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The growing demand for image-to-video creation on mobile devices has increasingly focused on cinematic motion ef-
fects like bullet time, dolly zoom, slow motion, etc. While Diffusion Transformers (DiTs) exhibit strong performance in
video generation, their large parameter sizes and multi-step iterative denoising processes lead to substantial computa-
tional overhead, making efficient generation on mobile devices challenging. We propose CineMobile to bridge the gap.
In particular, CineMobile adopts a three-fold optimization strategy: (1) leveraging adistillation-guidedpruning approach to
derive a compact yet efficient model that retains the essential video generation capabilities required for cinematic effects;
(2) optimizing the compressedmodel into a 4-step generator via a combination of diffusion distillation and reinforcement
learning; (3) employing a hybrid post-training quantization strategy to compress the model footprint to under 1 GB. Ex-
perimental results show that compared to the teacher model with the Wan 2.1 architecture, CineMobile achieves a 40×
speedup in generation while maintaining comparable visual quality. Specifically, CineMobile generates 49-frame 480p
videos with a per-step denoising latency of 0.6s on an NVIDIA H200 GPU and 20s on the MediaTek Dimensity 8400
Ultimate 5G platform, with a peak memory usage of 1.8 GB, demonstrating its practical applicability for mobile-based
image-to-video creation.
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Figure 1 Bullet time, dolly zoom, and slow motion videos generated by CineMobile. CineMobile can produce continuous
cinematic camera motion while preserving subject identity and scene consistency.
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Figure2 Denoising time and DiT-FLOPs comparison of CineMobile across different acceleration stages. Wan2.1-14B is
used as the teacher model, requiring 97.06s denoising time and 3.35×1016 DiT-FLOPs. Starting from the base model
Wan2.1-v1.1-Fun-1.5B, pruning reduces the model complexity and brings a moderate speedup, reducing the denoising
time from 16.42s to 12.28s. Distillation further enables 4-step generation, leading to the main efficiency improvement
with 2.45s denoising time. After applying hybrid precision weight quantization, CineMobile achieves 40.11× faster
DiT denoising and 71.89× lower DiT-FLOPs than the teacher model. On the MediaTek Dimensity 8400 Ultimate
5G platform, CineMobile achieves a per-step denoising latency of 20.02s.

1 Introduction

The widespread adoption of smartphones for visual content creation is driving an increasing demand for mobile
image-to-video (I2V) generation. Meanwhile, recent video generation models—such as Kling 2.5 Turbo (Team
et al., 2025), Wan2.7 (Wan et al., 2025), Vidu Q3 (Bao et al., 2024), and Seedance 2.0 (Seedance et al.,
2026)—have demonstrated remarkable capabilities in generating high-quality, realistic videos, with Diffusion
Transformers (DiTs) emerging as the leading architecture underpinning these advances.

Despite their strong performance, DiTs suffer from huge parameter sizes and slow generation speed, limiting
their practicality for cost-effective video creation (Kahatapitiya et al., 2025). For example, Wan2.1-I2V-
14B (Wan et al., 2025) requires 240 seconds to generate a 49-frame video at 832 × 480 resolution with
40 inference steps on an NVIDIA H200 GPU, making mobile deployment infeasible. Furthermore, existing
acceleration methods for deploying video generation models on mobile devices mainly focus on U-Net archi-
tectures (Ronneberger et al., 2015), leaving DiT models largely underexplored (Zhang et al., 2025a; Wu et al.,
2025b). Considering that I2V models struggle to faithfully preserve prompt semantics under aggressive ac-
celeration (Lv et al., 2025), we focus on camera motion effects with more structured and controllable motion
targets.

This paper proposes CineMobile to enable DiT-based cinematic camera motion generation on mobile devices,
based on a combination of structured pruning, step distillation, and hybrid precision quantization. Concretely,
we first extend the Pluggable Pruning with Contiguous Layer Distillation (PPCL) (Ma et al., 2026) method,
originally designed for text-to-image models, to prune image-to-video DiTs. Considering our prioritization
of preserving fine portrait details and stabilizing camera control, we identify that it is better to perform
structured depth pruning while maintaining the hidden dimension of the backbone unchanged.

After pruning, we introduce a supervised fine-tuning warm-up stage to restore the student’s fundamental
image-to-video generation capability and adapt it to the target camera-motion distribution. For step distilla-
tion, we adapt AdvDMD (Wang et al., 2026a), which integrates reinforcement learning (RL) (Li, 2018) into
distribution matching distillation (DMD) (Yin et al., 2024a) for text-to-image generation, to I2V DiTs.

