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ABSTRACT We present EdenLive, a real-time generative video renderer for inter-
active applications in the Project Eden series1. EdenLive continuously
renders enhanced and stylized video from reference videos of different
geometric granularities that range from proxy videos, namely sim-
plified renderings produced by a coding agent or a game engine, to
directly recorded videos, with a target first frame and a text prompt
as input to guide the appearance. This design conveys the world state
to the model through the reference video and thereby decouples its
interaction-induced evolution from visual rendering: the upstream
code or engine maintains the game logic and world state explicitly
and precisely, whereas EdenLive renders reference video into detailed
visual output. This separation enables the world state to be inspected,
modified, and tested directly, and interaction can extend to any quantity
exposed by the upstream program. It also relieves the neural model from
learning both state transitions and appearance, allowing the limited
model capacity available for real-time deployment to concentrate on
visual synthesis. To handle references for diverse rendering scenarios,
we employ a vision encoder that maps them into a shared feature
space despite their differences in geometric granularity and appearance,
and condition the video generation model on these features, which
mitigates leakage of the reference appearance into the generated video.
To enable streaming generation, we distill the generator into a few-step
chunk-wise autoregressive model and deploy it in a serving system that
pipelines program simulation, reference encoding, and generation with
a one-chunk lookahead, so that the system presents the generated video
in real time and responds to user interaction. Experiments on short- and
long-horizon generation show that EdenLive achieves good reference
control and visual quality, while generating 720P videos in real time at
over 24 FPS on a single GPU.

1 https://www.tripo3d.ai/research/project-eden

https://www.tripo3d.ai/research/project-eden
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1 Introduction
World models characterize how an environment evolves in response to actions and events [32, 34],
a capability that underpins simulation for autonomous driving [10, 37], embodied intelligence [9,
100], and interactive games [18, 86]. Two properties are central in these settings: interactivity, since
a player or an agent chooses its next action on the basis of its current observation, and low latency,
since each observation must follow the corresponding action quickly enough to sustain closed-loop
interaction. Video-based world models have recently advanced rapidly in both respects by leveraging
the generative priors of large pretrained video models [71, 85, 103]: starting from latent-action
and action-conditioned models [4, 13, 86], recent methods synthesize environments that users
explore through keyboard, mouse, and camera inputs [36, 39, 48, 54, 79, 84, 92], alter through
text-triggered events [23, 29, 74], and revisit with the help of meory mechanisms [75, 95, 99],
while achieving increasingly photorealistic visual quality.
These models, however, learn the evolution of the world state jointly with its visual appearance in
a single generative network, which predicts each new observation from the generated history and
the current input. The state of an interactive world is complex and heterogeneous, spanning entity
positions and attributes, numerical quantities such as health and score, objects outside the current
view, and the rules that determine how each action takes effect. Scaling model parameters and
training data can improve howwell such state is captured implicitly, but the same networkmust then
devote its capacity to both dynamics and appearance, which is in tension with the computational
budget permitted by real-time deployment. Moreover, the state is held only implicitly in the latent
context and the generated frames, so it cannot be directly inspected, edited, or verified [42, 70],
and control remains largely confined to actions, camera trajectories, and text prompts rather than
extending to individual entities and their interaction rules.
To address this limitation, in Project Eden [88] we proposed to decouple the evolution of the world
state from its visual rendering. An evolving structured state persists over time, is updated by actions,
and can be queried from different viewpoints. A state-to-observation interface converts this state
into camera-conditioned constraints that expose its local semantics and geometry. And a generative
renderer maps these state-derived constraints to high-fidelity visual output. In this work, we instan-
tiate this principle with EdenLive. Upstream code or an engine maintains and advances the world
state by executing the game logic and interaction mechanisms. The engine renders each updated
state into a temporally aligned video stream. Then a reference-conditioned, real-time generative
renderer, which is trained starting from pretrained video diffusion models [85], follows the scene
layout, camera motion, and dynamics conveyed by this video stream while synthesizing detailed
visual output. Compared with modeling state evolution and appearance jointly in pixels, this sepa-
ration keeps the game logic, interaction mechanisms, and world state explicit and precise: they can
be inspected, modified, and tested directly, and interaction can extend to any quantity exposed by
the upstream program. It also relieves the neural model from learning both state transitions and
appearance, allowing the limited model capacity available for real-time deployment to concentrate
on visual synthesis.
We refer to the conditioning video supplied to the renderer as a reference video, which is either
a proxy video, namely a simplified rendering produced by a coding agent, a game engine, or a
workbench that captures scene layout, camera motion and coarse dynamics, or a recorded video
that is used directly as the reference. This formulation leads to a question: can a single renderer
accept reference videos from diverse upstream sources, ranging from proxies of 2D and 3D games to
recorded footage, and render them in real time? Answering this question requires the renderer to
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recover layout and motion from references of widely varying geometry and appearance without
copying unwanted reference appearance, learn despite the limited availability of paired reference–
target videos, and generate causally and continuously within a real-time latency budget.
To address these challenges, We present EdenLive, a real-time generative video renderer that con-
ditions on a reference video, a target first frame, and a text prompt. To handle heterogeneous
references, we condition the generator on dense features rather than on reference pixels, extracted
by a vision encoder that we fine-tune on reference–target image pairs to map reference videos that
differ in appearance and geometric granularity but share layout and motion into a shared feature
space. Conditioning on this feature space eases the learning of the generator and mitigates the
degradation of its output toward the appearance of the reference video. Furthermore, the same
feature space allows unpaired videos to serve as self-paired training data, in which the generator is
conditioned on features extracted from an appearance-perturbed copy of the target video itself. To
enable streaming generation, we distill the generator into a few-step model that performs chunk-
wise autoregressive inference over a bounded attention cache, so that each chunk depends only on
the current reference frames and the retained history. Finally, our serving system overlaps upstream
simulation and neural rendering, and streams the decoded frames to the user.
Our contributions are threefold:

– A vision encoder fine-tuning approach that aligns the representations of reference–target image
pairs, enabling a generator trained on both self-paired and paired videos to be controlled by
reference videos at inference.

– A streaming generative renderer that combines few-step chunkwise generation, a bounded his-
torical context, and pipelined serving to synthesize video continuously from evolving reference
videos.

– A complete real-time interactive system built on EdenLive, in which an upstream engine executes
the game rules and maintains the world state while EdenLive renders the resulting proxy videos
into the displayed stream; the system supports real-time previews of agent-built games with exact
game state and appearance control through the target first frame, and extends to the offline re-
rendering and stylization of recorded videos.

We evaluate both the learned representation and the complete renderer through image and video
encoder ablations, short- and long-horizon generation comparisons, and runtime measurements.
Compared with the pretrained DINOv3 encoder, the fine-tuned encoder improves the transfer from
proxy conditions to detailed outputs in image generation and reduces camera rotation error in video
generation, and the generation comparisons show competitive reference adherence and appearance
preservation. The optimized 5B renderer exceeds 24 FPS at 1280 × 704 on a single NVIDIA H100,
measured from model-side condition processing to decoded frames in CPU memory.

2 RelatedWork
2.1 Controllable VideoGeneration

Large pretrained video diffusion models [52, 71, 85, 103] provide strong priors over appearance
and motion, but precise structural control often requires additional conditioning. Beyond first-frame
appearance editing [53, 72], a broad line of work introduces dense visual cues to guide scene
structure, object motion, and camera motion, such as depth, edges, and segmentation [2, 3, 19, 49,
90], or through camera poses, trajectories, optical-flow-warped noise, and rendered 3D caches [14,
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35, 77, 91]. These conditioning signals differ in both their representation and the level of structural
detail they provide.
These conditioning interfaces also vary in how much scene structure they require, ranging
from dense rendering buffers to coarse proxies and sparse geometric primitives. Buffer-based
methods [43, 58, 62, 78] receive dense rendering buffers to provide rich scene attributes for
photorealistic image and video synthesis. Some works [15, 50] utilize coarse meshes and rendered
proxies to reduce the required geometric detail while retaining control over layout and motion.
ProxyUp [117] uses proxy videos with foreground masks to preserve selected dynamics while
regenerating appearance and surroundings. Geometric conditions such as depth, 3D point tracks,
and oriented bounding boxes also guide video generation [11, 31, 98]. These approaches rely on
geometric representations or region-specific guidance that must be constructed or extracted from
the source.
Inspired by the feature-based conditioning of Coarse-to-Real [30], EdenLive learns a shared rep-
resentation for references with varying appearance and geometric granularity. Whereas Coarse-to-
Real uses a frozen DINOv3 encoder [81], we fine-tune the encoder on a large, independently curated
set of reference–target image pairs to preserve shared structure while suppressing appearance dif-
ferences. This alignment reduces reference appearance leakage and enables a generator trained on
self-paired ordinary videos to generalize to proxy inputs.

