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Abstract

AI video generation is moving beyond general generation,001
which often relies on exhaustive prompt engineering and002
cherry-picking, toward fine-grained, controllable genera-003
tion and high-fidelity post-processing. In professional AI-004
assisted filmmaking, a key capability is video instance in-005
sertion: placing a specific object into an existing video006
at a designated spatial-temporal location while preserving007
scene dynamics and physically consistent interactions such008
as shadows and reflections. We present PISCO, a video009
diffusion framework for precise video instance insertion un-010
der arbitrary sparse keyframe control. PISCO supports011
single-frame, start-and-end-frame, or sparse keyframes at012
arbitrary timestamps, and automatically propagates appear-013
ance, motion, and interaction. To stabilize sparse condi-014
tioning, we introduce Variable-Information Guidance (VIG)015
and Distribution-Preserving Temporal Masking (DPTM),016
together with geometry-aware conditioning. We further con-017
struct PISCO-Bench, a benchmark with verified instance018
annotations and paired clean background videos. Experi-019
ments show that PISCO consistently outperforms represen-020
tative baselines and improves monotonically as additional021
control signals are provided.022

1. Introduction023

Recent advances in large-scale video generative models [46]024
have enabled high-fidelity video generation with increas-025
ingly realistic motion. As these models continue to evolve,026
the focus of video generation is shifting beyond producing027
visually plausible content toward highly controllable video028
generation and editing [41], with the long-term goal of en-029
abling Hollywood-grade AI-assisted filmmaking [37, 39].030
In this new paradigm, the priority is no longer to cherry-031
pick a barely acceptable output from numerous generations,032
but to reliably achieve precise user intent with minimal033
iteration.034

A particularly demanding yet under-explored capability035

in this context is precise video instance insertion: inserting 036
a specific object into an existing video at a precise user- 037
specified spatial location and temporal position, while pre- 038
serving the identity and dynamics of the original video. In 039
professional visual effects and post-production workflows, 040
instance insertion is not merely about adding a visually plau- 041
sible object, but about achieving precise control with mini- 042
mal iteration. In this setting, such precision entails several 043
requirements: ➊ Instance-level controllability, enabling 044
users to explicitly specify when and where an object appears; 045
➋ Physically plausible temporal propagation, where the 046
inserted object automatically evolves over time with coherent 047
pose and motion, following physically reasonable dynamics; 048
➌ Consistent scene adaptation, adjusting the background 049
for insertion-induced effects such as shadows and reflec- 050
tions; ➍ Background dynamics preservation, maintaining 051
original motions, identities, and temporal patterns without 052
disruption; ➎ Low-effort user interaction, where achieving 053
the above goals does not require dense per-frame annotations 054
or manual editing across the entire video. 055

Despite recent advances [57], these requirements re- 056
main largely unmet by existing paradigms. Video inpaint- 057
ing [42, 67] demands exhaustive per-frame mask annota- 058
tions (➎) and its copy-and-fill nature struggles with holistic 059
scene adaptation such as realistic shadowing (➌). Video- 060
to-video editing [22, 54] can propagate appearance but 061
lacks fine-grained spatiotemporal controllability for precise 062
object placement (➊). Agentic pipelines (image editing + 063
I2V) [18, 24] discard temporal context, often causing severe 064
background drift and disrupted scene dynamics (➍). Finally, 065
geometry-heavy 4D approaches [23, 36] improve spatial 066
reasoning but incur substantial computational overhead, rely 067
on fragile geometric priors, and struggle with complex dy- 068
namic object motions (➋). 069

To overcome these limitations, we propose PISCO 070
(Precise Instance insertion with Sparse COntrol), a video 071
diffusion framework designed for professional-grade inser- 072
tion with minimal user effort. PISCO allows users to specify 073
instance conditions at arbitrary sparse keyframes (e.g., first 074
frame only, or first & last frames). Built upon the Wan back- 075
bone [46], it incorporates a multi-channel context adapter to 076
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ingest instance RGB, masks, depth, and an explicit availabil-077
ity signal. However, sparse control introduces a critical chal-078
lenge: naïvely masking missing frames causes severe distri-079
bution shifts in pretrained temporal VAEs, leading to flicker-080
ing and rendering artifacts. PISCO solves this via Variable-081
Information Guidance (VIG) to train robustly across vary-082
ing condition densities, and Distribution-Preserving Tem-083
poral Masking (DPTM) to stabilize VAE inputs. Coupled084
with geometry-aware conditioning, these mechanisms enable085
coherent propagation and scene-consistent interaction.086

