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A. Additional Dataset Details
A.1. Pipeline Details
Video selection. We select videos from Ego4D [19] and
EgoExo4D [20] according to the following criteria. The
video must be captured with one of the following camera
models: GoPro Hero 4, GoPro Hero Black 7, GoPro Hero
Black 8, GoPro Hero Black 9, GoPro Hero Silver 7, or Go-
Pro Max, and it must be monocular rather than binocular.
Furthermore, to ensure that the videos are sharp and visu-
ally informative, we apply additional filtering based on jitter
scores and aesthetic scores.
Hand mask segmentation. We employ WiLoR [47] for
hand detection, applying a confidence threshold of 0.75 on a
frame-by-frame basis. From the detected frames, we select
the three with the highest confidence scores and use their
hand masks to generate point prompts for SAM2 [52], en-
abling the creation of dense and temporally consistent hand
masks across frames.
Object names extraction. We employ Qwen2.5-VL-
32B [2] to extract object names. For inputting the video,

we sub-sample the video with 2 fps into frames and ask the
model what is held by the hand in the video.
Object mask segmentation. We use the extracted object
names to prompt Grounded-SAM [54] to generate object
masks for each frame. A mask confidence threshold of 0.4
and a text threshold of 0.35 are applied. Each object mask
is then filtered based on its distance to the hand skeleton
and the edge of the hand mask. If multiple objects are de-
tected in a single frame, we select the mask closest to the
hand mask. To refine the prompts, we exclude regions cor-
responding to the hand masks and use the remaining object
mask areas from the top three frames with the highest confi-
dence scores to generate point prompts for SAM2, enabling
the creation of dense and consistent object masks.
Object Editing. We use the object masks to generate rect-
angular masks for each frame, expanding them with an ad-
ditional margin. A Gaussian dilation with a kernel size of
50→50 px is then applied to these rectangular masks. Af-
ter excluding the regions corresponding to the hand masks,
the resulting final masks are used by VACE-14B [24] to
produce the edited videos. The resolution of the generated
videos is 1920→1104 px.

A.2. Dataset statistics
EgoEditData contains approximately 93,600 video editing
pairs, each consisting of a source video, a target video, and a
corresponding instruction prompt. Our dataset is built upon
two egocentric video datasets with 6.4% of the videos origi-
nating from EgoExo4D [20], and the remaining 93.6% orig-
inating from Ego4D [19]. EgoEditData focuses on object
manipulation in egocentric videos.

Figure 7a presents the word cloud of source objects de-
scriptions, while Figure 7b shows the word cloud of tar-
get objects descriptions. Overall, thanks to the sampling
of target object names through GPT-5 Mini [45] used dur-
ing the Object Editing phase of dataset construction, the
dataset contains 13,632 distinct target objects compared to
3,199 unique source objects, enhancing diversity. We also
report in Figure 7c the distribution of the instruction prompt
lengths. With a mean of 378 characters, most prompts con-
tain detailed instructions specifying target object, scene de-
tails and style, while certain tasks not requiring such context
such as Remove/Add Object have more concise prompts like
“Remove/Add an {object}.”. Finally, Figure 8 shows the
ten most frequent scenarios in EgoEditData as categorized
by the original egocentric datasets, highlighting a balanced
distribution across different types of scenes and scenarios.

B. Additional Method Details
B.1. Text-to-Video Model
State-of-the-art methods [28, 60, 71] in text-to-video gen-
eration commonly adopt the latent diffusion [21] paradigm,
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Figure 7. Overview of dataset statistics. (a) and (b) illustrate the word clouds for the source and target object descriptions respectively.
While source object descriptions focus on everyday objects, target descriptions often contain descriptions of materials and special effects.
(c) shows the distribution of prompt lengths. Short prompts in (c) correspond to instructions not requiring context such as “Remove/Add

an {object}”.
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Figure 8. Distribution of most frequent scenarios in EgoEditData
according to the original egocentric datasets [19, 20] categoriza-
tion.