2.2 InteractiveWorldModels

Interactive world models formulate environment simulation from generation history and user in-
teraction. Genie [13] learns latent actions from unlabeled videos, while action-conditioned diffu-
sion models demonstrate playable game simulation [4, 86]. Subsequent video world models extend
action- and camera-conditioned generation across diverse environments [18, 36, 39, 54, 79, 84, 92,
111], with advances in real-time interaction and long-horizon generation [48, 112, 118]. Interaction
also extends to text-driven events and scene editing [23, 29, 74] and object interactions [96], while
Cosmos 3 [1] unifies multimodal understanding, visual generation, and action prediction. When
world evolution is modeled through observation prediction, consistency with underlying rules is
learned rather than enforced by an executable state-transition mechanism, and control depends on
the inputs the model has learned to interpret.
A recent trend in interactive world modeling is to decouple state evolution from visual rendering,
using video models as renderers. The Project Eden research preview [88] outlines a shared-state
architecture in which camera-conditioned semantic and geometric constraints connect the evolving
world state to generative rendering. Related efforts make world state explicit: StatePlay [66] jointly
predicts game-state variables and visual content, while Marionette [70] and MASS [16] advance an
explicit world state through learned dynamics and render it into observations. Other systems dele-
gate state evolution to executable logic. Code World Model [20], Programmable World Model [42],
Oneira [102], and CoDeR [24] use coding agents to maintain and evolve explicit world states, which
are translated into proxy videos or spatial conditions. AgentGarten [21] and Magpie [108] advance
states through simulators and game engines, while GameDirector [65] introduces an agentic layer
that tracks game state and enforces gameplay rules. Several renderers use specialized geometric
interfaces, including oriented boxes, depth and surface normals, or articulated poses [21, 42, 70].
EdenLive learns a common reference-video interface across varying appearance and geometric gran-
ularity, allowing diverse upstream programs to condition the same renderer on inputs ranging from
agent-built proxies to recorded videos.
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2.3 Acceleration, Distillation, and Streaming

Few-step diffusion methods reduce generation cost by distilling iterative sampling into fewer model
evaluations. Latent Consistency Models [69] learn consistency mappings for few-step latent-space
synthesis, while Distribution Matching Distillation [104, 105] trains a one-step generator to match a
diffusion teacher’s output distribution. Streaming video generation additionally requires causal pre-
diction from generated histories. CausVid [106] distills a bidirectional teacher into a few-step causal
generator, while Self Forcing [41] addresses the training-inference history mismatch through au-
toregressive training on the model’s own predictions. Subsequent work extends generation to longer
sequences [22, 101] and improves autoregressive distillation through student initialization, rollout
perturbation, and gradient propagation through historical context [113, 115, 116, 119, 120]. Sus-
tained streaming also requires bounded context and efficient execution. Attention sinks [94], com-
bined with rolling windows, retain initial tokens and recent history while bounding the context size.
Streaming pipelines use batched denoising and scheduling for continuous frame delivery [25, 51],
while streaming video-to-video methods preserve temporal consistency through historical feature
reuse or dedicated training objectives [57, 114]. EdenLive combines few-step chunkwise autore-
gressive generation with a bounded cache containing an attention sink and a rolling window. Its
serving system overlaps upstream simulation and reference encoding with generation, conditioning
each chunk only on reference frames that have already arrived.

3 ProblemFormulation and SystemOverview
3.1 ProblemFormulation

We decouple the interaction-induced evolution of the world state from its visual presentation: an
upstream program maintains the world state explicitly, whereas EdenLive acts as a reference-
conditioned generative renderer that synthesizes only its appearance. Given an 𝑁-frame reference
video 𝑟1∶𝑁 , a target first frame 𝑦, and a text condition 𝑝, EdenLive generates a refined or restyled
video

̂𝑥1∶𝑁 = ℛ(𝑟1∶𝑁 , 𝑦, 𝑝), (1)

in which the three inputs play complementary roles: the reference video conveys the evolving world
state, namely the layout, camera motion, object trajectories, and event timing; the first frame,
aligned with the opening reference view, anchors subject identity and appearance; and 𝑝 is ei-
ther a single prompt held fixed over the sequence or a time-varying prompt schedule, which may
include time-specific event descriptions in interactive applications.
Achieving this in real time poses two challenges: a generator conditioned on reference videos that
range from coarse proxies to recorded videos tends to degrade toward their appearance, and train-
ing a model for real-time, minute-scale generation is difficult. We address them with a vision en-
coder that maps reference videos into a shared feature space (Sec. 4.2) and a distilled, chunkwise
autoregressive generator (Secs. 4.3 and 4.4), respectively.

3.2 Real-Time Interactive System

The real-time generation capability of EdenLive allows it to be integrated into an interactive system
that responds to user input as it arrives. Fig. 2 illustrates the system we build upon EdenLive, which
operates as a closed loop over successive chunks indexed by 𝑘. While viewing the most recently
displayed chunk ̂𝑥(𝑘−1), the user issues keyboard and mouse actions 𝑎𝑡 at interaction steps 𝑡 ∈ ℐ𝑘 ,
where ℐ𝑘 denotes the steps covered by chunk 𝑘. For concreteness, we take as a running example an
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Figure 2 Real-time interactive system built on EdenLive. User input drives an upstream engine that
maintains the rules and state and emits proxy video chunks, from which EdenLive synthesizes the displayed
video; the displayed video in turn informs the user’s next input.

upstream game engine whose code is authored by a coding agent (Sec. 6.1); the engine executes
the rules, collisions, and state updates through a transition function 𝒯 , and an observation function
𝒪 renders each updated state as a graybox proxy frame:

𝑠𝑡 = 𝒯 (𝑠𝑡−1, 𝑎𝑡), 𝑟𝑡 = 𝒪(𝑠𝑡), 𝑡 ∈ ℐ𝑘 . (2)

The proxy frames form the reference chunk 𝑟(𝑘) = {𝑟𝑡}𝑡∈ℐ𝑘 , and the engine may additionally emit a
caption 𝑒(𝑘) describing salient events within the chunk, which we append to the static prompt 𝑝 to
obtain the chunk-level text condition 𝑝(𝑘) = 𝑝 ⊕ 𝑒(𝑘). EdenLive then synthesizes the next displayed
chunk

̂𝑥(𝑘) = ℛstream⒧𝑟(𝑘), 𝑦, 𝑝(𝑘),ℋ𝑘⒭, (3)

where ℋ𝑘 denotes the retained generation history, and ̂𝑥(𝑘) in turn informs the user’s next actions,
closing the loop. With the state 𝑠𝑡 conveyed to EdenLive only through 𝑟(𝑘) and 𝑝(𝑘), the renderer
can be paired with diverse upstream programs without application-specific interfaces. Under this
division of responsibility, collisions, scores, health bars, and other discrete outcomes are computed
by 𝒯 rather than inferred from generated pixels, and exact text and numerical indicators can be
rendered directly from 𝑠𝑡 and composited over the generated video. In contrast to recent interactive
video world models [29, 79, 84, 109, 110], which model dynamics and appearance jointly and
therefore cannot guarantee that such outcomes remain consistent with the underlying rules, our
design keeps rule execution in the engine and dedicates the model to visual synthesis.