To rigorously evaluate this task, we construct087
PISCO-Bench, a curated benchmark derived from088
BURST [4], featuring verified masks and paired clean back-089
ground videos generated via side-effect-aware removal [38].090
Extensive reference-based and reference-free experiments091
show that PISCO consistently outperforms strong inpainting092
and video editing baselines, while exhibiting monotonic093
improvements as additional sparse control frames are094
provided. Our contributions are summarized as follows:095

• We introduce PISCO, a video diffusion framework for096
precise video instance insertion under arbitrary sparse097
keyframe control.098

• We propose VIG and DPTM, two dedicated mecha-099
nisms that address sparse-control temporal ambiguity and100
temporal-VAE distribution shift.101

• We construct PISCO-Bench and demonstrate that102
PISCO significantly outperforms representative baselines103
while benefiting consistently from additional sparse con-104
trol signals.105

2. Related Work106

Video Inpainting for Video Instance Insertion. Video in-107
painting [42] has been widely studied for object removal,108
insertion, and restoration. Earlier methods relied on 3D-109
CNNs [9, 19, 48], optical flow [13, 25, 28, 30, 56, 68], and110
later Transformers [8, 33, 34, 66] to improve temporal co-111
herence. More recent approaches adopt diffusion models112
and video foundation models [6, 14–16, 26, 27, 29, 46, 47,113
57, 63, 67]. However, standard inpainting typically requires114
dense per-frame masks at inference, which is impractical for115
precise insertion of non-existent dynamic objects. In con-116
trast, our method operates from sparse keyframe conditions.117

Reference-Guided Video-to-Video Editing. Reference-118
guided video editing uses image or text conditions to guide119
synthesis. Recent frameworks such as UniVideo [54],120
VACE [22], VideoDirector [52], and ContextFlow [11] ex-121
pand controllable video generation, while object-centric edit-122
ing has also been explored for insertion, replacement, and123
storytelling [12, 17, 45]. Despite these advances, most meth-124
ods still behave as global video-to-video translation systems125
and lack the fine-grained spatial-temporal control required126

for precise instance insertion. 127

Image-to-Video Generation and Propagation. Another 128
line of work follows a generate-then-animate paradigm: 129
edit one or several keyframes using image editing mod- 130
els [7, 35, 55], then animate them with I2V or transition 131
models [18, 24, 31, 40, 50, 51, 59]. Motion-specialized 132
architectures further improve motion control [43, 60, 64]. 133
However, because these methods regenerate the full video 134
rather than conditioning on the original one, they often suf- 135
fer from background hallucination and temporal drift. Our 136
approach instead preserves the original background video as 137
a persistent condition. 138

4D Reconstruction and Manipulation. To improve geo- 139
metric consistency, some methods lift videos into 3D or 4D 140
representations. Place Anything into Any Video [36], Any- 141
thing in Any Scene [5], and InsertAnywhere [23] exploit 142
depth, flow, or scene geometry for physical placement and 143
occlusion reasoning. While effective for geometry-aware 144
editing, these methods are typically computationally heavy, 145
sensitive to geometric priors, and less suitable for diverse 146
dynamic insertions. Our method instead uses lightweight 147
geometry-aware conditioning to improve compositing and 148
occlusion handling without requiring full 4D reconstruction. 149

3. Method 150

3.1. Problem Formulation 151

Given paired videos {V̂ , V } of length T , where V̂ = 152
{V̂t}Tt=1 contains a foreground instance and V = {Vt}Tt=1 153
depicts the same scene without that instance, our goal is 154
to synthesize an edited video Ṽ in which the instance is 155
naturally inserted into V with accurate spatial placement, 156
coherent motion, and plausible occlusion relationships. 157

We represent the instance-side conditions as an RGB 158
instance clip I = {It}Tt=1, its mask M = {Mt}Tt=1, and 159
instance depth DI = {DI,t}Tt=1. We additionally compute 160
background depth DV from V to provide geometric cues. 161

Availability mask. To model sparse user guidance, we de- 162
fine an availability mask A = {At}Tt=1, where At ∈ {0, 1} 163
indicates whether instance-side conditions are available at 164
time t. The masked conditions are 165