DiT-like [46] transformer backbones, and the Flow Match-
ing [37, 41] framework. Our pretrained text-to-video model
follows the same paradigm. We model videos in the la-
tent space of a Wan 2.1 autoencoder [60] which performs
an 8 → 8 → 4 compression along the height, width, and
time dimensions respectively. Input and output linear pro-
jections perform 2→ 2 spatial patchification to further in-
crease compression. The main backbone consists of a 10.7B
transformer backbone composed of 32 identical transformer
blocks with 4096 hidden dimensions and 32 heads. Each
block employs self attention, followed by cross attention for
text conditioning, and a final MLP, and uses modulation [9]
for timestep conditioning. QK normalization [15] and Flash
Attention [12] are used for every attention operation to im-
prove stability and speed. Text tokens are extracted using
a combination of pretrained T5 [51] and CLIP [50] text en-
coders. The model performs inference in 40 steps using an
Euler solver and is trained at a maximum resolution of 512
px.

B.2. Training Details
Training configuration.

We finetune the pretrained text to video model for 30k

iterations with a total batch size of 96 videos using 48 H100
GPUs. We use AdamW [42] optimizer with lr 1e-5, a learn-
ing rate scheduler with linear warmup of 1000 steps, weight
decay of 0.1, beta values of 0.99 and exponential moving
average of 0.9999.
Editing data corpora. We collect a corpus of editing
data to supplement EgoEditData for the non-egocentric
case. We consider the following publicly available edit-
ing datasets: GPT-Image-Edit-1.5M [63], ShareGPT-4o-
Image, Complex-Edit, HQEdit, OmniEdit [64], and Ul-
traEdit. In addition, we employ internal data generation
pipelines for the creation of additional editing training data.
The pipelines employ Qwen-Image-Edit [65] to generate
2M image editing examples, and a combination of models
including Wan VACE [24], Wan-Animate and MiniMax-
Remover to generate an additional corpus of 210k video
editing data containing edit categories including object ad-
dition and removal, object substitution, human edits. Gener-
ated editing pairs are assessed through a combination of au-
tomated and manual filtering. In addition, the pipeline syn-
thesizes 1.1M video editing data pair by considering natural
videos and pairing them with depth estimation, pose estima-
tion, edge estimation, and optical flow estimation models.
The training data is composed of multiple datasets. Dur-
ing training, we apply importance sampling with weights of
28% for EgoEditData, 52% for other video editing datasets,
and 20% for image editing datasets. Within each cat-
egory, individual datasets are weighted proportionally to
their sizes.

B.3. Distillation Procedure Details
The distillation procedure is responsible for enabling real-
time and low-latency execution of EgoEdit starting from
the finetuned video editing method. The original model
performs inference of 5s, 512→384px, 16 fps videos us-
ing 40 steps with classifier-free guidance, for a total of 80
model evaluations (NFEs). As every model evaluation takes
86ms on a single H100 GPU, the resulting throughput is of
only 11.9fps, which additionally decreases to 9.68fps when



considering autoencoder source video encoding and target
video decoding times, far from the 16fps required for real-
time performance (see Table 2).

The first phase of distillation thus performs step and
guidance distillation using DMD to yield a model capable
of producing a 5s 512→384px 16fps video in 4 NFEs, for
a 20→ increase in model throughput. While the model now
possesses a throughput of 43.5fps after application of the
autoencoder, the full video needs to be sampled before the
first frame can be displayed, and the autoencoder needs to
be run on the full source and target videos, creating a first
frame latency of 6.93s, inhibiting interactive usage. We per-
form DMD distillation for 3500 iterations with a total batch
size of 64 using 32 H100 GPUs. We use the AdamW [42]
optimizer with lr 1e-6 for the generator and 4e-7 for the fake
score model, 5 steps per generator update, weight decay of
0.1, beta values of 0.99 and exponential moving average of
0.99.

To enable interactive usage, Self Forcing [23] performs
distillation of the bidirectional DMD model into an autore-
gressive model capable of producing videos in a chunk-by-
chunk fashion. In this way, the first frame can be displayed
to the user right after the first chunk is sampled and decoded
by the autoencoder, reducing first frame latency to 855ms.
We use a configuration of Self Forcing where latent frames
are denoised in chunks spanning three consecutive latent
frames [23]. We conduct Self Forcing distillation starting
directly from the DMD distilled checkpoint for 3500 itera-
tions with a total batch size of 64 using 64 H100 GPUs. We
use an AdamW [42] optimizer with lr 1e-6 for the generator
and 4e-7 for the fake score model, 10 steps per generator
update, weight decay of 0.1, beta values of 0.99 and expo-
nential moving average of 0.99. We find that the model can
quickly adapt to autoregressive modeling when initialized
from the DMD checkpoint, so we skip the ODE initializa-
tion phase [23]. We use 7 chunks for generation and each
chunk contains 3 latent frames with 21 latent frames in total.
Following [23], to imitate the generation for longer videos,
during training, we mask the first chunk of the latent frames
when generating the last chunk and we use a window size
of 5 chunks as condition during inference.

