person view modes, mid-stream reprompting, and minute-scale continuation. These capabilities are
not independent modules; they operate through the same autoregressive loop in which generated
observations become the next conditioning history.

Prompt-only rollout provides the base interaction mode: a text description initializes a trajectory and
the model advances the world as future visual observations. Multimodal entry extends the same loop by
inserting image or video inputs into the latent history before continuation, allowing a session to begin
from a provided visual state rather than from text alone. Once initialized, the rollout remains interactive:
keyboard and mouse input condition the next generated frames, while the accumulated visual history
supplies local temporal state.

Dual-view operation exposes two different control regimes. First-person mode emphasizes egocentric
camera motion and navigation-like response, while third-person mode must coordinate character



displacement, external camera behavior, parallax, and background continuation. The preview therefore
uses separate view-specific action checkpoints rather than relying on a single shared controller to cover
both observation mappings.
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Figure 3: Representative first-person DF-World 0.1 Preview rollouts across multiple prompts and domains.

Mid-stream reprompting changes the semantic condition during an active rollout while retaining the
current visual history. This enables promptable continuation and event injection without restarting the
session, as in the coastal sequence in Figure 4.
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Figure 4: Mid-stream reprompting example. A running coastal rollout is redirected by a text update that summons
a tsunami.

DF-World 0.1 Preview is not constrained to a fixed rollout horizon and can continue generation au-
toregressively; for the current preview, the first minute of inference provides the strongest qualitative
window for interactive use.

5 Backbone, Control, and Adaptation

Backbone and rollout formulation. DF-World 0.1 Preview uses LongLive 1 as its causal autoregressive
video substrate. LongLive 1 builds on Wan2.1-T2V-1.3B and provides the runtime properties retained in
DF-World: frame-level rollout, prompt switching through KV recache, cacheable causal structure, short-
window attention, frame-sink context, and efficient streaming inference [6-8]. We retain this runtime as
the base execution path and target DreamForge-side modifications at controllability, multimodal entry,
and deployment behavior.

Backbone LoRA. We first train a rank-64 LoRA on top of the LongLive/Wan backbone without an action
module. This stage adapts the video prior toward interactive game-like domains before introducing
explicit user control. The training mix combines gameplay videos from the NitroGen dataset, GameGen-
X/Open-World Video Game Dataset material, and a smaller manually collected high-quality set [19, 20].
The LoRA is trained on both first-person and third-person clips; view selection is exposed through



prompt conditioning, e.g. prompt tokens such as first person or third person activate the corresponding
visual regime.

Action dataset and labels. The manually collected control subset contains 5-second clips at 24 FPS
with continuous mouse motion and discrete movement/control annotations. We normalize and label
interaction, jump, sprint, crouch, act_1 (RMB/L2), and act_2 (LMB/R2), together with view-type meta-
data across all data sources. Additional button channels are retained in the data pipeline for future
training, while the present action-module adaptation uses the subset required by the first-person and
third-person controllers.

Residual action pathway. After backbone LoRA training, we adapt Matrix-Game 2.0-style action
conditioning to the LongLive runtime. Matrix-Game 2.0 reports a frame-level keyboard/mouse action
injection module inside a few-step autoregressive diffusion loop, trained on roughly 1200 hours of
interaction-annotated data [10]. Given a strong pretrained prior, we transplant the Matrix-Game 2.0
action-module weights onto the LongLive-based DiT and then briefly fine-tune the transferred control
path to reduce model-transfer error and align the action features with the adapted backbone.

View-specific control checkpoints. Dual-view control is implemented with two high-rank LoRA
adaptations on top of the transferred Matrix-Game action module. The first LoRA is trained on first-
person samples to establish stable egocentric control. The second is trained on third-person samples to
support external-view control without forcing the same controller to cover two incompatible action-
to-observation mappings. Training uses an x, MSE objective together with trajectory/pose losses;
Depth Anything 3 is used as an auxiliary geometry source for pose/depth supervision during data
preparation [21]. After training, the LoRA weights are fused into the original Matrix-Game action-
module weights, producing two view-specific action checkpoints selected before inference according to
the chosen view mode. This design provides dual-view control without redesigning the module and
helps to avoid perspective drift between third-person and first-person regimes.