3.3 Offline Re-rendering System

For offline applications, EdenLive re-renders or restyles existing footage, taking as the reference
video 𝑟1∶𝑁 a complete recorded video or animation whose frames are all available before generation.
For a fixed-length clip, it generates

̂𝑥1∶𝑁 = ℛbi⒧𝑟1∶𝑁 , 𝑦, 𝑝⒭, (4)

whereℛbi denotes bidirectional generation that jointly synthesizes all 𝑁 output frames conditioned
on the entire clip 𝑟1∶𝑁 , 𝑦 is the target first frame that anchors the output appearance, 𝑝 is a text
condition authored in advance as either a single prompt or a time-varying prompt schedule, and ̂𝑥1∶𝑁
is the re-rendered video. Longer videos are instead processed in successive chunks by the streaming
rendererℛstream of Eq. (3), with each reference chunk 𝑟(𝑘) taken directly from the recorded sequence.
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This mode makes EdenLive applicable to visual content creation, such as film, animation, and game
production, as well as to data synthesis for embodied intelligence.

4 Method
4.1 Data

Training EdenLive requires reference–target video pairs with reliable correspondence. We construct
such pairs through fine-to-coarse transformations of real-world and game-rendered videos and
through coarse-to-fine synthesis from agent-built 3D proxy videos [6], and we complement them
with unpaired open-source videos to improve generalization. Neither source guarantees perfect su-
pervision, and we therefore curate each separately: paired data curation (Sec. 4.1.1) screens for spa-
tial and temporal alignment, geometric granularity, and temporal consistency, whereas unpaired
data curation (Sec. 4.1.2) screens for visual quality, motion intensity, and semantic suitability.

1 Paired videos

Paired clips

Fine-to-coarse

Coarse-to-fine

Spatial & temporal

alignment

MLLM · DINOv3

Geometric

granularity

MLLM

Temporal

consistency

Frame diff · AMT-S

TransNetV2

Curated paired

videos

+ Captions

2 Unpaired videos

Unpaired clips

Standardized segments

Visual

quality

DOVER · Exposure / Blur

OCR · SAM3

Motion

intensity

GMFlow · VGGT-Omega

Semantic

suitability

MLLM

Curated video

clips

+ Captions

Figure 3 Data curation pipeline. Paired reference–target videos and unpaired open-source videos are screened
by separate pipelines, and the curated data from both sources are accompanied by captions.

4.1.1 PairedData Curation

Spatial and temporal alignment. Reference and target frames at the same index must depict cor-
responding scene states. We stack frames sampled at identical indices from both videos and use a
multimodal large language model (MLLM) [7] to assess their scene layout, viewpoint, and object
placement, as well as camera motion and object trajectories across the sequence. We additionally
average the cosine similarity between DINOv3 [81] patch features at corresponding grid positions
to obtain a per-frame alignment score.

Geometric granularity. During pair construction, the generated video may degrade toward its in-
put: a fine-to-coarse reference may retain the detailed geometry of its source video, and a coarse-to-
fine target may inherit the simplified geometry of its proxy. We prompt the MLLM to score whether
sampled frames of the generated video exhibit the intended level of geometric detail, and discard
pairs whose scores fall below a threshold.
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Temporal consistency. We measure the intensity variation of each reference video as the mean
absolute difference between consecutive sampled frames, its motion smoothness as the interpolation
error of AMT-S [56], and its shot transitions with TransNetV2 [82], and exclude references with
excessive flicker, irregular motion, or abrupt discontinuities.

4.1.2 UnpairedData Curation

Visual quality. We split each video into segments that do not cross editing boundaries using shot or
transition detection, score each segment with DOVER [93], mean brightness, and Laplacian-based
sharpness, and detect visible text with PaddleOCR [73] and watermarks, logos, and borders with
SAM3 [17]. Based on these measurements, we remove clips that are degraded, poorly exposed,
blurred, or visually obstructed.

Motion intensity. We measure image motion as the average magnitude of GMFlow [97] optical
flow between sampled neighboring frames, and camera motion as the mean angular speed during
rotation and the peak angular speed derived from VGGT-Omega [89] camera poses, and exclude
clips with sustained fast rotation or abrupt viewpoint changes.

Semantic suitability. From sampled frames of each clip, the MLLM generates a descriptive caption
and multi-label category annotations under a fixed taxonomy; we exclude clips with any label in a
predefined exclusion set and retain the captions with the selected clips.

4.2 Vision Encoder

4.2.1 Shared Feature Space

EdenLive accepts reference videos ranging from graybox proxies to recorded footage. These refer-
ences convey the desired layout and motion, but their appearance may differ from the intended
output. We therefore fine-tune a vision encoder on a large, independently curated set of reference–
target image pairs so that references and targets that share the same layout are mapped to a shared
feature space that retains their common structure while suppressing their appearance differences,
which reduces reference appearance leakage in the generated output. This shared space allows a
generator trained on self-paired ordinary videos (conditioned on their own features) to generalize
to proxy inputs at inference.
Inspired by Coarse-to-Real [30], we initialize the vision encoder 𝐸𝜙 from pretrained DINOv3 ViT-
L/16 [81]. Reference and target images share the same backbone and learned linear projection.
For an input image 𝐼 , we project each backbone patch token and apply L2 normalization, yielding
unit-normalized features f𝑞(𝐼) at spatial position 𝑞 and the feature grid 𝐸𝜙(𝐼) = [f𝑞(𝐼)]𝑞 of spatial
resolution 𝐻̄ × 𝑊̄ . The parameter set 𝜙 collects the backbone and projection parameters. Both are
updated during fine-tuning and frozen during downstream generator training. For video condition-
ing, we apply this image encoder frame by frame and leave temporal modeling to the downstream
video generator. We next describe how we fine-tune the encoder on reference–target image pairs
to align corresponding content in this shared feature space.

4.2.2 Representation Learning

To exploit both the dense correspondence within each reference–target pair and the contrast across
samples, we fine-tune the encoder with a combination of supervised and contrastive learning, com-
plemented by domain-adversarial learning. Let {(𝐼 ref𝑖 , 𝐼 tgt𝑖 )}𝐵𝑖=1 denote a batch of 𝐵 reference–target
image pairs, where 𝐵 is the global batch size across training workers, and let fref𝑖,𝑞 and ftgt𝑖,𝑞 denote the
normalized features of 𝐼 ref𝑖 and 𝐼 tgt𝑖 at patch 𝑞.



EdenLive: Real-TimeGenerative Rendering 10

Supervised learning. Given that the reference and target images in each pair share the same layout,
we directly supervise the encoder by aligning their features at corresponding grid positions:

ℒalign =
1

𝐵𝐻̄𝑊̄
𝐵

𝑖=1


𝑞
⒧1 − fref𝑖,𝑞, f

tgt
𝑖,𝑞⒭ , (5)

where ⟨⋅, ⋅⟩ denotes the inner product, which equals the cosine similarity for the unit-normalized
features.

Patch-level contrastive learning. To preserve discrimination across samples, we apply a symmetric,
multi-positive InfoNCE objective [87] between domains at matching spatial positions. The positive
set 𝒫(𝑖) includes pair 𝑖 and pairs sharing its group identifier, such as multiple references of the same
target image; all other pairs in the batch are negatives. For query domain 𝑈 and candidate domain
𝑉:

ℓ𝑈→𝑉
𝑖,𝑞 = − log


𝑗∈𝒫(𝑖)

exp⒧f𝑈𝑖,𝑞, f𝑉𝑗,𝑞 /𝜏⒭

𝐵

𝑗=1

exp⒧f𝑈𝑖,𝑞, f𝑉𝑗,𝑞 /𝜏⒭
, (6)

where 𝜏 = 0.07 is the temperature. We obtain ℒctr by averaging ℓ𝑈→𝑉
𝑖,𝑞 over all samples, spatial

positions, and both reference-to-target and target-to-reference directions.

Domain-adversarial learning. To suppress domain-specific cues, we train a transformer discrimina-
tor 𝐷𝜓 on the complete projected feature grid F𝑈𝑖 = [f𝑈𝑖,𝑞]𝑞, 𝑈 ∈ {ref, tgt}, with target and reference
grids labeled 1 and 0, respectively:

ℒdom = −
1
2𝐵

𝐵

𝑖=1

log⒧1 − 𝐷𝜓(Fref
𝑖 )⒭ + log𝐷𝜓(F

tgt
𝑖 ) . (7)

The discriminator minimizesℒdom, while gradient reversal [28] sends a reversed and scaled gradient
to the encoder, updating both in a single backward pass.