The involved RL process enables CineMobile to generate high-quality videos with a small number of denoising
steps. To reduce the on-device memory cost, we adopt a hybrid precision quantization strategy. By quantizing
FFN weights to 4-bit and the remaining components to 8-bit (Contributors, 2025), CineMobile reduces the



Figure3 Overview of the step distillation pipeline. In the supervised fine-tuning warm-up, the student model is trained
with the flow-matching objective on videos generated by the original dense model and cinematic-effect videos produced
by the teacher model. The warm-up checkpoint then initializes a 4-step generator, which is further refined through
adversarial distillation. In this stage, real model GT and an online fake model F provide distribution-matching signals,
while a lightweight discriminator supplies adversarial supervision and rewards for GRPO.

model memory footprint to under 1 GB while preserving visual quality.

To assess the capability of CineMobile in generating cinematic camera and temporal effects, we evaluate it on
three representative cinematic motion effects: bullet time, dolly zoom, and slow motion. These effects cover
distinct forms of cinematic motion control with clear motion patterns, making them suitable for studying
controllable and efficient on-device I2V generation. We evaluate the generated videos on high-quality portrait
and motion data using the VBench (Huang et al., 2024) evaluation protocol and human evaluation. As shown
in Figure 2, with only 4 denoising steps and a model footprint of less than 1 GB, CineMobile achieves a 40×
speedup over the teacher model in denoising time, and a per-step latency of 20s on the MediaTek Dimensity
8400 Ultimate 5G platform. In Table 1, following the VBench evaluation protocol, CineMobile maintains
generation quality comparable to the teacher model across all three cinematic motion-effect scenarios, with
total scores of 88.35, 89.30, and 88.05 on bullet time, dolly zoom, and slow motion, respectively, closely
matching the teacher model’s 89.27, 89.96, and 88.51.

2 RelatedWork

Video Diffusion Models. Video generation has rapidly evolved from early video diffusion and latent video
models (Ho et al., 2022; He et al., 2023; Zhou et al., 2023) to stronger large-scale foundations such as Stable
Video Diffusion (Blattmann et al., 2023), Lumiere (Bar-Tal et al., 2024), CogVideoX (Yang et al., 2025),
Open-Sora (Zheng et al., 2024), LTX-Video (HaCohen et al., 2024), and Wan (Wan et al., 2025). These
models improve visual fidelity, motion coherence, and scalability through advances in temporal modeling,
latent compression, and backbone design (Wang et al., 2026b). From the perspective of task formulation,
existing video diffusion models can be broadly organized into text-to-video generation (Gupta et al., 2024;
Hong et al., 2023; Jin et al., 2025; Li et al., 2024; Hassan et al., 2026; Zhang et al., 2025b), image-to-video
generation (Blattmann et al., 2023; Zhou et al., 2024; Shi et al., 2024; Ren et al., 2024a; Namekata et al.,
2025), and specific motion-controlled generation (Ren et al., 2024b; Wu et al., 2024; Zeng et al., 2023; Zhao
et al., 2023; Geng et al., 2025; Wang et al., 2025). Text-to-video models emphasize semantic alignment and
open-ended video synthesis at scale (Singer et al., 2022; Li et al., 2023), while image-to-video models focus
more on preserving subject identity, scene layout, and appearance consistency under temporal evolution (Guo
et al., 2024; Shi et al., 2024). Despite this progress, most high-quality video diffusion models still depend
on large backbones, server-class hardware, and multi-step sampling, limiting their practical deployment on
edge devices (Zheng, 2025). This limitation becomes more critical in image-to-video settings with structured
camera effects, where controllability and efficiency must be achieved simultaneously (Zheng, 2025; Shao et al.,
2026; Wu et al., 2025b).



Figure 4 Qualitative examples of CineMobile across three cinematic camera effects.

On-Device Models. Recent work has started to bring video generation to mobile devices (Kim et al., 2025;
Wu et al., 2025c; Zhang et al., 2025a; Yahia et al., 2024; Wu et al., 2025b). Mobile Video Diffusion compresses
image-to-video generation through resolution reduction, temporal multi-scaling, pruning, and adversarial fine-
tuning (Yahia et al., 2024). On-device Sora improves mobile deployment with denoising reduction, temporal
token merging, and dynamic loading (Kim et al., 2025). SnapGen-V shows that interactive mobile generation
can be achieved by combining an efficient spatial backbone, mobile-oriented temporal design, and adversarial
low-step training (Wu et al., 2025c). Taming Diffusion Transformer for Efficient Mobile Video Generation in
Seconds further extends this line to DiT-based models with highly compressed VAE design, sensitivity-aware
pruning, and mobile-oriented step distillation (Wu et al., 2025b). These studies indicate that practical on-
device video generation depends on joint optimization of architecture, compression, memory, and sampling.