C. Additional Benchmark Details
C.1. Evaluation Tasks

Starting from 100 unique egocentric source videos, we
construct a benchmark spanning 15 editing tasks. We en-
sure diversity by clustering source objects and scenario
names using sentence embeddings and then uniformly sam-
ple source videos across clusters. Conditioned on each
source video, its caption, and the source object, we use
a GPT-5 Mini [45] to produce task-specific instruction
prompts. Below we include details on constructing the

source video and instruction prompt for each editing task.

• Remove Object: We aim to evaluate the model’s abil-
ity to remove certain objects from the video while keep-
ing the other parts of the video consistent with the source
video. We select 50 source videos from the EgoEditData
and their instruction prompts. We include them in the
benchmark and remove them from the training set.

• Add Object: We aim to evaluate the model ability to in-
sert a specified object into the scene while keeping the
rest of the video consistent with the source. We select 50
source videos from the EgoEditData together with their
instruction prompts. We use source videos from the Add

Object task, where target object is absent and syntheti-
cally removed following the EgoEditData pipeline. We
include these in the benchmark and exclude them from
the training set.

• Change Object: We evaluate the model’s ability to al-
ter a specified object, either by modifying an attribute
or replacing it with a new specified object while keeping
the rest of the video consistent with the source. For each
sampled source video, we create four instruction prompts:
two that perform a pure replacement (object: a↑ b) and
two that pair the replacement with an added effect on the
new object (e.g., fire or glow). In total, we obtain 400
videos for evaluating the Change Object task. Instruction
prompts are designed following EgoEditData pipeline.

• Change Background: We evaluate the model’s ability
to replace or edit the background while preserving fore-
ground identity and motion. To construct instructions,
we provide GPT-5 Mini [45] with a few source frames
and the video caption and request an editing instruc-
tion prompt with a semantically compatible target back-
ground.

• Change Camera Pose: We assess recomposition via a
specified camera trajectory (pan/tilt/dolly/zoom) without
altering scene events. Instruction prompts are generated
by GPT-5 [45] Mini by prompting it with the video cap-
tion which contains a description of the camera pose in
the source video.

• Add Effect: We evaluate adding post-processing effects
while preserving scene content. These effects usually op-
erate as global filters (e.g., motion blur, VHS, glow, film
grain) that are independent of the particular video. Ac-
cordingly, we construct instructions by prompting GPT-5
Mini—primed with a few in-context examples from Ed-
itVerseBench [26] and to ask it to propose a diverse pool
of effect editing instructions, from which we randomly
sample one per clip.

• Stylization: We mirror the procedure of Add Effect by
providing GPT-5 Mini with EditVerseBench [26] exam-
ples and ask it to propose diverse set of style editing in-
structions. We sample one randomly per source video.

• Reasoning: We evaluate edits that rely on spatial and



temporal reasoning. Given the source video and its
caption, we prompt GPT-5 Mini [45] to propose an
editing instruction tied to an explicit anchor (event
or timestamp) or disambiguating relations (e.g., left-
of/behind/before/after). The instruction deliberately
avoids explicitly naming a unique target and instead fo-
cuses on giving an instruction where the correct object
must be inferred from context.

• Depth-to-Video: We convert the source video into a
depth map using Depth Anything [69], and construct the
instruction prompt as (“Turn the depth map into a video

with the following description: caption.”) where the cap-
tion is the source video caption describing the appearance
of the scene.

• Sketch-to-Video: We convert the source video into
Canny edge maps using OpenCV, and construct the in-
struction prompt as (“Turn the canny edge map into a

video with the following description: caption.”), where
caption is the source video caption describing the scene’s
appearance and layout.