Overall objective. Combining the three terms, we minimize

ℒenc = ℒalign + 𝜆ctrℒctr − 𝜆domℒdom, ℒdisc = ℒdom, (8)

with respect to 𝜙 and 𝜓, respectively, where 𝜆ctr = 0.5 weights the contrastive term and the reversal
coefficient 𝜆dom = 0.1min(𝑛/2000, 1) increases linearly over the first 2000 optimization steps 𝑛
and remains constant thereafter.

4.3 Reference-Conditioned StreamingVideoGeneration

We initialize the video generator from two pretrained latent video diffusion transformers, Wan2.2-
TI2V-5B and Wan2.1-I2V-14B [85], and progressively adapt them for reference conditioning, chunk-
causal autoregressive generation, and few-step sampling. To realize the rendering interface in
Eq. (1), dense features extracted from the reference video by the frozen vision encoder 𝐸𝜙 (Sec. 4.2)
serve as the condition through which the world state is conveyed to the generator, alongside the
target first frame and the text prompt.
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4.3.1 Reference-ConditionedVideoGeneration

Reference injection. The pretrained generators operate in the latent space of a video VAE, which
compresses the input video by a temporal factor 𝜌𝑡. To align the reference with these latent time
steps, we encode one reference frame out of every 𝜌𝑡 frames. Each encoded frame is a feature grid
of 𝐶𝑟 channels at resolution 𝐻̄ × 𝑊̄ (Sec. 4.2); we resize it to the spatial size of a latent frame and
concatenate the resulting features with the native DiT input along the channel dimension, widening
the patch-embedding projection by 𝐶𝑟 zero-initialized input channels. With our encoder mapping
references of different appearance into a shared feature space (Sec. 4.2), this concatenation injects
the reference while mitigating the degradation of the output toward the reference appearance. Com-
pared with token concatenation or additional cross-attention layers, it also leaves the token length
and the attention cost of the base model unchanged.

Self-paired training. The shared feature space further allows us to construct self-paired examples
from unpaired videos, in which the reference and the target are the same clip and only the reference
branch receives appearance perturbations before encoding, so that the generator is discouraged
from reproducing the target by copying the reference appearance. Self-paired examples thus turn
abundant unpaired videos into self-supervised training data, and we combine them with paired
reference–target examples, which share the underlying motion but differ in rendering and anchor
the intended cross-domain behavior. We train the generator with flow matching [67], minimizing
the squared error between its predicted velocity and the flow-matching target, on all latent frames
except the conditioned first frame.

4.3.2 Autoregressive VideoGeneration

To satisfy the chunk-causal streaming requirement in Sec. 3.2, we convert the bidirectional model
of Sec. 4.3.1 into a causal, few-step autoregressive generator, a transition that has been explored in
prior work [22, 41, 106, 113, 119, 120]. Specifically, teacher-forcing supervised fine-tuning (SFT)
first adapts the model to chunk-causal attention, and few-step distillation on the model’s own roll-
outs then concludes training.

Teacher-forcingSFT. To expose the model to the causal structure used at inference while retaining
the efficiency of parallel training, we divide a latent sequence into chunks 𝒞𝑘 of 𝐿 latent frames and,
within a single forward pass, process the two-copy sequence [ 𝑧clean1∶𝑇 | 𝑧noisy1∶𝑇 ], in which the clean
copy serves as the history and the noisy copy as the prediction target. The attention mask allows a
noisy query in 𝒞𝑘 to attend to the clean history preceding 𝒞𝑘 and to the noisy tokens within 𝒞𝑘 , but
never to future chunks, whereas clean queries attend only to clean history. Tomatch deployment, we
further bound the context to 𝑀 latent frames, so that the mask reproduces the key/value visibility
of the streaming cache within a single teacher-forcing forward pass.

Few-step distillation. The model is trained on ground-truth history during teacher-forcing SFT,
whereas at inference it conditions on its own previously generated chunks. We close this gap with
few-step distillation on the model’s own rollouts, initialized from teacher-forcing SFT and following
the on-policy design of Self Forcing [41] and the rollout–replay formulation of Self-Gradient Forc-
ing [120]. We generate chunks autoregressively with a few-step denoising schedule and a bounded
key/value cache of𝑀 latent frames, whose first 𝑆 latent frames form a permanent prefix and whose
remainder holds the most recent history, and commit each predicted clean chunk to the cache before
proceeding to the next one. The rollout states are then detached and replayed in a differentiable
teacher-forcing pass whose attention visibility and rotary positions match those of the inference
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cache (Sec. 4.4.1), which allows gradients to reach the generator without backpropagating through
the entire denoising rollout.
For the generator update, a frozen real score model, namely the bidirectional model of Sec. 4.3.1,
and a learned fake score model evaluate noisy versions of the replayed samples, following the score-
difference construction of distribution matching distillation [105]. The normalized difference be-
tween their predictions of the clean latent, 𝑔 ∝ ̂𝑧fake0 − ̂𝑧real0 , supplies the update direction for the
generated latent 𝑧gen, and the generator minimizes the stop-gradient objective

ℒSGF =
1
2 𝑧gen − stopgrad(𝑧gen − 𝑔)

2
2
, (9)

whose gradient with respect to 𝑧gen equals 𝑔, while the fake score model is trained on generated
samples with the same flow-matching loss. Both updates exclude the conditioned first frame.

4.4 Real-Time Inference

To support real-time interaction with programs such as the agent-built games, we build a serving
system that comprises four stages—player interaction, program simulation, generative rendering,
and video streaming—and requires no additional training. Sec. 4.4.1 describes the inference-time
adaptations of the generator and the serving optimizations we adopt, and Sec. 4.4.2 presents the
module pipeline that couples the four stages, as illustrated in Fig. 4.

4.4.1 Autoregressive StreamingGeneration

At inference, EdenLive generates the latent stream in chunks of 𝐿 latent frames and, as in training,
attends to a bounded cache of 𝑀 latent frames, of which the first 𝑆 form a permanent attention
sink [94] and the rest a rolling window. Each chunk is sampled in four denoising steps without
classifier-free guidance, so that only the conditional branch and a single key/value cache are re-
quired. We make three inference-time adaptations to this procedure.

RoPE repositioning. Under a 3D rotary embedding [83], attention logits depend on the temporal
offset between query and key; since sink keys keep their original indices while queries advance with
the stream, this offset soon exceeds the range seen in training. We instead index frames by cache
slot: keys are cached without rotation, and queries and keys are rotated at attention time according
to their current slots. Once the cache is full, the temporal indices of the cached frames, from oldest
to newest, are fixed to

 0,… , 𝑆−1
sink

, 𝑆,… ,𝑀−𝐿−1
window history

, 𝑀−𝐿,… ,𝑀−1
current chunk

, (10)

so that query–key offsets remain within the training range throughout the session.

Lightweight decoding. To reduce per-chunk decoding latency, we replace the native VAE decoder
with the lightweight LightTAE decoder of LightX2V [61], which shares the compression ratios of the
corresponding backbone and can therefore decode the same latents.

Event-driven text conditioning. In our game instantiation, the program emits a short sentence
for each salient gameplay event, such as a landed hit, and the text condition of a chunk appends
the recent event sentences to the static scene prompt. The updated embeddings replace only the
cross-attention key/value cache, leaving the self-attention history intact.
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timeline

Player input
listened between frames

Program simulation
capture + visual encoding

Event sentences
collected per chunk

Generation
text → four steps → decode

Playback
streamed to the client

an input arrives

simulate chunk k simulate chunk k+1 simulate chunk k+2

prompt k+1 prompt k+2 prompt k+3

re-encode generate chunk k−1 decode re-encode generate chunk k decode re-encode generate chunk k+1 decode

play chunk k−2 play chunk k

input-to-display delay ≈ two chunk durations

response

play chunk k−1

Figure 4 Module pipeline over three consecutive chunks. Time flows left to right, and each column spans
one chunk duration in steady state. Simulation and proxy rasterization of chunk 𝑘 overlap the generation of
chunk 𝑘−1 (one-chunk lookahead), and each captured proxy frame (green squares) is visually encoded as it is
rendered. The generation row is serial: text re-encoding (only when the composed prompt has changed), four
denoising steps, and decoding. The red marker denotes a player input that arrives during the generation of
chunk 𝑘−1.