Step Distillation. Reducing denoising steps is a central direction for efficient diffusion generation (Du et al.,
2025; Salimans and Ho, 2022). Early acceleration methods include DDIM (Song et al., 2022) and Progressive
Distillation (Salimans and Ho, 2022), followed by stronger few-step paradigms such as Latent Consistency



Models (Luo et al., 2023), Adversarial Diffusion Distillation (Sauer et al., 2024), DMD (Yin et al., 2024a),
and DMD2 (Yin et al., 2024b). In video generation, VideoLCM (Wang et al., 2023), AnimateLCM (Wang
et al., 2024), T2V-Turbo (Li et al., 2024), and T2V-Turbo-v2 (Li et al., 2025) adapt these ideas to the
temporal setting and achieve competitive quality with only a few sampling steps. Recent mobile systems
combine step distillation with hardware-aware model design: Mobile Video Diffusion approaches single-step
inference through adversarial fine-tuning (Yahia et al., 2024; Kim et al., 2025), SnapGen-V reduces generation
to 4 steps (Wu et al., 2025c), and Taming Diffusion Transformer develops adversarial step distillation for
compressed mobile DiTs (Wu et al., 2025b). These works are especially relevant to our setting, where efficient
on-device image-to-video generation requires few-step sampling together with aggressive model compression.

3 Method

Our objective is to build an I2V model that can efficiently generate different camera effect videos on mobile
devices. To support lightweight deployment and diverse effects, CineMobile uses a shared backbone with
effect-specific LoRA modules. To reduce the memory footprint, we first prune the shared DiT backbone in
Section 3.1. After pruning, we restore the generative capability through a two-stage fine-tuning procedure,
and then distill the model into a 4-step generator in Section 3.2. Finally, we obtain the final model through
hybrid post-training quantization in Section 3.3.

3.1 Structured Depth Pruning
Directly pruning video DiTs can easily disrupt temporal modeling, leading to identity drift and severe degra-
dation of fine-grained details, especially for cinematic motion generation that requires strict temporal con-
sistency and camera trajectory smoothness. Given the strong performance of PPCL on text-to-image DiTs,
we adapt it to video DiTs with specific designs for video temporal modeling and portrait detail preservation.
PPCL (Ma et al., 2026) first detects redundant contiguous layer intervals in DiTs, and then compresses the
model through depth-wise and width-wise pruning with distillation. Empirically, we find that width pruning
can disturb the pretrained temporal representations of video DiTs by changing their internal feature dimen-
sionality, as detailed in Appendix Section C. We adopt a structured depth pruning strategy. Specifically, our
pruning procedure consists of two stages: redundant interval detection and interval distillation.

Redundant interval detection. We first train a residual linear probe for each transformer block to estimate
whether its transformation can be approximated by a lightweight substitute. For a teacher video DiT with
blocks T = {T1, T2, . . . , TM}, we denote the activation after block Ti as hT

i . We use residual linear probes as
lightweight diagnostics and CKA similarity (Kornblith et al., 2019) to rank candidate intervals by represen-
tation similarity and removable depth.

To adapt interval detection to video generation, we evaluate candidate spans on latent video sequences.
We use more than 5,000 calibration samples to obtain stable span estimates that reflect redundancy under
temporal motion and spatial appearance interactions.

Interval distillation. For each selected span [u, v] ∈ P, we replace the whole span with one trainable surrogate
transformer block Du. It maintains the same block structure and hidden dimensionality as the base model
blocks, and is initialized from the middle block T⌊(u+v)/2⌋ for stable training.

During distillation, the base model is frozen, and only the surrogate blocks are updated. We use portrait and
motion data synthesized by the frozen base model (Wan et al., 2025). These samples cover facial identity and
motion patterns, helping the surrogate blocks retain identity consistency and motion controllability during
interval pruning. For each span, the surrogate block takes the teacher’s hidden state at the span input
and is trained to reproduce the teacher’s hidden state at the span output through normalized hidden-state
alignment. After training, we keep Du at position u and remove blocks Tu+1, . . . , Tv.