• Pose-to-Video: We convert the source video into 2D hu-
man poses using DWpose [70], and construct the instruc-
tion prompt as (“Turn the DWpose pose map into a video

with the following description: ↓caption↔.”), where cap-
tion is the source video caption specifying the subject’s
identity, attire, and overall scene appearance.

• Video-to-Depth: We prompt the model to convert a video
into a temporally consistent depth map. For this task, we
use fixed instruction prompt (“Turn the video into a depth

map.”).
• Video-to-Sketch: We use a fixed instruction prompt of

(“Turn the video into a Canny edge map.”).
• Video-to-Pose: We use a fixed instruction prompt (“Turn

the video into a DWpose pose map.”).
• Combined (Multi-Task): We compose multiple edit-

ing prompts from the same source video (e.g., Pose-to-
Video + Change Background + Stylization) by sampling
a subset of instruction prompts and prompting a GPT-5
Mini [45] to compose a single instruction prompt that
combines all of the tasks together.

C.2. EgoEditBench-Human Alignment
To evaluate the reliability of the VLM score employed in
EgoEditBench, we conduct a study on EgoEditBench com-
paring VLM and human preference alignment. Given 30
randomly sampled benchmark element per category, and a
baseline method, we conduct VLM evaluation of EgoEdit
and the baseline following EgoEditBench protocol and, for
each sample, assign VLM preference to the method with
highest VLM score. Simultaneously we ask a human evalu-
ator to express preference for each sample for our method or
the baseline. Results are shown in Table 4. VLM and user
preferences are in high agreement, with 86.2% and 84.9%

of cases on average, respectively when evaluated against
LucyEdit and InsV2V. We thus rely on VLM score as the
main benchmark metric.

D. Evaluation Details

D.1. Baseline Details

To ensure a fair comparison, we use each baseline’s default
inference hyperparameters including the number of frames,
frames-per-second (FPS), spatial resolution, and inference
settings such as guidance scale and sampling steps. Below,
we include the specific hyperparameters we used for evalu-
ating each baseline:

• TokenFlow. We rely on Stable Diffusion 1.5 as the back-
bone. We use 16 frames at a resolution of 512→512 px.
We start editing from noise level of 0.9. We use the de-
fault guidance scale of 7.5 for 50 steps.

• STDF. We use 24 frames at 10 fps and 40 inference steps
and 10 optimization steps. We use a guidance scale of 10
and inference at the resolution of 576→ 320.

• SENORITA (Senorita-2M). We use 33 frames at 8 fps
and 768 → 448 resolution, with guidance scale of 4 and
30 inference steps. We use CogVideoX as the backbone.
To obtain the edited first frame, we use the first frame
generated by our model instead of relying on pretrained
ControlNets, following [26]. We crop and resize the first
frame generated by our method to the default resolution
of SENORITA.

• AnyV2V. We use 16 frames at 8 fps and 512 → 512,
guidance of 9, with 100 inversion steps plus 50 edit
steps. Similarly, we use the first frame generated by our
model instead of relying on pretrained ControlNets, fol-
lowing [26]. We crop and resize the first frame generated
by our method to the default resolution of AnyV2V.

• InsV2V. We use 32 frames at 15 fps and 384→ 384, with
the default guidance for the video branch (1.2) and text
branch (7.5), over 20 inference steps.

• Lucy-Edit. We use 81 frames at 15 fps with 832 → 480
resolution, guidance scale of 5, and 50 inference steps.

• EditVerse. Since EditVerse is a closed source model, we
only compare on EditVerseBench, where we rely on its
published samples. We omit the results on EgoEditBench
since we do not have access to the model to generate the
required results.

• StreamDiffusion. We use the image-to-image editing
pipeline for the video editing task. We process 81 frames
and 16 fps at the resolution 832→ 480.

• StreamDiffusionV2. We use the streaming setup at 832→
480 with an 81 frames sequence and 16 fps, using a very
light 2–4 denoising steps.