Serving optimizations. Following OmniDreams [10], we build the inference system upon Flash-
Dreams [26], and compile the transformer and the decoder with torch.compile [5]. At the start
of a session, the generator warms up until the key/value cache reaches its full 𝑀 frames; since the
key/value tensors are pre-allocated at full size, the attended length and hence all tensor shapes
remain fixed from then on, and we capture the transformer step once as a CUDA graph and replay
it for every subsequent chunk. In the multi-GPU setting, we additionally shard the token sequence
of the diffusion transformer with Ulysses-style sequence parallelism [45].

4.4.2 Module Pipeline

Real-time interaction requires the program, the encoders, and the generator to sustain a common
frame rate, and a player action to appear in the displayed video as early as the causal generator
permits. Rather than executing the stages sequentially, which adds the time of every stage to each
chunk, we pipeline them with a one-chunk lookahead (Fig. 4) that hides simulation and encoding
behind generation and thus raises throughput.

Player interaction andprogramsimulation. The program owns the game logic and the world state
and advances at a fixed simulation step that is independent of the generator. For visual encoding,
we capture one proxy frame per latent frame, namely the last frame of each group of four, which
matches the 4× temporal compression of the video VAE.

Generative rendering and streaming. Before the generator starts chunk 𝑘−1, a dedicated worker
begins simulating and rendering chunk 𝑘 concurrently with the denoising of chunk 𝑘−1, and the
visual encoding of chunk 𝑘 is chained to that rendering on a separate GPU stream, so that its features
are ready when chunk 𝑘 is denoised; only the opening chunk exposes rendering and encoding on the
critical path. To keep simulation and generation on a common clock, we stretch the rendering time
of chunk 𝑘 to 𝜏render

𝑘 = max⒧𝜏gen
𝑘−1, 𝑛𝑘/𝑓pre⒭, where 𝜏gen

𝑘−1 is the wall time of the preceding generation,
𝑛𝑘 is the number of frames in the chunk, and 𝑓pre is the upper bound on the presentation rate, so
that the program state never advances ahead of the generated video. The text condition of chunk
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𝑘, in contrast, is complete only once its simulation has finished. Since text encoding and LightTAE
decoding are inexpensive relative to denoising, we keep both on the critical path: the generator
produces chunk 𝑘 from the 𝐿 encoded reference frames, the text cache, and the self-attention history,
and the decoded frames are streamed to the client over WebRTC, which also carries keyboard and
mouse events back.

Response delay and chunk size. Under this schedule, an input that arrives during the generation
of chunk 𝑘−1 enters the simulation of chunk 𝑘 and becomes visible only once chunk 𝑘 has been
generated, decoded, and played back; in steady state, the input-to-display delay is therefore about
two chunk durations plus transmission and scales with the chunk length 𝐿. A shorter chunk reduces
this delay, but a rollout of fixed duration then involves more autoregressive steps and is more prone
to drift, and each step denoises fewer tokens, which lowers GPU parallelism and the achievable
frame rate. We use 𝐿 = 3 latent frames to trade off the response delay against these costs.

5 Experiments
We evaluate EdenLive through short- and long-horizon video generation, runtime measurements,
and encoder fine-tuning ablations.

5.1 Evaluation Setup

Evaluation dataset. Our evaluation set spans diverse scenes, subject motions, camera movements,
and interactions, including video restyling scenarios. The short- and long-horizon evaluations tar-
get five- and thirty-second videos, respectively. Each sample provides a reference video, a target
first frame, and text conditions. The reference conveys scene layout, camera motion, and coarse
dynamics, while the target first frame specifies the desired subject appearance and visual style.

Baselines and generation settings. The short-horizon baselines are C2R [30], CWM [20], depth-
conditioned Wan2.1-VACE-14B (VACE) [49, 85], LTX-2.5 22B with the Layout-to-Render IC-LoRA
(LTX 2.5) [33, 40, 60], Seedance 2.0 [80], andMiniMax H3 [71].We compare themwith the bidirec-
tional 5B and 14B configurations of EdenLive. The long-horizon comparison evaluates autoregres-
sive methods, including AgentGarten [21], StreamCWM [59], and the 5B and 14B configurations
of EdenLive. Each method uses its supported conditioning interface.
For VACE, we provide depth estimated by DA3 [63] from the reference video, the target first frame
as a reference image, and the text prompt. To adapt StreamCWM to our reference inputs, we use
OneFormer [46] semantic predictions and ViPE–DA3 [38, 63] depth estimates, while keeping the
generator weights unchanged.
Short-horizon comparisons use a static prompt. For long-horizon generation, EdenLive combines a
static prompt with dynamic prompts associated with temporal intervals, whereas AgentGarten and
StreamCWM use a static prompt.

Evaluationmetrics. We evaluate reference control, first-frame consistency, text alignment, tempo-
ral consistency, and visual quality using the metrics below.

Reference control. Reference-DINO Patch averages cosine similarities between corresponding spa-
tial tokens, using the same frozen, fine-tuned DINOv3-L/16 encoder [81] and projection for all meth-
ods. We also independently estimate reference and generated camera trajectories with DA3 [63],
expressing each relative to its initial pose. Camera Rotation Error is the mean angular difference



EdenLive: Real-TimeGenerative Rendering 15

in degrees; Camera Translation Error is the mean positional distance after least-squares scale align-
ment, in the reference reconstruction scale. Both feature and trajectory comparisons align clips at
normalized temporal positions.

First-frame consistency. I2V Subject and I2V Background measure preservation of the target first
frame using VBench++ [44].

Text alignment. VQAScore [64] measures video–text semantic alignment using the Qwen2.5-VL-
3B [8] video backend.

Temporal consistency. For long videos, we use VBL Subject [44] with semantic scene splitting
disabled, and Helios Aesthetic Drift [107], which compares aesthetic quality over the first and last
15% of frames.

Visual quality. DOVER-Technical [93] measures technical quality, applying the official standard-
ization and sigmoid mapping to 0–100 per video before averaging. We use VBL Aesthetic for long
videos [44].

VLM-based pairwise evaluation. We additionally use Gemini-3.8-Flash to assess a 45-case subset
of the long-horizon evaluation set. The judge receives the target first frame, text conditions, and
reference and candidate frame sequences sampled synchronously at 2 fps. It independently eval-
uates reference control, first-frame consistency, physical plausibility, visual quality, and reference-
appearance leakage, following the core instructions in Fig. 5. We evaluate every model pair in both
presentation orders, average the order-swapped preferences, and fit a Bradley–Terry model sepa-
rately for each dimension to obtain Elo ratings. Higher ratings indicate stronger preference; for
Leakage Avoidance, they indicate less reference-appearance leakage.

COMMON INSTRUCTIONS

Judge one dimension at a time. Compare anonymous candidates A and B using the same reference

anchors and timestamps. The reference video specifies motion and events; the target first frame

specifies appearance. Respect the intended style specified by the text. Inspect early, middle, and late

frames using only supplied evidence; allow ties.

Reference
control

Match camera
motion, subject
paths, interaction
targets, event
order, and timing to
the reference,
including late
events. Do not
reward appearance
similarity or more
motion.

First-frame
consistency

Track visible
identity, design,
materials, and style
from the target first
frame throughout
the video. Allow
normal changes in
viewpoint, pose,
lighting, and
temporary
occlusion.

Physical
plausibility

Check shape,
motion, support,
contact, occlusion,
and cause and
effect across
nearby frames.
Judge visible
contradictions
within the intended
physical or fictional
setting.

Visual
quality

Compare clarity,
detail, surface
rendering,
exposure, and
texture stability
throughout the
video. Respect the
intended style; do
not score task
completion or favor
photorealism.

