
Patch’n Play: Zero-Shot Video Editing by Fusing
Local and Global Patches

“Swarovski blue crystal wolf” “Sandwiches moving around a table”

Figure 1: Video Editing Samples Generated by Patch’n Play. We present Patch’n Play, a novel
video editing method that leverages local diffusion features, aggregating information based on inter-
frame correspondences by fusing diffusion paths. Patch’n Play enhances both spatial and temporal
consistencies in video edits in a zero-shot manner using pre-trained text-to-image models like Stable
Diffusion [21]. It can apply style edits, like making a wolf look like a Swarovski blue crystal, and
complex edits, like turning a train into a sandwich.

Abstract

Recent progress in diffusion-based models has shown remarkable achievements in
generating images from text prompts. Despite these advancements, video editing
methods have lagged in achieving comparable visual quality and editing capabilities.
This paper introduces Patch’n Play, a novel zero-shot video editing method that
leverages both local and global latent features to enhance temporal consistency.
Unlike previous approaches that prioritize global consistency at the expense of
local consistency, our method aggregates and fuses local features from each frame
along with global information shared across multiple frames. Compatible with
pre-trained text-to-image diffusion models, our approach does not require prompt-
specific training or user-generated masks. Our qualitative and quantitative analysis
underscores Patch’n Play’s superior performance across a wide array of video
editing contexts against existing methods.

1 Introduction

Diffusion-based generative models [25, 11, 21] excel in high-quality image generation and editing
through text prompts [22, 10, 1]. These successes have led to applications such as object editing,
personalized content creation, and inpainting. Extending such advances to video remains challenging.
Text-to-video methods [24, 12] require costly large-scale training, while atlas-based approaches [14,
3] rely on labor-intensive processes. Recent efforts adapt pre-trained text-to-image (T2I) diffusion
models [13, 20, 28, 4], but often struggle with temporal consistency [16] or require additional
training [28, 17].

We propose a zero-shot video editing method that fuses local and global diffusion features across
frames to achieve temporal consistency without training or user masks. Unlike prior works that
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Figure 2:Patch'n Play Framework. From left to right, we �rst invert input frames into noisy latents
via DDIM inversion. Keyframes (top row) remain unedited to anchor temporal consistency. Next,
local feature extraction partitions each frame's latent into overlapping sub-frames, with red regions
representing horizontal scans and purple regions representing vertical scans. These sub-frames are
collectively denoised (center), leveraging U-Net and ControlNet for structural guidance. Finally,
in global feature fusion (right), the overlapping areas of the vertical and horizontal sub-frames
(intersection) are aggregated to form a uni�ed latent, which is decoded to produce the edited video.
This pipeline preserves both local details (via sub-frame denoising) and global coherence (via overlap
fusion and keyframe anchoring).

emphasize global coherence, our approach preserves both �ne-grained details and overall consistency
(Fig. 3). Compatible with any pre-trained T2I model such as Stable Diffusion [21], our framework also
leverages spatial guidance via ControlNet [31] and pre-trained style models [5]. Experiments show
effectiveness across diverse edits, from style transfer (e.g.,wolf ! crystal) to complex transformations
(e.g.,train ! sandwich).

2 Methodology

Our framework,Patch'n Play, performs zero-shot video editing through a �ve-stage pipeline (Fig. 2):
inverting input frames, sampling keyframes, extracting local features, denoising sub-frames, and
fusing global features. Each stage addresses a speci�c challenge of video editing, balancing ef�ciency,
temporal consistency, and spatial coherence.

Inverting Input Frames. Given an input videoV = f I (1) ; : : : ; I (N ) g, each frame is �rst encoded
into a latent space with a pretrained VAE:

x (m )
0 = E(I (m ) ); (1)

wherex (m )
0 2 RC � H= 8� W=8. This step compresses pixel space into a compact representation while

preserving semantic details. To enable diffusion-based editing, the latents are inverted into noisy
states via DDIM inversion [26]:

x (m )
T =

p
� T x (m )

0 +
p

1 � � T �; � � N (0; I ): (2)

The inversion provides a deterministic mapping from clean to noisy latents, ensuring edits remain
reproducible across runs. No editing is applied at this stage; ControlNet is introduced later during
denoising for structural guidance.