IA = A⊙I, MA = A⊙M, DA
I = A⊙DI , (1) 166

while DV remains fully available. 167

Conditional diffusion objective. Let z0 denote the target- 168
video latent from a pretrained temporal VAE, and let zt be 169
the noisy latent at diffusion step t. We train a denoising 170
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Figure 1. Overview of PISCO. PISCO performs precise video instance insertion under sparse keyframe control. VIG exposes the model to
diverse conditioning densities, while DPTM stabilizes sparse conditioning for pretrained temporal VAEs. RGB, mask, depth, and availability
cues are injected through a multi-channel context adapter.

model ϵθ with171

L = Ez0,ϵ,t, A

[∥∥ϵ− ϵθ
(
zt, t, V, DV , I

A, DA
I , M

A, A
)∥∥

2

]
.

(2)172
In practice, ϵθ is implemented with the Wan backbone [46]173
and a modified VACE context adapter [22].174

3.2. Core Design175

Variable-Information Guidance. To ensure robust-176
ness across different user-control densities, we introduce177
Variable-Information Guidance (VIG), which samples178
availability masks during training. The model is exposed179
to a mixture of extremely sparse, sparse, dense, and fully180
supervised regimes, enabling it to propagate motion under181
limited guidance while retaining appearance fidelity when182
stronger supervision is available.183

Distribution-Preserving Temporal Masking. Modern184
video generators often rely on pretrained temporal VAEs [1,185
10, 32, 46, 49, 58, 65]. Directly zero-masking unavail-186
able frames causes severe distribution shift. We there-187
fore introduce Distribution-Preserving Temporal Masking188
(DPTM), which first fills missing frames in pixel space to189
maintain natural encoder statistics, then applies masking in190
token space and provides an aligned availability channel to191
explicitly indicate which conditions are observed.192

Geometry- and appearance-aware training. We further193
improve insertion realism with depth-aware conditioning,194

pseudo-amodal instance augmentation [2, 3], and relighting 195
augmentation using IC-Light [61]. These components im- 196
prove depth ordering, occlusion handling, and illumination 197
compatibility without requiring heavy 4D reconstruction. 198

4. Experiments 199

Benchmark and settings. We introduce PISCO-Bench, a 200
curated benchmark of 100 diverse real-world videos derived 201
from BURST [4]. We manually refine the instance masks 202
and use ROSE [38] to generate paired clean background 203
videos. We evaluate both PISCO-1.3B and PISCO-14B 204
under First-frame and First & Last-frame control, and 205
additionally report a Five-Frame setting for PISCO. Since 206
no open-source method supports identical sparse keyframe 207
conditioning, we adapt representative baselines from three 208
categories: Image Editing + I2V Generation, Video In- 209
painting, and Reference-guided V2V Editing. All methods 210
are evaluated on 49-frame videos at 832× 480 resolution. 211

Reference-based evaluation. Using ground-truth pairs 212
(V, V̂ ), we evaluate generated videos with FVD [44], 213
LPIPS [62], PSNR [21], and SSIM [53], measured on both 214
the whole video and the foreground region. As shown in 215
Table 1, PISCO consistently outperforms all baselines. Im- 216
age Editing + I2V suffers from background hallucination, 217
inpainting methods preserve backgrounds but lag in tempo- 218
ral coherence and object fidelity, and VACE is the strongest 219
baseline overall. Still, PISCO-14B with First & Last control 220
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Table 1. Reference-based quantitative results. Comparisons
on both whole-video and foreground regions. Gray rows indicate
the Five-Frame setting, reported to demonstrate scalability with
additional sparse controls.

Method Whole Video Foreground

FVD ↓ LPIPS ↓ PSNR ↑ SSIM ↑ FVD ↓ LPIPS ↓ PSNR ↑ SSIM ↑

Image Editing + I2V Generation

First Only 826 0.451 15.47 0.55 297 0.030 30.24 0.97
First + Last 624 0.392 16.44 0.56 250 0.030 30.38 0.98

Video Inpainting

CoCoCo 590 0.191 23.62 0.80 398 0.031 30.26 0.97
VideoPainter 524 0.154 23.11 0.78 384 0.035 29.27 0.97

Video-to-Video Editing

VACE14B 371 0.103 25.55 0.88 273 0.028 30.55 0.98
UniVideo 485 0.211 19.22 0.61 310 0.031 29.21 0.97

PISCO 1.3B (Ours)