Appearance
leakage

Identify visible
source-like
appearance that
conflicts with the
target first frame.
Poor rendering
alone is not
leakage; limited
visibility does not
establish its
absence.

Figure 5 Core evaluation instructions. Condensed shared and dimension-specific instructions used by
Gemini-3.8-Flash for pairwise assessment. Each comparison evaluates one dimension independently.
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Target first frame

Prompt
An underwater 

perspective faces 

forward along a 

stone-tile path on a 

sandy sea floor. In the 
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directional sign and a 
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atop a stone pedestal. 
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contains scattered 

obstacles, gates, and 
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underwater expanse.
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Figure 6 Short-horizon qualitative comparison: ice platform (top) and underwater path (bottom). Each panel
shows the target first frame, prompt, and temporally aligned proxy and model outputs. EdenLive 5B and 14B
occupy the bottom two rows.
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5.2 Short-HorizonVideoGeneration

Fig. 6 illustrates how EdenLive combines reference structure with target appearance. In the ice-
platform scene, the model preserves the lava cavern and weapon appearance shown in the target
first frame, while rendering the simplified ice platforms in the proxy with ice and snow textures. In
the underwater-path scene, both configurations retain the main appearance of the stone-tile path,
wooden crates, and underwater environment, while depicting spatial relationships corresponding
to changes in the reference viewpoint.

5.3 Long-HorizonVideoGeneration

Quantitative results. Tab. 1 compares long-horizon generation across five evaluation dimensions,
complemented by VLM-based pairwise assessment. EdenLive 14B achieves the lowest camera rota-
tion error and the highest I2V Subject, I2V Background, VQAScore, and VBL Subject scores, together
with the lowest aesthetic drift, among the compared methods. It also obtains the second-lowest cam-
era translation error and the second-highest Reference-DINO Patch score. These results support
strong reference control, target-appearance preservation, text alignment, and temporal consistency
over long rollouts. EdenLive 5B achieves the highest DOVER-Technical score and the second-highest
VBL Aesthetic score, demonstrating strong visual quality. In the pairwise assessment, EdenLive 14B
and 5B obtain the highest and second-highest Elo ratings, respectively, in all five judged dimensions.

Table 1 Long-horizon quantitative comparison. AgentGarten, StreamCWM, and the autoregressive 5B and
14B configurations of EdenLive are evaluated across five dimensions, complemented by VLM-based pairwise
assessment.

Dimension Metric AgentGarten StreamCWM EdenLive 5B EdenLive 14B

Reference
control

Camera Rotation Error (∘) ↓ 12.23988 19.25996 12.71493 11.60634
Camera Translation Error ↓ 0.15169 0.23013 0.20645 0.18507
Reference-DINO Patch ↑ 0.93466 0.86020 0.90893 0.93038

First-frame
consistency

I2V Subject ↑ 0.93756 0.91277 0.93950 0.94649
I2V Background ↑ 0.94899 0.93066 0.95575 0.95691

Text alignment VQAScore ↑ 0.78072 0.78125 0.79790 0.80361
Temporal
consistency

VBL Subject ↑ 0.95899 0.96008 0.96199 0.96404
Aesthetic Drift ↓ 0.04859 0.05477 0.04311 0.04186

Visual
quality

DOVER-Technical ↑ 9.80891 9.05039 9.93847 9.42643
VBL Aesthetic ↑ 0.55307 0.58448 0.58085 0.55882

VLM-based Pairwise Evaluation

VLM judge
(Elo ↑)

Reference Control 1495.30 1226.85 1573.50 1704.35
First-Frame Consistency 1442.02 1299.00 1560.64 1698.34
Physical Plausibility 1471.42 1268.76 1545.62 1714.20
Visual Quality 1481.20 1226.68 1579.45 1712.67
Leakage Avoidance 1464.04 1500.99 1509.71 1525.26

↑/↓ indicate higher/lower is better. Bold and underlined values indicate the best and second-best results, respectively.
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Fig. 7 compares long-horizon generation results. In the megalithic-destruction scene, EdenLive de-
picts flames and building debris around the subject. In the armored-warrior scene, both EdenLive
configurations generate a cyan energy shield, and the 5B model additionally depicts thruster flames.
These examples illustrate EdenLive’s ability to render local interaction details while preserving the
appearance of the subject and scene over long rollouts.

Target first frame

Static prompt
Cinematic photorealism. 
Across an expansive 
prehistoric grassland veiled 
in soft morning mist, rows of 
towering primitive 
megalithic structures and 
weathered sandstone pillars 
line ancient dirt avenues. 
Godzilla, a massive apex 
reptilian titan with dark, 
craggy keratin scales, 
jagged ivory-tipped dorsal 
plates, and a powerful 
sweeping tail, tramples 
across the rugged terrain. 
Sunlight filters through 
dense atmospheric haze, 
casting soft volumetric rays 
and realistic deep shadows 
across the crushed grass 
and stone surfaces. The 
environment features 
realistic soil textures, wild 
savanna vegetation, 
fractured bedrock, and 
gritty stone masonry.

Dynamic prompts

Godzilla strides 
forward with heavy, 
earth-shaking 
footsteps along the 
dirt path between the 
primitive megalithic 
towers.

Godzilla stomps over 
the smoking fractured 
stone debris and 
continues advancing 
determinedly down the 
open grassland 
avenue.

Godzilla spews an 
incandescent torrent of 
flame onto another 
primitive stone tower 
on its right, melting the 
masonry and 
collapsing it into ruins.

Godzilla plows straight 
through a megalithic 
building ahead with its 
massive chest and 
shoulders, demolishing 
the structure into 
scattering boulders.

Godzilla unleashes 
another burst of 
scorching fire against 
an adjacent sandstone 
tower, blasting it into 
flaming fragments and 
crumbling masonry.

Godzilla barrels 
forward across the 
scattered rubble, 
smashing through 
another megalithic 
tower as fragments of 
stone cascade across 
the grassland.
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Target first frame

Static prompt
Cinematic photorealism 
captures an urban combat 
engagement along a sun-
drenched European avenue. 
Flanking the street are 
detailed pastel-toned 
stucco buildings with 
arched windows and stone 
cornices, framed beneath a 
pale blue sky with a distant 
clock tower spire. Industrial 
storage containers rest 
along curbs. Standing in the 
road is a massive crusade 
warrior clad in heavy, 
scratched steel power 
armor with intricate 
hydraulic joints, a cyan 
power core on the back, 
and a colossal mechanical 
warhammer. Arrayed down 
the asphalt are red-plated 
omnic combat training 
robots with glowing visor 
slits. Hard daytime sunlight 
casts long, crisp ground 
shadows across the 
asphalt.

Dynamic prompts

— The warrior strides 
forward with heavy 
mechanical steps, 
raising the massive 
hammer and smashing 
the second omnic into 
the pavement with a 
powerful sweeping 
blow.

The warrior deploys a 
wide, translucent cyan 
energy shield with 
subtle honeycomb 
patterns directly 
ahead, standing 
defensive while fallen 
omnic chassis lie 
smoking on the 
asphalt.

Dropping the shield, 
the warrior s rear '

booster ignites with 
roaring orange flame 
and jet exhaust, 
rocketing rapidly down 
the street and 
ramming into the third 
omnic.

The charging impact 
violently hurls the third 
omnic to the right 
against a steel crate, 
where it crashes onto 
the ground as the 
warrior skids to a halt.

With the rocket 
thruster cooling, the 
warrior swings the 
warhammer 
downward, striking the 
final omnic robot as it 
collapses face-down 
onto the street.
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Figure 7 Long-horizon qualitative comparison: megalithic destruction (top) and armored warrior (bottom).
Each panel shows the target first frame and static prompt on the left, with dynamic prompts above temporally
aligned proxy and model outputs. EdenLive 5B and 14B occupy the bottom two rows.
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5.4 RuntimePerformance

Measurement protocol. We evaluate the optimized inference system described in Sec. 4.4 on
NVIDIA H100 GPUs, and compare it with AgentGarten [21], StreamRender-H3 [55, 68], and
StreamCWM [59]. All methods use the same approximately thirty-second offline proxy inputs and
random seed. After warmup, we time each request from model-side condition processing until all
generated RGB frames are available in CPU memory. This includes condition encoding, generation,
decoding, and host transfer; proxy rendering, offline preprocessing, video-file encoding, and
network transmission are outside the timed interval. Inference throughput is FPS = 𝑁/𝑇 , where 𝑁
is the total number of newly generated frames across timed requests and 𝑇 is their total elapsed
time in seconds.
Table 2 Inference throughput on NVIDIA H100 GPUs after warmup.