Keyframe Sampling. Editing all frames independently often leads to �ickering or motion disconti-
nuities. To counter this, we selectM k uniformly spaced keyframes that remain unedited and serve as
temporal anchors. During denoising, their latents are concatenated with editable frames and passed
through U-Net self-attention:

Attention(Q; K; V ) = softmax
�

QK T
p

dk

�
V: (3)

By participating in attention, the keyframes transmit unaltered motion and structure to their neighbors.
This ensures the edited frames evolve consistently with the original dynamics while preserving the
underlying scene geometry.
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Local Feature Extraction. While keyframes enforce global alignment, preservinglocal details
such as textures, edges, or small objects requires �ner control. Each noisy latent is partitioned into
overlapping sub-frames using dual scanning strategies:

z(m )
t;v = x (m )

t [:; hs : he; ws : we]; (4)

wherev indexes a sliding window. Horizontal and vertical scans ensure coverage across both axes,
while overlaps prevent seams at patch boundaries. This design allows the framework to capture
�ne-grained details and to remain robust to complex or diagonal motion, as objects appear across
multiple overlapping sub-frames.

Patch Denoising.For each viewv, sub-frames from all frames in the batch are stacked together:

st;v = stack(z(1)
t;v ; : : : ; z(M )

t;v ); (5)

creating a temporally aligned bundle of local regions. These are jointly denoised with U-Net and
ControlNet, conditioned on the promptP and cropped control mapsCv :

st � 1;v =  (st;v ; t; P; Cv ): (6)

Unlike frame-wise denoising, this stacked formulation allows attention layers to exchange information
across time, ensuring consistency in both object appearance and motion. ControlNet provides
additional structure (e.g., depth maps), ensuring that the edits remain faithful to the original spatial
layout.

Global Feature Fusion. After denoising, the sub-frames must be recombined into full latents.
Overlapping contributions are averaged:

x (m )
t � 1 =

P
v z(m )

t � 1;vP
v 1v

; (7)

where1v counts sub-frames covering each position. This averaging eliminates seams, harmonizes
textures, and achieves frame-wide coherence. Finally, the re�ned latents are decoded back to pixels:

Î (m ) = D(x (m )
0 ): (8)

This stage ensures that local details (from sub-frame denoising) and global structures (from overlap
fusion and keyframe anchoring) come together in a coherent �nal output. The iterative combination
of temporal and spatial consistency mechanisms produces smooth, �icker-free, and visually uni�ed
edited videos.

3 Experiments

Baselines. We compare Patch'n Play with recent video editing methods: Pix2Video [4], RAVE [13],
TokenFlow [9], Rerender [29], Text2Video-Zero [16], FLATTEN [6], FRAG [30], and Video-
P2P [18]. Approaches vary: �ow-guided attention (FLATTEN), feature smoothing (TokenFlow),
noise shuf�ing (RAVE), random warping (Text2Video-Zero), optical �ow (Rerender), dynamic
receptive �elds (FRAG), and unconditional embeddings (Video-P2P). Pix2Video and Video-P2P are
restricted to 8 frames due to GPU limits. All baselines are run with of�cial code and default settings.

Figure 3:Comparison between RAVE and Patch'n
Play

Implementation Details. Patch'n Play uses
batch sizeM = 8 , T = 50 diffusion steps, and
guidance scale 7.5. Latents are extracted with
overlapping vertical (kh = H=16; sh = H=128)
and horizontal (kw = W=8; sw = W=256) scans
to ensure smooth fusion. ControlNet with depth
maps provides structural guidance. For fairness,
all methods (including ours) use Stable Diffusion
v1.5 with DDIM inversion and the same guidance
scale, without negative prompts. Experiments run
on a single NVIDIA L40 GPU.
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Table 1:Quantitative Comparisons.Higher is better. “-” indicates a method cannot process more
than 8 frames. Best results inbold.

Method CLIP-F " WarpSSIM" CLIP-T " Qedit "
8f 36f 90f 8f 36f 90f 8f 36f 90f 8f 36f 90f

Text2Video-Zero [16] 93.77 92.15 93.58 65.41 40.58 68.36 26.60 27.11 27.23 17.39 11.00 18.61
Rerender [29] 91.54 86.42 89.65 70.13 46.32 72.48 23.54 24.21 25.63 16.50 11.21 18.57
TokenFlow [9] 94.73 92.86 93.83 76.19 53.46 81.15 29.38 30.02 31.07 22.38 16.04 25.21
Pix2Video [4] 89.31 - - 58.17 - - 28.93 - - 16.82 - -
RAVE [13] 94.83 94.65 95.32 72.87 51.19 81.06 29.26 29.89 31.13 21.32 15.30 25.23
FLATTEN [6] 94.57 91.36 93.44 75.23 51.03 80.37 28.11 29.16 30.39 21.14 14.88 24.42
FRAG [30] 95.19 93.42 93.86 76.21 53.38 80.31 29.63 30.45 30.95 22.58 16.31 24.85
Video-P2P [18] 92.13 - - 72.43 - - 24.14 - - 19.17 - -

Patch'n Play 95.34 95.73 95.91 74.55 52.85 82.37 29.89 30.61 31.08 22.28 16.17 25.60

Qualitative Results. Examples are shown in Figs. 1 and 6, covering style edits (e.g., Picasso),
structural edits (e.g., man� skeleton), and combined edits. In comparisons (Fig. 5), Patch'n Play
achieves stronger global consistency and text alignment. Text2Video-Zero fails under background
motion, Rerender suffers from style drift, TokenFlow blurs details due to smoothing, and Pix2Video
produces �icker. Patch'n Play avoids these issues and can also enhance existing methods: Fig. 8(e)
shows our framework improving temporal stability when applied to RAVE.

