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Figure 1: Prior motion-controlled video diffusion models typically operate offline to generate
fixed-length sequences in parallel (top left). In contrast, our MotionStream enables streaming
long-video generation from a single image with track control at interactive speed (bottom left).
MotionStream can be applied to a variety of online downstream applications, such as real-time
motion transfer, user drag operations, and 3D camera control (right).

ABSTRACT

Current motion-conditioned video generation methods suffer from prohibitive la-
tency (minutes per video) and non-causal processing that prevents real-time inter-
action. We present MotionStream, enabling sub-second latency with up to 29
FPS streaming generation on a single GPU. Our approach begins by augmenting a
text-to-video model with motion control, which generates high-quality videos that
adhere to the global text prompt and local motion guidance, but does not perform
inference on the fly. As such, we distill this bidirectional teacher into a causal stu-
dent through Self Forcing with Distribution Matching Distillation, enabling real-
time streaming inference. Several key challenges arise when generating videos of
long, potentially infinite time-horizons – (1) bridging the domain gap from train-
ing on finite length and extrapolating to infinite horizons, (2) sustaining high qual-
ity by preventing error accumulation, and (3) maintaining fast inference, without
incurring growth in computational cost due to increasing context windows. A key
to our approach is introducing carefully designed sliding-window causal atten-
tion, combined with attention sinks. By incorporating self-rollout with attention
sinks and KV cache rolling during training, we properly simulate inference-time
extrapolations with a fixed context window, enabling constant-speed generation
of arbitrarily long videos. Our models achieve state-of-the-art results in motion
following and video quality while being two orders of magnitude faster, uniquely
enabling infinite-length streaming. With MotionStream, users can paint tra-
jectories, control cameras, or transfer motion, and see results unfold in real-time,
delivering a truly interactive experience.

∗Work done during internship at Adobe Research
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1 INTRODUCTION

The ultimate goal of motion-controlled video synthesis is to give creators the power of a director's
chair, allowing them to intuitively guide digital actors, objects, and cameras in real time. Although
recent video diffusion models have made impressive strides toward this goal (Wang et al., 2024b;
Geng et al., 2025; Burgert et al., 2025; Zhang et al., 2025b; Li et al., 2025b; 2024a; Niu et al., 2024;
Shi et al., 2024a; Zhou et al., 2025a; Lei et al., 2025), generating high-�delity videos following
user-speci�ed motion trajectories, the experience remains far from interactive.

The promise of interactive control is currently hindered by several fundamental constraints. First,
generation is too slow for interaction. For example, synthesizing a 5-second video clip with Mo-
tion Prompting (Geng et al., 2025) takes 12 minutes, trapping users in frustrating “render-and-wait”
cycles. Second, the process is inherently non-causal, since diffusion models process the entire se-
quence in parallel with bidirectional attention. A user cannot see any partial results until the entire
motion speci�cation is complete. Finally, the inability to generate more than a few seconds of
video severely limits the scope for any meaningful or extended creative expression. Together, these
constraints (slow, non-causal, and short-duration generation) undermine the potential for a truly
interactive creative experience.

To overcome these challenges, we introduce MotionStream, a method designed speci�cally for
an interactive creative experience. Unlike conventional diffusion models that operate on the entire
video sequence in parallel, MotionStream is an autoregressive model that synthesizes video in a
streaming manner, reacting to user-drawn motion trajectories on-the-�y.

Our approach starts with a motion-controlled teacher model that uses lightweight sinusoidal embed-
dings with channel-wise concatenation for trajectory conditioning, avoiding the computational over-
head of ControlNet-style (Zhang et al., 2023) architectures. Trained on both text and motion condi-
tions, we introduce joint text-motion guidance that balances precise trajectory adherence with natural
secondary motions enabled by text prompts. We then distill this teacher into a causal student through
Self Forcing-style self-rollout (Huang et al., 2025b). While effective for short sequences, standard
approaches drift during extended generation. Our analysis of attention patterns reveals persistent fo-
cus on initial frames alongside local temporal dependencies, similar to StreamingLLM (Xiao et al.,
2023). This insight drives our attention sinking mechanism with rolling KV caches, which we incor-
porate directly into training to properly simulate inference-time extrapolation distributions, ensuring
stable, inde�nite-length generation at constant latency through �xed context windows.