3.2 Step Distillation
We adopt a two-stage fine-tuning strategy for the pruned model. Directly applying step distillation to
the pruned model can lead to unstable training and even generation collapse. Therefore, we first perform
supervised fine-tuning as a warm-up stage, which restores the model’s ability to reliably generate motion-
effect videos with multi-step sampling. For step distillation, we build upon AdvDMD (Wang et al., 2026a)
to improve the quality and stability of few-step generation. We extend AdvDMD to video DiTs and use it to
distill our model as a 4-step I2V generator.

Supervised fine-tuningwarm-up. We begin with a supervised fine-tuning warm-up to provide the compressed
student with a stable initialization before adversarial optimization. This warm-up consists of two steps under
the standard flow-matching objective (Duan et al., 2024). We start by fine-tuning the student model on
videos generated by the original dense model to restore its fundamental video generation capability. We then
use cinematic-effect videos generated by the teacher model to adapt the student model to the distributions
of the target motion effects. Both steps share the same flow-matching training objective.

Adversarial distillation. After the supervised warm-up, we further refine the student through an adversarial
distillation stage. The student is initialized from the warm-up checkpoint and updated with LoRA adapters.
As illustrated in Figure 3, we use a frozen real score estimator GT and an online fake score estimator F . GT is
initialized from the teacher model with motion-effect LoRA, and provides the teacher-induced score direction.
F shares the student’s base backbone, with randomly initialized LoRA adapters updated online to track the
evolving student distribution. To provide adversarial realism feedback, we attach a lightweight discriminator
head to the fake model F . Given an intermediate video latent and its associated I2V condition, F extracts
multi-layer spatio-temporal DiT features, which are mapped by the discriminator heads to realism logits.

For each rollout batch, the 4-step generator G produces fake videos conditioned on the input frame. Reference
videos are generated by the teacher model under the same conditions and serve as motion-effect targets. The
frozen real model GT and the online fake model F estimate the real and fake score directions on generated
samples, and their discrepancy forms the DMD loss LG

DMD for updating the generator. Meanwhile, the
discriminator attached to F provides an adversarial loss LG

GAN, which encourages generated videos to be
judged as reference-like. The discriminator scores on intermediate latents are further used as GRPO rewards,
and LG

GRPO is optimized to refine the 4-step trajectory.

We adopt an alternating training schedule: the generator is updated once every five steps, while the fake
model and discriminator are updated in the remaining steps to maintain stable score estimation and realism
feedback.

3.3 Hybrid Post-training Quantization
After obtaining a generator capable of producing videos in 4 denoising steps, we apply a hybrid post-training
quantization strategy to further reduce the runtime memory footprint and latency for on-device genera-
tion (Contributors, 2025). Instead of assigning a uniform precision to all layers, we adopt a layer-wise hybrid
quantization scheme for the DiT backbone. We keep activations in 16-bit precision for numerical stability and
use FP8 weights for most quantized linear layers, including attention projections, text-embedding projections,
and time-embedding projections. Since feed-forward networks contain a large fraction of the DiT parameters,
the two linear projections in each block use 4-bit weights with 16-bit activations.

4 Experiments

In this section, we systematically evaluate the efficiency and performance of CineMobile on three cinematic
motion effects.

4.1 Setup
Training Details. For the initial pruning stage, we use more than 5,000 samples to estimate layer redundancy
and identify redundant block intervals. Based on this analysis, we prune the original DiT backbone to obtain a



Table1 Systematic comparison of video generation models on VBench with different parameter sizes and inference steps,
including representative publicly available models such as HunyuanVideo-1.5 (Wu et al., 2025a), LTX2.3 (HaCohen
et al., 2026), and Open-Sora2.0 (Zheng et al., 2026). All models are evaluated on the same test set of 200 portrait
images with five videos generated for each image, following the official VBench protocol to compare video generation
quality. The General panel reports representative publicly available video generation models. Wan2.1 is used as
the teacher model and Wan2.1-v1.1-Fun as the base model; Ours-Prune, Ours-SFT, and Ours correspond to the
pruned-and-finetuned model, the second-stage SFT model, and the final distilled and hybrid-PTQ accelerated model,
respectively. With only 1.2B parameters and 4 denoising steps, Ours achieves VBench scores close to the teacher
model, demonstrating comparable generation quality with substantially higher efficiency.

Model Steps Params
(B)

Subject
Consis.

Background
Consis.

Motion
Smooth.