VLM Mean Score Preference (VLM) Preference (User Study) Agreement (%)

Task EgoEdit LucyEdit InsV2V vs LucyEdit vs InsV2V vs LucyEdit vs InsV2V LucyEdit InsV2V

Add Object 7.83 4.12 5.47 29 (100%) 29 (97%) 29 (100%) 29 (97%) 100.0 93.3
Change Camera Pose 7.11 6.93 7.30 20 (67%) 14 (47%) 27 (90%) 28 (93%) 70.0 40.0
Change Object 7.61 6.49 4.09 23 (77%) 26 (87%) 29 (97%) 30 (100%) 80.0 86.7
Change Background 7.28 5.10 4.46 29 (97%) 27 (90%) 28 (93%) 29 (97%) 90.0 86.7
Combined (Multi-Task) 7.96 6.36 4.66 30 (100%) 29 (97%) 29 (97%) 30 (100%) 96.7 96.7
Depth-to-Video 8.53 7.44 5.72 30 (100%) 30 (100%) 30 (100%) 30 (100%) 100.0 100.0
Add Effect 6.41 5.29 5.96 24 (80%) 19 (63%) 24 (80%) 27 (90%) 80.0 73.3
Video-to-Pose 7.90 4.63 4.39 30 (100%) 30 (100%) 28 (93%) 28 (93%) 93.3 93.3
Pose-to-Video 8.58 7.18 4.77 28 (93%) 30 (100%) 28 (93%) 29 (97%) 86.7 96.7
Reasoning 6.69 5.30 4.85 24 (80%) 23 (77%) 25 (83%) 29 (97%) 63.3 73.3
Remove Object 6.72 5.04 5.71 25 (83%) 23 (77%) 26 (87%) 29 (97%) 76.7 73.3
Sketch-to-Video 8.81 6.31 5.54 30 (100%) 30 (100%) 27 (90%) 30 (100%) 90.0 100.0
Stylization 7.88 4.68 6.70 29 (97%) 25 (83%) 29 (97%) 29 (97%) 93.3 80.0
Video-to-Depth 8.80 4.00 4.80 30 (100%) 30 (100%) 28 (93%) 28 (93%) 93.3 93.3
Video-to-Sketch 9.00 3.78 4.34 30 (100%) 30 (100%) 24 (80%) 26 (87%) 80.0 86.7

Overall 7.76 5.44 5.24 411 (91%) 395 (88%) 411 (91%) 431 (96%) 86.2 84.9

Table 4. Study on EgoEditBench comparing VLM and human preference alignment. We conduct VLM evaluation following EgoEditBench
protocol and for each sample, assign VLM preference to the method with highest VLM score. Simultaneously we ask a human evaluator
to express preference for a sample from one of two compared methods. We find VLM and user preference to be in agreement in 86.2% and
84.9% of cases on average, respectively when evaluated against LucyEdit and InsV2V.

D.2. Metrics Details

We closely follow [26] when computing metrics for our
benchmark. We evaluate edit quality with a VLM-based
judge, overall video quality with PickScore, text alignment
at the frame and video levels, and temporal consistency with
CLIP and DINO. Because frame- and video-level text align-
ment are highly correlated in our setting, we report only the
video-level score for brevity. We also find the CLIP- and
DINO-based consistency metrics to be strongly correlated,
so we rely on the CLIP consistency metric for temporal con-
sistency. Among all metrics, we found the VLM score to
align well with human judgment (see Table 4), so we use
it as our primary quality signal. For EgoEditBench, we use
exactly the same evaluation prompts as [26] when comput-
ing the VLM editing-quality score.

E. Additional Results

E.1. Additional In-the-Wild Results

We present in Figure 10 and Figure 9 additional in-the-wild
qualitative examples produced by EgoEdit-RT in real-time
on a single H100 GPU for the egocentric and exocentric
cases respectively. EgoEdit-RT can perform complex edits
such as transforming markers placed on the floor into pillars
of the Golden Gate Bridge, model fluid effects, change a
location into a haunted mansion, add animals that interact
with the environment and the user, or perform stylization.

E.2. Additional Comparison to Baselines
We present additional qualitative results in Figure 11 com-
paring EgoEdit to baseline video editing methods. EgoEdit
and its real-time variant EgoEdit-RT are capable of per-
forming a range of editing tasks including object attribute
changes, object replacement, object insertion, style trans-
fer, background changes, and conversion to depth map. We
observe concurrent offline methods [58] and real-time video
editing methods [17, 27] to often fail in the egocentric case,
with failure modes often manifesting as inability to produce
any change over the source video, or modifying the input
beyond what is requested in the editing instruction. In addi-
tion, Table 5 reports per-category VLM scores on EgoEdit-
Bench for our method and baselines.