MotionStream achieves 17 FPS at 480P and 10 FPS at 720P resolutions with sub-second latency
on a single H100 GPU, reaching 29 FPS when optimized with ef�cient VAE decoders that we speci�-
cally train for streaming applications. Through extensive experiments and ablations, we demonstrate
state-of-the-art performance across diverse motion control tasks including camera control, where
our approach outperforms recent 3D methods while being more than 20� faster. MotionStream
transforms video generation from a passive waiting experience into an active creative process, where
users can continuously interact with and guide the generation in real-time.

Our key contributions are:

1. We present the �rst streaming motion-conditioned video generation pipeline capable of
running at 29.5 FPS on a single H100 GPU, enabling real-time interactive applications.

2. We propose a synergistic system harmonizing ef�cient architectural designs, including a
lightweight track head and conditioning modules, with a distillation process that integrates
joint text-motion guidance into the training objective, further accelerated by a Tiny VAE.

3. We introduce a distillation strategy for long video generation that systematically explores
attention sinks and local attention with extrapolation-aware training for the �rst time, ef-
fectively preventing drift during long-term streaming.

4. Our approach achieves state-of-the-art results on motion transfer and camera control at
orders of magnitude faster speeds, robustly generalizing to diverse interactive use cases.
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2 RELATED WORK

Controllable Video Generation. Enabling precise user control is essential for applying video gen-
erative models to diverse downstream applications (Li et al., 2025c; Tu et al., 2025; Bahmani et al.,
2024a; Gao et al., 2024c; Wu et al., 2025b; Fu et al., 2025). To this end, a large body of recent
research has explored various types of control signals for video generation, such as structure con-
trol (Xing et al., 2024; Yang et al., 2025a; Jiang et al., 2025; Pang et al., 2024; Xing et al., 2025),
camera control (Gao et al., 2024b; Zheng et al., 2024; He et al., 2024; Bai et al., 2025; Wu et al.,
2025a; YU et al., 2025; Bahmani et al., 2024b; Yang et al., 2024b; Zheng et al., 2024; 2025), sub-
ject control (Huang et al., 2025a; Liu et al., 2025b; Fei et al., 2025; Liu et al., 2025a), and audio
control (Tian et al., 2024; Gao et al., 2025; Peng et al., 2024).

As a unique modality that captures underlying video dynamics, motion has become a key condi-
tioning signal for recent video diffusion models. Recent video diffusion models often condition
generated videos on diverse forms of motion representations, including optical �ow, 2D/3D motion
trajectories, bounding boxes, and semantic segmentation (Goldman et al., 2008; Niu et al., 2024;
Li et al., 2024b; Wu et al., 2024b; Geng et al., 2025; Zhang et al., 2025b; Gillman et al., 2025; Shi
et al., 2024a; Wu et al., 2024a; Gu et al., 2025b; Burgert et al., 2025; Tanveer et al., 2024). Despite
their impressive quality, these methods are fundamentally limited to of�ine processing because they
rely on diffusion models with full bidirectional attention, which requires the entire control signal to
be known in advance. This constraint prevents their use in real-time, interactive applications.

Autoregressive Video Models. Early work adopted generative adversarial networks (GANs) for
autoregressive or parallel video synthesis (Vondrick et al., 2016; Brooks et al., 2022; Villegas et al.,
2017; Denton et al., 2017; Tulyakov et al., 2018; Liu et al., 2021; Li et al., 2022). More recently,
there has been a paradigm shift towards using diffusion models trained with denoising objectives (Ho
et al., 2022; Blattmann et al., 2023b; Yang et al., 2025b; Kong et al., 2024; Polyak et al., 2024;
Blattmann et al., 2023a; Villegas et al., 2023; Deng et al., 2025; Gupta et al., 2024; Wang et al.,
2025a), or autoregressive (AR) models trained with next-token prediction (Weissenborn et al., 2020;
Kondratyuk et al., 2024; Yan et al., 2021; Wang et al., 2024a; Bruce et al., 2024; Ren et al., 2025).