6 Multimodal Initialization via Latent History Conditioning

LongLive 1 is a text-to-video long-video system: its native interactive interface is prompt switching over
autoregressive rollout, not image- or video-initialized world entry. DF-World 0.1 Preview therefore adds
multimodal initialization inside the DreamForge runtime. The implementation uses the autoregressive
history interface, where images and videos are encoded into the same latent space used for rollout and
inserted as clean initial history before continuation.

For image initialization, an input image is encoded by the video VAE into latent history and used as the
initial observation prefix. The rollout continues from this prefix under the current text prompt and live
action stream, producing an image-to-world entry point. For video initialization, a provided segment
is encoded as multiple latent frames or chunks, after which the model predicts future observations
autoregressively. Combined with LongLive-native prompt switching, this yields video-to-world or
vid2vid-style continuation under user control.

Because the adopted LongLive 1 interface did not expose these entry modes when it was integrated as
the DF-World backbone, the DreamForge runtime adds them through clean latent prefixes rather than a
separate image-to-video initializer. Related systems expose image-conditioned or video-continuation
interfaces through different architectures, including Genie-style playable worlds, Wan-family I12V/video
tasks, MAGI-style chunked autoregressive video generation, WorldPlay continuation, and DreamX-World
text/image-to-video generation [2, 3, 6, 12, 14, 16].

Prefix conditioning anchors the beginning of the rollout. Once the generated trajectory diverges from
the initial context, persistence again depends on the autoregressive history.



7 Runtime

The inference stack is built around the LongLive 1 causal AR runtime because its prompt-switching,
KV-cache, short-window attention, and frame-sink mechanisms already provide a strong foundation for
streaming generation [7]. DreamForge modifies this runtime substantially for interactive deployment: we
add asynchronous streaming around generation and VAE decoding, tune low-compute execution paths,
implement KV-cache quantization, and integrate Deep Forcing-style training-free cache management to
reduce rollout drift during long interactive sequences [22]. In addition to the default Wan2.1 VAE path,
we benchmark a Light TAEW 2.1 decoding path from the LightX2V/ComfyUI-LightVAE release, which
provides a faster lightweight TAE decoder for Wan-family workflows [23]. The runtime also integrates
the view-specific action-module checkpoints described above.

Runtime is measured as observed end-to-end preview throughput at native 480x832 resolution. Measure-
ments include the practical generation path—diffusion transformer execution, action conditioning, VAE
decoding, and streaming overhead—rather than isolated transformer-only throughput, and therefore
reflect the frame rate observed through the DreamForge runtime.

Default VAE path LightTAEW 2.1 path
Hardware Prec. Runtime VRAM Hardware Prec. Runtime VRAM
RTX 4090 bfi6 ~10FPS ~9GB RTX 4090 bfte ~12FPS ~8GB
RTX 4090 fp8 ~12FPS ~5GB RTX 4090 fp8 14-15FPS ~4GB
H100 bfl6 ~15FPS ~9GB H100 bfit6 ~18 FPS ~8GB
H100 fp8 ~17FPS ~5GB H100 fp8 ~19FPS ~4GB

Table 2: Preview runtime measurements at 480x832. The left table reports the default Wan2.1 VAE path; the right
table reports the same runtime with Light TAEW 2.1 decoding [23].

LightTAEW 2.1 improves the measured preview throughput and memory footprint, while the default VAE
path remains the reference path for quality-preserving demonstrations. LongLive 2.0 and related systems
show the same broader direction-quantized caches, asynchronous decoding, and low-precision runtime
infrastructure—but DF-World 0.1 Preview uses its own preview-specific implementation choices [24].