Method Resolution
H100
GPUs

Latent frames
per chunk

Inference
throughput (FPS)

EdenLive 5B 832 × 480 1 3 73.52
EdenLive 5B 1280 × 704 1 3 29.80
EdenLive 14B 832 × 480 8 3 26.76
AgentGarten 832 × 480 1 4 36.14
StreamRender-H3 1344 × 768 8 9 → 3/2 2.56
StreamCWM 1344 × 768 7 + 1 5 1.69
9 → 3/2: nine latent frames initially, then alternating chunks of three and two. 7 + 1: seven sampling GPUs and one
conditioning/codec GPU. Baseline geometry and semantic maps are precomputed; EdenLive’s reference encoding is timed.
EdenLive and AgentGarten use fast streaming decoding; StreamCWM uses full-video decoding and CPU offload, with
transfers included in timing.

Inference throughput. Tab. 2 summarizes the measured configurations. On a single H100, Eden-
Live 5B achieves 73.52 FPS at 832×480 and 29.80 FPS at 1280×704. EdenLive 14B achieves 26.76
FPS at 832 × 480 on eight H100s. All three configurations exceed 24 FPS in model-side inference
throughput. With further optimization, the 5B model additionally supports real-time inference on
a single consumer GPU, the NVIDIA RTX 5090.
Latency and memory. Tab. 3 reports EdenLive’s runtime diagnostics. Generation throughput ex-
cludes condition processing. First-frame/chunk latency measures the time from request start until
the first frame/complete chunk is available in CPU memory; inter-chunk gap P95 measures the 95th
percentile of intervals between successive chunk completions. The real-time factor (RTF) is request
time divided by playback duration. Memory figures report peak allocated and reserved memory per
GPU.
Table 3 Warm latency, throughput, and memory usage of EdenLive. All configurations use three latent
frames per chunk, four sampling steps, and LightTAE decoding.

Metric
5B (1 H100)
832 × 480

5B (1 H100)
1280 × 704

14B (8 H100s)
832 × 480

Generation throughput (FPS) 80.68 31.04 28.81
Inference throughput (FPS) 73.52 29.80 26.76
First-frame latency (ms) 826.36 1161.79 1714.00
First-chunk latency (ms) 826.38 1161.81 1714.02
Inter-chunk gap P95 (ms) 148.24 391.54 429.90
RTF 0.2172 0.5359 0.5966
Peak allocated (GiB) 28.53 36.78 50.83
Peak reserved (GiB) 29.34 38.94 60.67
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5.5 Effect of Encoder Fine-Tuning

Encoder transfer to image generation. We train two matched FLUX.2 Klein Base 9B [12] genera-
tors on the same dataset of unpaired images, using features from either the original DINOv3 encoder
(Pretrained) or the fine-tuned encoder (Fine-tuned); both encoders remain frozen. We evaluate the
models on coarse–fine image pairs collected from separate sources. Coarse inputs test cross-domain
transfer, while fine inputs provide a reconstruction control. Tab. 4 reports DreamSim [27] distance
to the paired fine image and CLIP-T cosine similarity using CLIP ViT-L/14 [76].

Table 4 Image encoder ablation on held-out pairs. Coarse conditioning tests cross-domain transfer; fine
conditioning measures reconstruction. Both generators keep their conditioning encoders frozen.

Coarse input Fine input
Frozen encoder DreamSim ↓ CLIP-T ↑ DreamSim ↓ CLIP-T ↑
Pretrained 0.5134 0.2214 0.1049 0.2976
Fine-tuned 0.3675 0.3061 0.3344 0.3091

With coarse conditioning, encoder fine-tuning reduces DreamSim distance from 0.5134 to 0.3675
and increases CLIP-T from 0.2214 to 0.3061. Fig. 8 illustrates this transfer across object close-ups,
stylized landscapes, and street scenes. With fine conditioning, DreamSim distance increases from
0.1049 to 0.3344, consistent with the intended suppression of source-appearance information in
the conditioning features.

Input Pretrained Input PretrainedFine-tuned Fine-tuned

Figure 8 Image generation from coarse inputs: input, Pretrained output, and Fine-tuned output (left to right),
using the same prompt and seed.

Effectonvideogeneration. We compare two 5B configurations conditioned on Pretrained and Fine-
tuned DINOv3 features, using the same sampling settings. Fig. 9 illustrates structural fidelity under
coarse reference conditioning. In the collapsing-temple example, Pretrained omits the stone obstacle
appearing in the proxy, whereas Fine-tuned retains an obstacle in front of the character. In the melee
example, Pretrained produces intertwined limb and equipment structures where the characters
meet; Fine-tuned maintains more distinct character silhouettes in the same region.
We also compare Pretrained and Fine-tuned in fine-to-fine style transfer, using a photorealistic
source video for motion conditioning and a stylized target first frame with a text prompt to spec-
ify appearance. Fig. 10 illustrates source-appearance leakage and style drift in Pretrained: the oil-
painted wall develops dark, mixed textures, while the pixel-art walkway loses its paving pattern and
approaches the smooth surface of the source video. Fine-tuned better preserves the target painting
and pixel-art appearance in these examples.
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Target first frame

Prompt
A camera looks down a long stone
corridor lined with rows of towering
pillars on either side. In the lower
midground, a man wearing a
backpack stands facing forward
along the tiled stone pathway, looking
toward a misty, brightly lit opening at
the far end of the hall. Soft daylight
casts subtle shadows across the
textured floor.
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Target first frame

Prompt
A soldier in dark tactical gear and a
helmet stands in the center
foreground, facing away across a
spacious circular stone arena. In the
midground, a large stone pillar rises
beside the soldier, while two other
armed guards stand spaced apart on
the left and right. Tiered seating and
tall stone arches line the background
perimeter under bright overhead
spotlights.
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Figure 9 Structural fidelity with different conditioning encoders on the collapsing-temple (upper) and
third-person melee (lower) examples. Each example shows the target first frame and prompt on the left,
followed by sampled frames from the proxy, Pretrained, and Fine-tuned (top to bottom). The rightmost column
enlarges the highlighted region of the final sampled frame.

Target first frame

Prompt
Van Gogh post-impressionist oil painting of an
elevated rampart stone walkway. On the right, a
heavy parapet is constructed with rhythmic strokes
of ochre, moss green, and slate grey. On the left, a
rhythmic white picket railing borders a sloping
vibrant green grass embankment. Beyond, a
grandiose brick building glows with fiery terracotta
and vermilion hues beneath a turbulent, swirling
sky of cobalt, turquoise, and creamy white impasto
clouds. Two dark figures rendered in expressive
dark pigments walk the path. The light is diffused
yet vibrantly colored with rhythmic brush marks
across every surface. The camera steadily tracks
backward along the painted stone walkway as the
two textured figures stroll forward toward the
viewer amid swirling brushstroke atmosphere.
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Target first frame

Prompt
Vibrant 16-bit pixel art style of a scenic
canyon rim trail. A smoothly stepped
pixelated asphalt pathway curves ahead,
edged by textured pixel stone blocks and arid
dirt. To the left, stylized gnarly pine trees with
clustered square-leaf foliage cast dithered
pixel shadows. To the right, a sheer drop-off
reveals layered red and ochre pixel canyon
cliffs under a brilliant blue sky with fluffy,
pixelated white clouds. Bright retro game
lighting with high contrast pixel dithering
creates a nostalgic, sun-drenched
atmosphere. The camera moves forward
smoothly down the pixel art path, gliding past
blocky pine trees and stone borders.
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Figure 10 Fine-to-fine style transfer with different conditioning encoders.

6 Applications
We demonstrate EdenLive in interactive gaming, appearance exploration for scenes and animations,
video re-rendering and stylization, and embodied data augmentation.