First Only 398 0.121 25.35 0.87 243 0.029 30.51 0.98
First + Last 269 0.103 27.01 0.88 171 0.024 32.99 0.98
Five Frames 172 0.089 28.53 0.89 104 0.018 35.07 0.98

PISCO 14B (Ours)

First Only 337 0.116 24.81 0.88 222 0.029 30.61 0.97
First + Last 204 0.097 26.58 0.89 138 0.022 33.58 0.98
Five Frames 136 0.084 28.01 0.90 75 0.015 35.94 0.98

Table 2. Reference-free VBench comparison. PISCO achieves
the strongest overall perceptual quality among standard settings and
continues to improve as additional sparse keyframes are provided.

Method
Background
Consistency

Subject
Consistency

Aesthetic
Quality

Imaging
Quality

Motion
Smoothness

Overall
Consistency

Temporal
Flickering

Temporal
Style Average

Image Editing + I2V Generation

First Only 91.43 83.86 48.83 59.01 97.89 15.11 95.89 15.11 63.39
First + Last 92.28 85.09 49.47 59.71 98.18 15.58 96.26 15.58 64.02

Video Inpainting

CoCoCo 94.63 89.55 47.81 55.76 98.67 14.61 97.69 14.61 64.17
VideoPainter 94.51 89.14 47.82 57.68 98.97 13.85 97.77 13.85 64.20

Video-to-Video Editing

VACE14B 94.21 90.29 48.69 60.95 98.90 14.87 97.56 14.87 65.04
UniVideo 94.04 89.88 49.41 60.84 98.80 15.51 97.01 15.92 65.18

PISCO 1.3B (Ours)

First Only 93.72 87.16 47.70 60.67 98.85 14.92 97.54 14.92 64.43
First + Last 94.07 91.33 49.48 61.18 98.86 15.58 97.51 15.58 65.45
Five Frames 94.23 91.45 50.01 62.09 98.86 15.61 97.67 15.61 65.89

PISCO 14B (Ours)

First Only 93.84 87.26 48.24 60.80 98.79 15.14 97.26 15.14 64.56
First + Last 94.20 91.57 50.08 62.00 98.79 15.64 97.21 15.64 65.64
Five Frames 94.42 91.98 51.45 62.87 98.89 15.82 97.34 15.57 66.04

reduces whole-video FVD from 371 to 204 and foreground221
FVD from 273 to 138. Additional sparse controls further222
improve performance in the Five-Frame setting.223

Reference-free evaluation. For reference-free evaluation,224
we employ VBench [20] and adapt it with instance masks225
to separately assess subject and background consistency.226
As shown in Table 2, PISCO achieves the strongest over-227
all perceptual quality among standard settings. In particu-228
lar, it yields better subject consistency and visual quality229
than prior baselines, while remaining competitive on back-230
ground preservation. Performance further improves when231
more sparse controls are provided.232

First & Last

CoCoCo

First Only

UniVideo

VideoPainter

VACE 14B

Target

Clean

(A) (B)

PISCO (Ours)

Video Inpainting

Video-to-video Editing

Agentic Image Editing + I2V Editing

First & Last

First Only

Figure 2. Qualitative comparison. Existing methods struggle
with background preservation, instance fidelity, or spatial-temporal
alignment. In contrast, PISCO produces stronger object fidelity,
more consistent scale and motion, and better preservation of origi-
nal scene dynamics, especially under sparse First & Last control.

Qualitative results. Figure 2 shows that prior methods often 233
fail in different ways: agentic pipelines tend to regenerate 234
the scene and drift in the background, inpainting methods 235
weaken or blur the inserted object, and V2V baselines may 236
lose precise long-term control. In contrast, PISCO achieves 237
stronger spatiotemporal alignment and scene consistency, 238
especially when sparse endpoint constraints are provided. 239

5. Conclusion 240

We presented PISCO, a video diffusion framework for 241
precise video instance insertion under sparse user control. 242
By combining Variable-Information Guidance, Distribution- 243
Preserving Temporal Masking, and geometry-aware condi- 244
tioning, PISCO addresses key challenges in sparse-control 245
video generation and significantly outperforms represen- 246
tative inpainting, video editing, and agentic baselines on 247
PISCO-Bench. Moreover, it improves monotonically as 248
more sparse control frames are provided, supporting a con- 249
trollable and scalable paradigm for instance-centric video 250
editing. 251
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