Quantitative Evaluation. Following prior work [9, 4, 29, 13], we evaluate using CLIP-F (frame
similarity), WarpSSIM (�ow-based SSIM), CLIP-T (text alignment), and Qedit (WarpSSIM� CLIP-
T). We test on 128 video–prompt pairs from previous benchmarks [9, 13, 3] and DAVIS [19], with 8-,
36-, and 90-frame sequences. Results (Table 1) show Patch'n Play consistently achieves the best or
near-best scores, especially on long sequences where temporal consistency is hardest.

User Study. To complement metrics, we conducted a user study following [13]. Participants
compared outputs on three criteria:General Editing (GE), Temporal Consistency (TC), and
Textual Alignment (TA) . Results (Table 4) show Patch'n Play is most frequently preferred across all
categories.

Method GE TC TA

RAVE 70.1% 55.2% 26.6%
TokenFlow 39.4% 52.6% 24.1%
Rerender 14.9% 24.8% 13.0%
FLATTEN 33.3% 42.3% 33.3%
FRAG 66.7% 61.9% 71.4%
Video-P2P 14.3% 9.5% 4.8%

Patch'n Play 85.7% 76.1% 90.4%

Figure 4:User Study.Percentage of times each
method was ranked among top two for GE/TC,
and top for TA.

Ablation Studies. Fig. 8 summarizes ablations.
(a) Increasing keyframes improves temporal con-
sistency. (b) Larger overlapping windows re-
duce seams. (c) Our method remains robust un-
der ego/exo-motion, partial framing, and occlu-
sions. (d) Scanning both horizontally and verti-
cally yields best results. (e) ControlNet ablations
(lineart, softedge, depth) show stable performance.
(f) Applied to RAVE, our approach improves both
spatial and temporal consistency.

4 Discussion

Our method obtains the highest CLIP-F scores across all frame lengths, indicating strong temporal
consistency. While TokenFlow achieves the highest WarpSSIM score for 36-frame sequences, our
method surpasses all competitors for 90-frame sequences, con�rming that our approach ensures better
structural consistency for longer videos. For CLIP-T, which measures alignment with the textual
prompt, our method outperforms all baselines in 8-frame and 36-frame sequences. For the 90-frame
sequences Patch'n Play obtains the second best score with 0.05 difference, indicating improved
semantic coherence across frames. Additionally, our Qedit scores surpass all baselines across 36-
frame and 90-frame sequences, highlighting that our method strikes a superior balance between
structural integrity (WarpSSIM) and textual alignment (CLIP-T). Overall, while some methods, such
as TokenFlow, show strong performance in short sequences, our method excels in both short and
long sequences, achieving the best trade-off between temporal consistency, structural coherence, and
textual alignment.
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A Related Work

Text-Driven Image Editing. Methods such as Dream-Booth [22] and Textual Inversion [8] demon-
strate diverse image generation through �ne-tuning in a few-shot manner. UniTune [27] and
Imagic [15], both based on the Imagen [23] model, exhibit strong editing performances. Recent
training-free methods like Prompt-to-Prompt [10], DiffEdit [ 7], Blended Diffusion [1], and Blended
Latent Diffusion [2] achieve local and detailed editing by leveraging attention properties.

Figure 5:Qualitative Comparison. We compare our approach with other methods on short and
long videos featuring diverse motions and objects. We demonstrate style editing (e.g., “Jeep moving
at night") as well as complex edits (e.g., transforming a wolf into a crochet style). We use videos
featuring backgrounds in motion (“a woman running") and different objects engaged in various
activities. For a fair comparison, all methods used SD 1.5 as the base method. Please zoom in for
clarity, and see the supplementary material for the full videos.

Text-Driven Video Editing. Recent studies emphasize zero-shot, training-free approaches for
practical applicability. Pix2Video [4] employs sparse-causal attention for temporal consistency along
with latent guidance, using the predictions of the original images as a proxy at each denoising
step. FateZero [20] uses attention features during inversion for spatio-temporal preservation and
blending, claiming that those are better in preserving motion and structure compared to that of during
sampling. FateZero [20], similar to Pix2Video [4], requires source prompts as it is built on the
Prompt-to-Prompt [10] editing technique. This method necessitates speci�c types of prompts on
the source prompt, thereby limiting editing diversity. Additionally, both are constrained to shorter
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