6.1 Real-TimePreviews of Agent-Built Games

EdenLive delegates the evolution of the world state to an upstream program and only synthesizes
the visuals, and playable graybox games provide a natural testbed for this design: their programs
maintain explicit game state, while their coarse geometry allows coding agents to build them rapidly
without detailed assets or rendering effects and still yields a reference stream suitable for condition-
ing. We first introduce Graybox Agent, which converts natural-language gameplay descriptions into
playable 3D graybox games, and then demonstrate real-time interactive rendering and appearance
control through the target first frame.
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Asset library
reused only when imported by the running page

Gameplay prompt
free-form idea

Intake
brief + scope

Static scene
complete composition

Interactive
behavior
playable loop

Interface +
acceptance
final UI, full replay

Standalone
prototype
runs anywhere

tool checks
+ bound review

repair

tool checks
+ bound review

repair

tool checks
+ bound review

repair

tool checks
+ bound review

repair

State + evidence store
tool-produced results, review bound to evidence hashes

Figure 11 Overview of Graybox Agent. Four stages progressively turn a gameplay description into a
standalone, playable graybox game. Each stage must pass tool checks and a bound review before the next
begins, with failed checks triggering repair within that stage; all results are recorded in a shared evidence store.

GrayboxAgent. Graybox Agent guides a coding agent to turn a natural-language gameplay descrip-
tion into a standalone, playable 3D graybox game (Fig. 11). It creates the upstream program that
responds to player input and supplies visual references to EdenLive. Using stage-specific instructions
and reusable graybox assets, the agent progressively builds the same game through four stages:

– Intake defines what the game should do: its mechanics, key parameters, win/loss conditions,
and scene theme.

– Static scene builds a viewable graybox scene containing the environment, characters, and inter-
active objects.

– Interactive behavior combines controls, collisions, progression, and win/loss logic into a
playable game.

– Interface and acceptance adds the player-facing interface and verifies complete playthroughs,
win/loss outcomes, restarting, and standalone execution.

Three design choices make this pipeline reliable. First, to ensure that completion is demonstrated
rather than asserted, each stage must pass checks appropriate to its output before the next begins:
interactive behavior is checked by running the game with real input and observing the resulting
state, and the final stage checks the complete game as a whole. Second, to avoid unbounded repair
loops and silent simplification of the request, failed checks trigger repairs within a fixed budget,
and missing assets are replaced with simple primitives while the requested gameplay is preserved.
Third, to generalize beyond familiar genres, we compose behavior from reusable capabilities such
as locomotion, aiming, and timing rather than from genre labels, so that different combinations of
mechanics share the same components.

Integration with EdenLive. The resulting games have coarse visuals but complete game logic
(Fig. 12): during play, the game program handles movement, collisions, and win/loss decisions.
To connect a game to EdenLive, we supply its rendered graybox frames and short descriptions of
gameplay events as the visual and text conditions of each chunk, from which, together with the
target first frame, EdenLive generates the displayed video. Fig. 13 shows the workflow from game
creation and first-frame generation to live preview.
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Figure 12 Games built by Graybox Agent. Playable graybox games generated from natural-language
descriptions, spanning puzzle, shooting, driving, adventure, arena, and fighting mechanics.

Figure 13 Interactive game workbench. From a gameplay description to a playable graybox,
target-first-frame preparation, and real-time interactive rendering.

Interactive previews with explicit game state. Fig. 14 shows three interactive games built in this
way, namely a street fight, a Sokoban-style puzzle, and a city-destruction game. Since the game
state is maintained by the program rather than inferred from pixels, interaction outcomes strictly
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follow the game rules: in the street fight, a kick lowers the opponent’s health from 100 to 83 only
once the program registers the hit; in the puzzle, each push moves the crate exactly one tile and
advances the move and push counters; and in the city-destruction game, a building collapses under
the fire breath, which advances the destruction counter from 0 to 1 out of 10. Interface elements
such as health bars, move counters, and destruction counters are rendered directly from the game
state and overlaid on the generated video, and therefore remain exact and legible.

Figure 14 Real-time previews of agent-built games. Each row shows three moments, from left to right, of
one game during interactive play. The full frame is generated by EdenLive, the inset shows the graybox frame
rendered by the game program, and the highlighted keys indicate the current player input. Top to bottom: a
street fight, a Sokoban-style puzzle, and a city-destruction game.

Appearance control via the target first frame. A single game can be rendered in different visual
styles without changing its code (Fig. 15). The target first frame defines the desired appearance
while preserving the spatial layout of the initial reference frame.
In summary, these applications render games in real time and vary their appearance without modify-
ing the game program. The following subsections extend the same interface to applications beyond
games.

6.2 Appearance Exploration for Scenes andAnimations

EdenLive supports exploration of different visual appearances for the same scene or animation.
References can come from agent-built blockouts, artist-authored coarse animations, or normal-map
videos rendered from detailed geometry (Fig. 16). These inputs provide scene structure and motion,
while the target first frame and text prompt specify the desired appearance. Keeping the reference
fixed allows users to explorematerials, lighting, and color palettes withoutmodifying the underlying
scene or animation.
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Figure 15 Games under different target appearances. Each row shows the initial reference frame (left) and
generated frames at matching times under two appearance conditions (middle and right), using the same
reference video. Game inputs in the second and third rows come from SUNBREAK by Imirushik and Fishslop by
vasu-devs, respectively.

6.3 Video Re-rendering and Stylization

EdenLive can re-render recorded videos or live camera streams without requiring a scene graph or
corresponding 3D assets (Fig. 16). The target first frame and text prompt specify a new appearance,
such as cartoon or pixel art, while the reference video supplies the underlying actions and camera
motion.

6.4 EmbodiedData Augmentation

EdenLive supports visual data augmentation for embodied tasks by varying the appearance of an
interaction while retaining its motion and scene layout (Fig. 16). For human egocentric videos, the
target first frame and text prompt can specify a robot gripper in place of the human hand [47], a
differentmanipulated object, or changes to object color andmaterial. These transformations provide
visual variants of an existing demonstration without requiring the interaction to be recorded again.

7 Limitations and FutureWork
EdenLive leaves the mapping between reference objects and their intended identities implicit; ex-
plicit object associations could improve control over which entity each proxy represents. Its bounded
temporal cache also lacks a dedicated memory for fine appearance details, motivating retrieval of
object- or scene-specific visual evidence after extended occlusion or scene revisiting. Finally, the
encoder provides a single learned representation without explicit control over which levels of refer-
ence detail to preserve. Learning multi-level coarse–fine features could allow users to adjust control
strength and granularity, balancing reference fidelity with freedom for visual refinement.

https://github.com/Imirushik/sunbreak-downhill-3D-game
https://github.com/vasu-devs/FishSlop_Opus5.5
https://github.com/vasu-devs/FishSlop_Opus5.5
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Scene and Animation Rendering

Video Re-rendering and Stylization

Embodied Data Augmentation

Figure 16 Application gallery. Each group pairs a reference stream with its generated output for scene and
animation rendering, video re-rendering and stylization, or embodied data augmentation.
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8 Conclusion
We have presented EdenLive, a real-time generative renderer that treats the reference video as the
interface between an interactive program and neural visual synthesis: the upstream program ex-
ecutes the rules and maintains the world state, whereas EdenLive renders the resulting reference
video, guided by a target first frame and a text prompt, into detailed frames. A fine-tuned vision
encoder that maps heterogeneous references into a shared feature space, together with a distilled
chunkwise autoregressive generator served in a pipelined system, makes this division practical un-
der real-time constraints. Through their visual references, diverse upstream sources, ranging from
graybox game engines to camera recordings, can drive the same renderer, so that a single interface
supports agent-built game previews, appearance exploration, video re-rendering, and embodied
data augmentation without application-specific designs. We hope that this work encourages viewing
the visual reference as a general interface to generative rendering, through which existing engines,
tools, and recordings can be connected to neural renderers, and that decoupling state from render-
ing offers a practical path toward interactive worlds whose logic remains exact and inspectable in
code while their appearance is synthesized by generative models.
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