8 Limitations

Memory and revisit consistency. Persistent spatial memory is the dominant missing capability. DF-
World 0.1 Preview can continue a trajectory, but it does not maintain a reliable external map of generated
space. When the user rotates away from a region and later returns, scene content may be re-synthesized
rather than preserved. Figure 5 shows a representative absence-of-memory case: after camera rotation
and return, new trees and scene structure appear in a location that was not previously present. This
places the preview behind memory-augmented systems that explicitly target revisit consistency through
retrieval, context reconstruction, hierarchical memory, or camera-aware conditioning [3, 4, 11-14].
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Figure 5: Revisit-consistency failure: rotating away and returning introduces previously unseen trees and scene
structure.

Long-horizon drift. The system supports minute-scale interactive rollouts, but quality, object identity,
and layout consistency degrade as the model conditions on its own imperfect history. Figure 6 shows a
long self-conditioned rollout with visible color oversaturation and texture degradation; later frames
partially recover color balance, but not the lost texture fidelity.



Figure 6: Color and texture degradation during self-conditioned rollout. Later frames partially restore color
balance, but fine texture detail remains degraded.

Control, latency, and sensory scope. Keyboard and mouse actions influence the trajectory, but action
diversity and precision remain below explicit simulation. Aggressive camera motion can destabilize
the scene, and third-person control is more fragile than first-person navigation. Latency is real-time,
but not yet at conventional game-feel responsiveness. The preview does not include sound generation,
multi-agent interaction, or reliable physical interaction with persistent objects.

9 Adaptation Scale

DF-World 0.1 Preview uses 64 hours of curated gameplay/control video across the backbone LoRA and
two action-module LoRA stages. This refers to the filtered adaptation set used for the preview system,
not the raw size of the upstream corpora used during data sourcing.

Public reports do not expose a uniform cost metric for interactive world models. We therefore compare
reported training-video scale where direct hour-level figures are available from primary sources. [2, 10].
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Figure 7: Reported training-video scale for systems with public hour-level training reports. Bars are annotated
with raw hours and scale relative to DF-World’s 64-hour curated adaptation set. For readability, the visual scale
is softly compressed above 1,000 hours while preserving the ordering and large separation between systems.
Matrix-Game 2.0 reports about 1200 hours of interaction-annotated data; Genie reports a 30,000-hour filtered
platformer training set [2, 10].

10 Release Status and Next Steps

DF-World 0.1 Preview is a preview, not a full model release. DreamForge does not currently open-source
the preview checkpoint. DF-World 0.5 is planned as a more complete model generation and may be
released publicly if licensing, safety, and engineering constraints allow.

The next technical target is persistent spatial memory. Candidate directions include latent memory
retrieval, camera-aware memory, loop-closure training, self-generated-history training, and hybrid
external scene-state mechanisms. Beyond memory, we are exploring larger video backbones, stronger
action-module architectures, improved dual-view control, streaming multimodal generation in which
image and video inputs can be updated continuously rather than only used to seed real-time video
output, and early audiovisual real-time world generation with synchronized audio conditioned on the



generated visual state. Additional work is needed on latency, action diversity, third-person stability,
aggressive-camera robustness, and systematic evaluation.

11 Conclusion

DF-World 0.1 Preview demonstrates a constrained-compute path toward real-time controllable world
models. By adapting a LongLive/Wan video prior, integrating a Matrix-Game-style residual action path-
way, exposing multimodal initialization through latent history conditioning, and optimizing the inference
stack for consumer GPUs, DreamForge obtains a live generated-world loop supporting text/image/video
initialization, mid-stream reprompting, and dual-view control.

Persistent spatial memory, frontier-scale fidelity, and precise physical control remain open. The preview’s
technical relevance lies in its operating point: broad interactive capability coverage, single-GPU runtime,
and targeted adaptation cost. Future work will focus on persistent memory, lower latency, larger
backbones, stronger action conditioning, streaming multimodal and audiovisual control, and more stable
dual-view interaction.
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