Aesthetic
Quality

Imaging
Quality

I2V
Subject

I2V
Background

Total
Score

General

HunyuanVideo-1.5 12 8.3 98.46 96.49 99.61 64.57 70.78 99.39 99.49 89.83
LTX2.3 12 22 98.39 96.08 99.38 63.06 71.54 98.87 98.60 89.42
LTX-2 60 13 98.21 95.78 99.01 62.86 69.31 98.83 98.42 88.92
Open-Sora2.0 50 11 97.35 94.23 98.46 63.03 68.46 99.48 98.76 88.54
Wan2.1-v1.1-Fun 20 1.5 94.12 94.78 99.02 66.72 69.55 98.18 99.31 88.81
Ours-Prune 20 1.2 93.92 94.55 98.96 65.25 68.35 98.10 99.22 88.34

Bullet Time

Wan2.1 20 14 95.33 95.79 99.09 66.65 70.56 98.16 99.30 89.27
Ours-SFT 20 1.2 94.01 94.86 99.00 66.85 69.29 98.15 99.34 88.79
Ours 4 1.2 93.46 94.06 98.76 64.76 70.71 98.15 98.58 88.35

Dolly Zoom

Wan2.1 20 14 98.56 97.82 99.36 65.45 70.45 98.54 99.52 89.96
Ours-SFT 20 1.2 98.22 96.18 99.11 63.90 69.22 98.21 99.12 89.14
Ours 4 1.2 98.19 95.96 99.28 64.18 69.84 98.30 99.33 89.30

Slow Motion

Wan2.1 20 14 96.48 96.01 99.20 63.42 68.15 97.36 98.97 88.51
Ours-SFT 20 1.2 96.65 95.57 98.95 62.29 67.89 97.55 99.25 88.31
Ours 4 1.2 95.82 94.98 99.03 61.52 68.75 97.28 99.00 88.05

27-layer student model, followed by 8k training steps to restore its generation capability. For the subsequent
supervised fine-tuning warm-up, we follow the training implementation of DiffSynth-Studio (ModelScope
Team, 2026) and train the student model for 5k steps. We use a learning rate of 1 × 10−4 and set the
LoRA rank to 128. During distillation, we use over 10K training samples to optimize the student model,
which follows a 4-step denoising trajectory. The student is trained with a learning rate of 1× 10−4. We set
λadv = 0.5 and λD = 0.005, and train the discriminator head and fake model with a learning rate of 1× 10−5.
All experiments are conducted on 8 NVIDIA H200 GPUs.

Model & Datasets To obtain reliable supervision for cinematic motion effect generation, we build teacher
models by combining a shared Wan2.1-I2V-14B image-to-video backbone with effect-specific LoRA adapters.
For bullet time and dolly zoom, we use publicly available LoRA adapters tailored to these effects. For
slow motion, we construct the adapter by fine-tuning on slow motion videos derived from motion-intensive
base-model outputs through 2× frame interpolation (Reda et al., 2022). For the student model, we adopt a
Wan2.1-v1.1-Fun-I2V model (Wan et al., 2025) with 1.5B parameters as the base model. For data collection,
we use the high-quality portrait dataset PPR10K (Liang et al., 2021) as the image source for bullet time and
dolly zoom. For slow motion, we collect motion-oriented images from public platforms such as Pexels and
Pixabay. Each effect-specific training set contains over 10K samples.

Baselines &Metrics We conduct a systematic evaluation of CineMobile in terms of video generation perfor-
mance and efficiency. For generation performance, we combine VBench (Huang et al., 2024) and human
evaluation to assess the generated videos from complementary perspectives. Specifically, we use VBench to



Figure 5 Qualitative comparison with commercial video generation models on cinematic motion effects. Frames are
uniformly sampled at different temporal ratios from generated videos. Our method shows more stable camera pro-
gression and stronger subject-background consistency.

evaluate general video quality and compare CineMobile with representative open-source video generation mod-
els, including HunyuanVideo-1.5 (Wu et al., 2025a), LTX2.3 (HaCohen et al., 2026), and Open-Sora2.0 (Zheng
et al., 2026). Since cinematic motion effects require effect-specific motion patterns that are not fully captured
by standard automated metrics, we further conduct a human evaluation. Specifically, we collect 50 video
samples of bullet time and ask 10 participants to evaluate them. All videos are anonymized, randomly shuf-
fled, and presented without revealing the identity of the corresponding generation model. In this evaluation,
CineMobile is compared with strong commercial video generation systems, including Kling, Hailuo, and Vidu,
based on human preference scores. For efficiency, we analyze the reductions in denoising time and FLOPs
achieved by CineMobile across different acceleration stages.