Another line of research integrates AR and diffusion to enable causal, high-quality video genera-
tion (Gu et al., 2025a; Ruhe et al., 2024; Kim et al., 2024; Xie et al., 2024; Zhang & Agrawala,
2025; Sun et al., 2025; Weng et al., 2024; Liu et al., 2024; Chen et al., 2024; Guo et al., 2025b;
Hu et al., 2024; Jin et al., 2025; Gu et al., 2025a; Gao et al., 2024a; Li et al., 2025e; Zhang et al.,
2025a). Our work is inspired by the recent paradigm that distills a slow teacher model into a fast AR
student for real-time performance (Yin et al., 2025; Huang et al., 2025b; Lin et al., 2025). However,
these approaches either exhibit severe color drifts beyond the training horizon or require complex
long-video �netuning, which poses challenges for controllable video generation.

Interactive Video World Model. Our work also belongs to interactive video world models, which
aim to simulate environments for real-time interaction. This area has recently gained signi�cant
attention, as several recent works have demonstrated impressive real-time, user-driven interac-
tion (Ball et al., 2025; Li et al., 2025a; Team, 2025; He et al., 2025; Bar et al., 2025; Po et al., 2025).
However, most existing approaches either require substantial compute for inference (Ball et al.,
2025; Parker-Holder et al., 2024), or are limited to closed-domain or synthetic environments (Yu
et al., 2025; Guo et al., 2025a; Yang et al., 2024a). In contrast, our work demonstrates that real-time,
interactive generation for open-domain, photorealistic videos can be achieved on a single GPU.

3 MO T I O NST R E A M : STREAMING GENERATION MEETS MOTION CONTROLS

Existing motion-conditioned video generation methods achieve strong motion-video alignment, but
cannot support streaming interaction since bidirectional attention requires all future control signals
upfront. Our proposed MotionStream addresses this through carefully designed causal distil-
lation techniques, as illustrated in Figure 2. We �rst describe how to equip a pretrained video
diffusion model with motion-control capability (Sec. 3.1) to serve as our bidirectional teacher, uti-
lizing a lightweight track head and control modules designed to minimize architectural overhead.
We then introduce our causal distillation pipeline, which performs extrapolation-aware training with
attention sinks and local windows for long video generation, while integrating expensive joint text-
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Figure 2: Model architecture and training pipeline. To build a teacher motion-controlled video
model, we extract and randomly sample 2D tracks from the input video and encode them using a
lightweight track head. The resulting track embeddings are combined with the input image, noisy
video latents, and text embeddings as input to the diffusion transformer with bidirectional attention,
which is then trained with a �ow matching loss (top). We then distill a few-step causal diffusion
model from the teacher through Self Forcing-style DMD distillation, integrating joint text-motion
guidance into the objective, where autoregressive rollout with rolling KV cache and attention sink
is applied during both training and inference (bottom).

motion guidance directly into the distillation objective for ef�ciency. Combined with our Tiny VAE,
these joint efforts enable a highly responsive streaming experience.

3.1 ADDING MOTION CONTROLS TO BIDIRECTIONAL TEACHER MODELS

Training a high-quality motion-conditioned teacher model is important, as it determines both the
quality upper bound and the architectural ef�ciency of the �nal distilled system. The teacher must
also support diverse motion modalities, from complex real-world object dynamics to camera motions
and user drags, which we achieve through the following design. We build our motion-guided teacher
model on top of the Wan DiT family (Wang et al., 2025a).

Track Representation and Track Head Design. Following MotionPrompting (Geng et al., 2025),
each 2D track is assigned a unique d-dimensional embedding vector �n , derived from a randomly
sampled ID number through sinusoidal positional encoding. While encoding tracks as an RGB
video and processing it through the CausalVAE is possible, we �nd that representing them with
sinusoidal embeddings with a learnable track head achieves superior track adherence, video quality,
and faster speed. We validate this in our experiments in Table 3. Given N tracks f(xn

t ; yn
t )gN

n=1
across T temporal frames, the input track-conditioning signal cm 2 RT �H=s�W=s�d is constructed
by placing visible track embeddings at spatially downsampled locations, where s is the VAE spatial
downsampling rate and v[t; n] 2 f0; 1g indicates track visibility:

cm
�
t; byn

t
s c; bx n

t
s c

�
= v[t; n] � � n : (1)

Our lightweight track-encoding head performs 4� temporal compression followed by a 1 � 1 � 1
convolution. Prior methods adopt a ControlNet-style architecture (Zhang et al., 2023; Geng et al.,
2025), which doubles FLOPs by duplicating network blocks. Instead, we directly concatenate the
processed track embeddings with video latents, requiring only minor channel adjustments in the
patchifying layer while leaving the core DiT architecture unchanged.
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