E.3. Additional Distillation Ablation Results
Figure 12 shows additional qualitative results comparing
variants of EgoEdit at different stages of distillation: the
starting 40-step (80 NFEs) video editing checkpoint ob-
tained after finetuning of the pretrained video generation
model (EgoEdit), the 4-step (4 NFEs) variant obtained as
a result of the DMD distillation phase (EgoEdit-DMD), and
the real-time streaming variant obtained at the end of Self
Forcing training (EgoEdit-RT). We observe similar qualita-
tive performance among the distilled variants as shown in
the figure. We observe EgoEdit-RT to occasionally present
temporal shifts at the boundaries between different chunks
of predicted frames. In addition, when qualitatively evalu-
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TokenFlow 5.56 5.67 5.37 5.02 5.39 4.05 5.80 5.62 0.52 5.24 5.49 3.73 6.01 5.88 5.54 4.99
STDF 4.59 4.40 4.83 4.82 5.27 4.71 4.67 5.33 2.58 4.13 4.55 4.00 5.33 5.17 4.45 4.59
Señorita-2M 7.85 7.34 7.35 6.64 7.10 8.48 7.24 6.68 7.85 7.61 6.93 8.49 6.75 8.41 8.05 7.52
AnyV2V 7.72 7.55 7.22 6.58 6.42 7.14 7.32 6.66 2.62 7.52 7.21 5.29 6.58 7.35 7.56 6.72
InsV2V 5.67 7.26 3.99 4.42 4.85 5.60 6.30 4.39 4.69 4.41 5.52 5.55 6.73 4.79 4.40 5.22
Lucy Edit 4.31 6.92 6.25 4.67 6.15 7.31 5.16 4.49 7.13 5.68 4.81 6.52 4.65 3.88 3.72 5.46
StreamDiffusion 3.95 3.06 3.44 5.29 5.60 5.53 3.62 5.43 2.66 3.26 2.91 5.20 6.32 4.45 4.02 4.31
StreamDiffusionV2 1.63 1.76 2.42 2.21 3.62 4.66 2.42 3.52 2.45 1.10 1.02 3.33 3.19 3.53 1.37 2.55

EgoEdit 7.89 6.79 7.84 7.45 7.74 8.57 6.32 7.87 8.57 6.79 6.82 8.70 7.46 8.70 8.93 7.76
EgoEdit-DMD 7.91 6.76 8.04 5.36 7.29 8.01 5.92 8.07 5.60 7.16 7.46 7.76 6.45 8.95 8.96 7.42
EgoEdit-RT 7.79 6.67 8.09 7.57 7.83 8.52 6.40 8.48 8.31 7.54 4.01 7.92 7.43 8.89 8.98 7.83

Table 5. Breakdown of per-category EgoEditBench VLM scores for EgoEdit and baselines.

Method VLM → PS → TA → TC →

EgoEdit 7.80 19.09 16.91 96.74
EgoEdit-DMD 7.42 18.95 16.52 96.87
EgoEdit-RT 7.83 19.04 16.49 96.49

Table 6. Quantitative comparison of EgoEdit variants on EgoEd-
itBench: “VLM” is VLM evaluation score, “PS” is Pick Score,
“TA” is Text Alignment, “TC” is Temporal Consistency. EgoEdit-
RT is the real-time version, and EgoEdit-DMD is the bidirectional
DMD variant.

ated on in-the-wild cases, distilled variants (EgoEdit-DMD,
EgoEdit-RT) exhibited a lower capacity of handling com-
plex out-of-distribution editing instructions. In addition, Ta-
ble 6 reports full evaluation scores on EgoEditBench for all
distilled variants of EgoEdit.

E.4. Additional Dataset Ablation Results

In Figure 13, we show qualitative examples produced by
different variants of EgoEdit trained on our training data
mixture same as the main experiment (Table 1) with re-
duced portions of EgoEditData. As the portion of EgoEd-
itData increases, we notice increase quality of edits and
improved alignment to the source video. We additionally
evaluate whether increasing the amount of data in EgoEdit-
Data can result in improved performance in non-egocentric
benchmarks. Table 7 compares variants of EgoEdit trained
with a data mixture same as the main experiment includ-
ing versions of EgoEditData of reduced size, on the Ed-
itVerseBench benchmark, which mostly consists of exo-
centric videos. We find that the introduction of EgoEd-
itData consistently improves the overall benchmark score,
with particular regards to the Reasoning, Remove, Cam-

era Movement, and Change categories. We speculate these
improvements originate from strict quality filtering and de-
scriptive captions, whose benefits extend beyond the ego-
centric case.