Deployment Platform We evaluate on-device deployment on an Infinix NOTE 60 Ultra equipped with the
MediaTek Dimensity 8400 Ultimate 5G platform Infinix Mobility. This SoC integrates an all-big-core
Arm Cortex-A725 CPU, an Arm Mali-G720 MC7/MP7 GPU, and a MediaTek NPU 880 MediaTek. The
Mali-G720 MP7 GPU has a reported theoretical FP32 throughput of 2329.6 GFLOPS, approximately 2.33
TFLOPS NanoReview. For reference, this theoretical FP32 peak is close to that of an NVIDIA GeForce
GTX 960, whose FP32 throughput can be estimated as approximately 2.41 TFLOPS from its official CUDA
core count and boost clock NVIDIA. All mobile latency and memory measurements are conducted on this
device unless otherwise specified.

4.2 Main Results
Quantitative analysis. We evaluate CineMobile with VBench (Huang et al., 2024) under three cinematic
scenarios. As shown in Table 1, CineMobile achieves video quality comparable to the teacher model and
other larger models, despite using only 4 denoising steps and a compact model size. Compared with the 20-
step Wan2.1-I2V-14B teacher model, CineMobile uses only 10% of the parameters and 20% of the denoising
steps, while limiting the absolute total-score gap to 0.92 on bullet time, 0.66 on dolly zoom, and 0.46 on
slow motion. A closer look at individual metrics shows that CineMobile preserves motion smoothness and
I2V consistency particularly well, suggesting that the 4-step student maintains reliable temporal dynamics
and image-condition alignment. Overall, these results demonstrate that CineMobile substantially reduces



Figure 6 Human evaluation of bullet time video genera-
tion against representative commercial models. CineMo-
bile shows balanced quality with a clear advantage in
camera control, while remaining competitive in overall
quality.

Figure 7 Comparison with FILM (Reda et al., 2022) on
20× slow motion synthesis. Given the first and last
frames, CineMobile achieves consistently higher PSNR
and SSIM than FILM, showing better reconstruction
over large temporal gaps.

inference cost while retaining competitive cinematic video generation quality.

Qualitative analysis. Figure 4 and Figure 5 presents a qualitative comparison using uniformly sampled frames
across the generated video. Our method produces smoother camera progression and more coherent tempo-
ral evolution throughout the sequence. By contrast, several commercial models exhibit stronger temporal
fluctuation, less stable subject scale, or less consistent background motion, especially at later temporal ratios.

We further compare CineMobile with commercial models through human evaluation, as shown in Figure 6.
Overall, CineMobile performs competitively across multiple perceptual dimensions, including artifact control,
distortion, uniformity, and temporal consistency. It also achieves the strongest result in camera control,
showing its advantage in controllable bullet-time motion. These results indicate that CineMobile remains
on par with representative commercial models in overall perceptual quality, while providing better camera
controllability.

Overall, our model remains competitive across multiple perceptual dimensions, including artifact control,
distortion, uniformity, and temporal consistency. Most notably, CineMobile achieves the best score on camera
control, which is consistent with our objective of optimizing cinematic motion effects rather than only static
image quality. Although some commercial models obtain slightly stronger scores on individual dimensions,
our method provides a favorable overall trade-off between controllable motion and perceptual quality. This is
particularly notable given that CineMobile is designed for efficient on-device deployment rather than cloud-
scale generation.

Efficiency analysis. We further analyze the efficiency of CineMobile across different acceleration stages in
Figure 2. Structured pruning decreases the runtime to 12.28 s by removing redundant DiT blocks. The most
significant gain comes from step distillation, which reduces the denoising time to 2.45 s and the DiT-FLOPs
to 4.66×1014, showing that reducing the number of denoising steps is the key factor for acceleration. Hybrid
precision quantization brings a slight additional runtime improvement and mainly improves deployment
efficiency by reducing memory cost. Overall, CineMobile achieves 40.11× faster DiT denoising and 71.89×
lower DiT-FLOPs than the teacher.



Table 2 Ablation study of GRPO on bullet time generation. We compare models trained with and without GRPO on
both the base model and CineMobile under the same sampling setting. GRPO benefits the distillation process and
improves aesthetic quality and imaging quality.

Model Subject
Consis.

Background
Consis.

Motion
Smooth.

Aesthetic
Quality

Imaging
Quality

I2V
Subject

I2V
Background

Total
Score ∆ Total

Base model (w/o GRPO) 94.46 94.91 98.84 64.18 68.69 98.11 98.58 88.25 –
Base model (w/ GRPO) 95.01 94.36 99.04 66.45 69.29 98.15 99.10 88.77 +0.52
CineMobile (w/o GRPO) 93.54 93.21 99.00 64.35 68.90 97.36 98.77 87.88 –
CineMobile (w/ GRPO) 93.46 94.06 98.76 64.76 70.71 98.15 98.58 88.35 +0.47

4.3 Ablation & Discussion
Effect of GRPO refinement. We evaluate the effect of GRPO under the same 4-step sampling setting. As
shown in Table 2, GRPO improves the total score for both the base model and CineMobile, increasing the
score by +0.52 and +0.47, respectively. The gains mainly come from perceptual-related metrics, including
aesthetic quality and imaging quality, while other consistency metrics remain largely comparable. This trend
suggests that GRPO helps refine the distilled generator by providing additional reward guidance beyond su-
pervised distillation. Overall, GRPO improves the perceptual quality of 4-step generation without noticeably
degrading image-conditioned consistency.

Comparison with frame interpolation. We compare CineMobile with FILM (Reda et al., 2022) under a 20×
slow-motion setting, where only the first and last frames are provided as inputs. As shown in Figure 7,
CineMobile achieves higher reconstruction quality, improving PSNR from 30.57 dB to 35.68 dB and SSIM
from 0.713 to 0.858. This suggests that directly synthesizing slow-motion dynamics is more effective under
large temporal gaps than conventional frame interpolation. We also observe that FILM can suffer from
object interpenetration and motion inconsistency in this setting, while CineMobile produces more coherent
intermediate motion.

5 Conclusion

In this paper, we presented CineMobile, an efficient on-device image-to-video generation framework for cine-
matic motion effects. Experiments on bullet time, dolly zoom, and slow motion demonstrate that CineMobile
substantially improves inference efficiency while maintaining competitive visual quality and temporal consis-
tency relative to the teacher model, and showing favorable camera-motion control against commercial refer-
ences in human evaluation. Overall, CineMobile offers a new and practical solution for on-device deployment
of image-to-video generation models. In future work, CineMobile can be further extended to a broader range
of video generation models and cinematic effect generation tasks.
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A Effect Definitions

In this work, we focus on three representative cinematic motion effects: bullet time, dolly zoom, and slow
motion. We briefly define them below and clarify the visual properties that are emphasized in our experiments.

Bullet Time. Bullet time refers to a cinematic effect in which the viewpoint appears to move rapidly around
a relatively frozen subject or scene, producing a strong sense of spatial immersion and three-dimensional
geometry. In video generation, this effect requires coherent camera motion, stable subject identity, and
consistent scene structure across viewpoints. A successful bullet-time video should preserve the foreground
subject while producing a smooth orbital or sweeping camera trajectory around it.

Dolly Zoom. The Hitchcock effect, also known as dolly zoom, is a classic camera effect created by simulta-
neously changing camera position and focal scale so that the subject remains relatively stable in size while
the background perspective changes dramatically. In generated videos, this effect is characterized by a dis-
tinct push-pull perception: the foreground subject remains visually anchored, while the background expands
or contracts in a way that induces strong spatial tension. This motion pattern places high demands on
foreground-background consistency and controllable camera transformation.

SlowMotion. Slow motion refers to the visual effect of temporally stretching motion so that dynamic events
appear to unfold more slowly than in real time. In our setting, this effect emphasizes smooth temporal
interpolation, stable object appearance, and reduced motion artifacts across consecutive frames. Compared
with bullet time and dolly zoom, slow motion is less dependent on explicit camera trajectory control and
more sensitive to temporal continuity, detail preservation, and motion realism.

B Evaluation Criteria

For automatic evaluation, we report the dimensions most relevant to cinematic motion effects: subject con-
sistency, background consistency, motion smoothness, aesthetic quality, imaging quality, I2V subject, and
I2V background. Together they cover the core requirements of our task, namely preserving subject identity,
maintaining background coherence, and producing temporally smooth, visually plausible motion.

We omit several automatic metrics that are poorly aligned with our setting. The dynamic degree metric, for
example, measures the overall magnitude of motion, whereas our target effects are not defined by motion
amplitude. Bullet time and dolly zoom rely mainly on coordinated camera transformation and foreground–
background geometric consistency, while slow motion emphasizes temporal smoothness and motion realism
at reduced apparent speed. A higher dynamic degree therefore does not imply better effect quality, and can
bias evaluation toward motion amplitude rather than controllable cinematic behavior.