F. Failed Experiments
Usage of unfiltered data. We initially experiment with a
video editing dataset corpora consisting of lightly filtered
video editing pairs. In this setting, we notice weak video
editing performance, with the model often reproducing ar-
tifacts encountered in low-quality video editing data pairs
such as failure of an object in being replaced with a differ-
ent object, or failure in adding an object. This motivates us
to integrate extensive automated and manual curation into
EgoEditData at the expense of dataset size, which resulted
in increased editing performance.
Usage of detailed editing instructions. We initially ex-
periment with simple editing instructions for EgoEditData
that are obtained by filling templates with known source and
target object names such as “Replace ↓source object↔ with

↓target object↔”, where source and target objects are repre-
sented by strings obtained during the Object names extrac-

tion and Object Editing stages of the data curation pipeline.
We observe low editing performance when training on such
prompts. Such captions suffer from several issues: (i) their
variety is limited, (ii) object names extracted in the Object

names extraction stage are often short, (iii) objects in gen-
erated target videos produced in the Object Editing stage
might not faithfully correspond to the requested edited ob-
ject description. After training on editing instructions using
GPT-5 Mini [45], we observe increased ability to follow in-
struction prompts.
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0% 7.80 6.27 6.38 8.33 5.54 7.63 8.17 6.43 4.30 7.40 7.87 6.89
25% 7.23 6.43 6.82 8.23 7.42 6.00 8.63 6.73 5.00 6.63 8.20 7.00
75% 7.73 7.37 6.88 7.80 5.29 8.07 8.63 7.53 5.27 7.53 8.60 7.30
100% 7.92 7.60 7.46 8.27 7.17 8.13 8.57 8.37 7.00 7.17 8.77 7.79

Table 7. EditVerseBench [26] results for our model trained on a data mixture where the number of samples retained in EgoEditData is var-
ied. As the amount of retained samples in EgoEditData increases, non-egocentric editing performance as measured by EditVerseBench [26]
increases, showing usefulness of EgoEditData beyond the egocentric case.

Transform the human into a robot with metallic skin and glowing eyes.

Transform the human into a fairy with translucent wings and sparkles.

Input Real Time Result

Transform the human into a devil with horns and a tail.

Input Real Time Result

A small dragon sitting on the human's shoulder.

A small cat sitting on the human's shoulder.

Transform the human into an angel with white wings and a halo.

A tiny fairy sitting on the human's shoulder.

A fluffy rabbit sitting on the human's shoulder.

Figure 9. Exocentric video edits produced in real time by EgoEdit’s streaming variant EgoEdit-RT on a single H100 GPU.



Turn the water into lava.

Add a huge octopus on the roof [...] huge water waves drowning the building.

Add a red sports car in the center.

Replace the white pillow with a dog that enjoys the petting.

Morph the red stop sign into a green go sign.

Transform the environment into a haunted mansion.

Transform the markers into a [...] model of the Golden Gate Bridge, where each marker is a pillar [...].

Transform the umbrella into a glowing energy sword.

Input Real Time Result Input Real Time Result

Make the car covered in rust and aged.

Replace the stop sign with a yield sign.

Add a dog walking up the stairs.

Replace the plastic duck toy with a real duck getting petted.

Replace the plastic duck toy with a real duck.

Transform the building into an ice palace.

Add a baby elephant sitting in the trash can.

Replace the white pillow with dumbbells.

Replace the mouse with a smartphone.

Add a volcano exploding, spreading lava everywhere.

Replace the floor with lava. Stones are present where the feet are placed.

Add a corgi and the corgi licks the hand when the hand moves forward.

Change the plant to be frozen with ice and mist.

Turn the water into lava.

Turn the parking lot into a water pond.

Replace the apple with a frozen apple with mists and fogs.

Change the building facade to glass and steel modern style.

Replace the gray bag with a violin.

Make the scene look like a watercolor painting.

Add a treehouse on the branches.

Make it snowy winter with snow on the car.

Transform the stairs into a waterfall.