We also exclude the VBench camera-control metric from the automatic comparison with base I2V models.
There, we compare CineMobile mainly with Wan2.1-based models that are not optimized for bullet time,
dolly zoom, or slow motion. In this case, the camera-control score is hard to read as a fair measure of effect
quality, since it largely reflects whether a model has been explicitly adapted to these motion patterns. We
therefore rely on the selected VBench dimensions for automatic comparison, and assess effect-specific camera
behavior through qualitative results and human evaluation.

For human evaluation against commercial models, we rate five dimensions. Artifact control captures the
absence of visible rendering artifacts, such as flicker, ghosting, unstable texture, or implausible structure.
Distortion measures whether the video preserves plausible scene geometry and avoids unnatural deformation
during motion. Uniformity measures appearance stability across frames, covering style, illumination, color
tone, and overall presentation. Consistency measures broader temporal coherence: stable subject identity,
continuous motion, and preserved foreground–background relations over time. Camera control measures
whether the video follows the intended motion pattern, such as smooth orbital motion for bullet time, coor-
dinated perspective change for dolly zoom, or temporally stretched but natural motion for slow motion. We
report the average over these five dimensions as the total human-evaluation score.



Figure 8 Width pruning may lead to identity shifts and deformation issues.

Figure 9 Memory footprint of CineMobile on an Infinix NOTE 60 Ultra. When the phone is idle under normal
operation, the system memory usage is 3994 MB. After loading CineMobile, memory usage increases by 1127 MB to
5121 MB. During inference on 480p video, the peak memory usage reaches 5857 MB, requiring an additional 736 MB
over the loaded-model state. Overall, CineMobile introduces only 1863 MB of additional runtime memory over the
idle baseline, demonstrating that it can run efficiently on mobile devices with a modest memory footprint.

C Compare withWidth Pruning

As illustrated in Figure 8, the width-pruned method exhibits noticeable identity deviation and detail degra-
dation. Therefore, instead of reducing the hidden dimensionality, we keep the original backbone width
unchanged and focus on structured depth pruning. This design confines compression to redundant layer
transformations while allowing the pruned model to remain aligned with the original backbone’s feature
space.



D Additional Qualitative Results

We provide additional qualitative results for the three cinematic motion effects considered in this work,
namely bullet time, dolly zoom, and slow motion. All videos in this section are generated on a MediaTek
Dimensity 8400 Ultimate 5G platform. For each example, frames are uniformly sampled at different temporal
ratios from the generated video. These visualizations complement the main-paper comparisons by showing
that CineMobile maintains stable subject identity, coherent foreground-background relations, and smooth
temporal progression across diverse portrait scenes.

E Data Curation and Preprocessing

Our training images are collected from high-quality portrait datasets, including PPR10K and Pixel. Since
our task focuses on cinematic motion effects for portrait-centric image-to-video generation, we further apply
a dedicated data curation pipeline to improve both visual quality and scene suitability. In particular, we use
Qwen3-VL-30B-A3B-Instruct to automatically filter out images with overly simple or uninformative back-
grounds, extreme overexposure or underexposure, insufficient spatial resolution, multiple prominent persons,
overly tight face-dominant close-ups, missing human subjects, or very low aesthetic quality. We additionally
remove samples with poor composition, ambiguous foreground-background structure, or limited motion po-
tential, since such cases are less suitable for evaluating camera-driven effects such as bullet time and dolly
zoom. This preprocessing procedure yields a cleaner and more task-aligned portrait dataset for both training
and evaluation. All images used for both training and inference are sourced from publicly accessible datasets.



Figure 10 Additional qualitative results on bullet time. Each row shows one generated example, and columns corre-
spond to uniformly sampled frames at different temporal ratios. CineMobile produces smooth viewpoint transition
while preserving subject appearance and scene geometry throughout the sequence.



Figure 11 Additional qualitative results on dolly zoom. The sampled frames illustrate consistent foreground sta-
bilization together with coordinated background perspective variation, which is the key visual characteristic of the
Hitchcock dolly-zoom effect.



Figure 12 Additional qualitative results on slow motion. CineMobile preserves temporal smoothness and subject
consistency while reducing abrupt motion changes, yielding visually plausible slow-motion sequences across different
scenes.


	Introduction
	Related Work
	Method
	Structured Depth Pruning
	Step Distillation
	Hybrid Post-training Quantization

	Experiments
	Setup
	Main Results
	Ablation & Discussion

	Conclusion
	Effect Definitions
	Evaluation Criteria
	Compare with Width Pruning
	Additional Qualitative Results
	Data Curation and Preprocessing