Transform the hand into glass.

Add a car driving down the road.

Figure 10. In-the-wild video edits produced in real time by EgoEdit’s streaming variant EgoEdit-RT on a single H100 GPU.



Change the patterned chart on the left to dark blue while keeping the embroidered cloth on the right unchanged.

Replace the kitchen with a small home office desk with a laptop and a desk lamp.

Transform the white-front smartphone with brown case into an open brass pocket compass with its face transformed into a pool of glowing molten rock, [...].

Add knife in hands.

Apply animation art style to the video.

Change the lounge to a quiet library with tall bookshelves and a warm reading lamp.

Input EgoEdit Senorita-2M EgoEdit-RT StreamDiffusionStreamDiffusionV2Lucy Edit InsV2V
Streaming ModelsOffline Models

Morph the porous green pottery sponge into a leather pouch with a dense, moss-like overgrowth [...] bright neon-green phosphorescent pinpricks [...].

Turn the video into a depth map.

Change the lab bench to an electronics workbench with a soldering iron and parts trays.

Figure 11. Qualitative comparison of EgoEdit and its real-time streaming variant EgoEdit-RT against baselines on EgoEditBench. EgoEdit
and EgoEdit-RT consistently perform better than their baselines. Note that Señorita-2M uses the first frame from EgoEdit for frame
propagation.



Transform the white shaker with blue cap into an insulated metal thermos with a tall, cylindrical, slightly tapered 
stainless-steel body in a matte silver finish [...], capped by a rounded black plastic screw-on lid [...].

Input EgoEdit EgoEdit-DMD EgoEdit-RT

Turn the video into a depth map.

Morph the bright green floral fabric into a small square, plain white dish towel with a waffle/looped weave that creates 
visible horizontal ribs [...] frayed edges with a few loose threads [...].

Replace the white-bezeled smartphone with a calendar app with a palm-sized clear glass vial topped by a silver metal 
cap, holding a pale bluish liquid with internal frosty swirls; dense white vapor exhales from beneath the cap [...].

Add blue cloth in the hands.

Input EgoEdit EgoEdit-DMD EgoEdit-RT

Transform the light-blue patterned fabric being snipped into a sock with a short ankle length and a thick, folded ribbed 
cuff in a clean, bright white color; the knit fabric should display fine vertical ribbing [...].

Transform the stainless-steel bowl with sprouts into a smooth, glossy white ceramic mug [...] holding a light brown, 
milky liquid [...].

Replace the paperback held open in both hands with a magazine with a white, glossy cover featuring a dark 
rectangular photo panel near the top [...] make it spiral-bound along the left edge with a visible coiled spine [...].

Figure 12. Qualitative comparison of EgoEdit at different stages of distillation. EgoEdit indicates the original 80 NFEs model, EgoEdit-
DMD represents the model after the 4-step DMD distillation, EgoEdit-RT represents the final real-time streaming model obtained after
Self Forcing distillation.

Input 0% 100%25% 75%

Swap the metal cup with brown powder for a clear, glossy mason-style glass jar with [...] a small side handle, topped 
by a threaded screw rim for a lid, [...] filled nearly to the top with an off-white creamy liquid [...].

Transform the aida fabric with embroidered motif into an off-white bandana with a smooth, slightly satiny texture, 
folded into a neat square; one edge features a short woven fringe with a visible hem and a few loose threads [...].

Transform the light-blue fabric [...] into an amber vial [...]: the glass [...] warm brown‑orange, and from the cork bursts 
[...] white, spark‑like crystalline flashes at the mouth that give way to a glowing, wispy green vapor [...].

Transform the white aida square into a bone mask resembling an aged human skull with glowing cyan-blue eye 
sockets and jaw, emitting pale blue frost. Place this in a sunlit sewing nook with a vintage sewing machine [...].

Transform the video into psychedelic poster art style.

Morph the white shaker bottle with blue cap into an ornate silver goblet [...] the bowl glows an intense electric blue 
from within while the outer rim and upper surface are rimed in white frost and feathery ice crystals [...].

Input 0% 100%25% 75%

Figure 13. Qualitative comparison of different variants of EgoEdit trained on a data mixture with reduced portions of EgoEditData.
Percentages indicate the proportion of unique source video samples in EgoEditData retained for training.
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