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Abstract

The rapid development of diffusion models has significantly
advanced AI-generated content (AIGC), particularly in Text-
to-Image (T2I) and Text-to-Video (T2V) generation. Text-
based video editing, leveraging these generative capabilities,
has emerged as a promising field, enabling precise modifi-
cations to video content based on textual prompts. Despite
the proliferation of innovative video editing models, there is
a conspicuous lack of comprehensive evaluation frameworks
that holistically assess these models’ performance across var-
ious dimensions. Existing metrics are limited, inconsistent,
and focused on assigning a single score per metric, failing
to reveal model’s performance on each editing task. To ad-
dress this gap, we propose EditBoard, the first comprehen-
sive evaluation benchmark for text-based video editing mod-
els. EditBoard encompasses nine automatic metrics across
four key dimensions, evaluating models on four categories
of tasks, and introduces three new metrics to assess fidelity.
This task-oriented framework facilitates objective evaluation
by breaking down model performance into details, provid-
ing insights into each model’s strengths and weaknesses. By
open-sourcing EditBoard, we aim to standardize evaluation
and advance the development of robust video editing models.

Code — https://github.com/Samchen2003/EditBoard

1 Introduction
Recent years have witnessed the rapid development of dif-
fusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020), which have been widely applied in the con-
text of AI-generated content (AIGC), such as Text-to-Image
(T2I) generation (Nichol et al. 2022; Rombach et al. 2022;
Li et al. 2019; Guo et al. 2023) and Text-to-Video (T2V)
generation (Chen et al. 2023a; Luo et al. 2023; Villegas et al.
2022). Harnessing the generative capabilities of these mod-
els, text-based video editing is an emerging field that aims
to edit specific parts of the video based on text prompts.
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With the growth of innovative video editing models (Wu
et al. 2023a; Qi et al. 2023; Jeong and Ye 2023; Geyer et al.
2023), there remains a notable lack of comprehensive evalu-
ation benchmarks that holistically assess these models’ per-
formance across various dimensions. The automatic metrics
currently employed are limited in number and scope. For ex-
ample, models like FateZero (Qi et al. 2023) and Ground-A-
Video (Jeong and Ye 2023) use only two automatic metrics,
focusing on temporal consistency between edited frames
and frame-wise editing success rate. Moreover, inconsistent
naming conventions across papers hinder unified testing and
comparison. Most importantly, current evaluations overlook
the diversity of editing tasks and use scores from limited di-
mensions to represent overall performance.

To address these gaps, we propose EditBoard (see Fig-
ure 1), the first comprehensive evaluation benchmark for
text-based video editing models. EditBoard encompasses
nine metrics across four dimensions. First, given the original
video, source prompt, and target prompt, we evaluate edited
video across three dimensions: fidelity between (1) edited
frames and original frames, (2) edited frames and unedited
parts of source prompt, execution of target prompt, and con-
sistency between edited frames. For fidelity, we propose FF-
α (Frame Fidelity) and FF-β to measure motion and struc-
tural similarity between edited and original frames, as well
as a Semantic Score to assess the accuracy of object-aware
editing (the ability to identify the object to be edited and
leave other parts unchanged). For execution, we use Suc-
cess Rate and CLIP Similarity (Hessel et al. 2021; Parmar
et al. 2023) to evaluate how well the edited frames match
the target prompt. For consistency, we use Subject Con-
sistency and Background Consistency to evaluate whether
the frames remain coherent throughout the video. Further-
more, we focus on the dimension of style and assess whether
the edited video is visually appealing using Aesthetic Qual-
ity and Imaging Quality, following the naming conventions
from VBench (Huang et al. 2024), a benchmark for evaluat-
ing video generative models. Additionally, we utilize Edit-
Board to evaluate five state-of-the-art video editing models,
deriving valuable insights from the results. This evaluation
highlights each model’s strengths and weaknesses, offering
possible explanations for their performance. These findings
not only enhance our understanding of current models but
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also propose potential directions for future research.
We notice that a concurrent survey on diffusion model-

based video editing (Sun et al. 2024) proposes V2VBench,
which incorporates existing metrics primarily designed for
evaluating video generation. However, these metrics pre-
dominantly fall into the dimensions of consistency and ex-
ecution, leaving significant gaps in fidelity. Our work dis-
tinguishes itself by introducing three new automatic metrics
and offering a comprehensive evaluation benchmark tailored
specifically for video editing models.

Our key contributions can be summarized as follows:
• We propose the first comprehensive evaluation bench-

mark for video editing that focuses on four dimensions,
having nine metrics in total. We will open-source Edit-
Board for researchers to thoroughly assess their models.

• We propose three new metrics to evaluate fidelity be-
tween edited videos and original videos/prompts, which
align closely with human perception.

• We define four main tasks of text-based video editing,
categorized into simple, intermediate, and difficult levels,
enabling a thorough evaluation of models.

2 Related Works
2.1 Video Editing
The development of video generative models (Blattmann
et al. 2023; Chen et al. 2023a; Gupta et al. 2023; He et al.
2022; Ge et al. 2023) has paved the way for advance-
ments in video editing. Unlike video generation, video edit-
ing is a more nuanced task that not only involves creation,
such as turning a man into Batman, but also requires an
understanding of the original structure and adherence to
the source’s framework. Numerous advanced video editing
models have emerged, achieving impressive results through
various methods. For example, FateZero (Qi et al. 2023), To-
kenFlow (Geyer et al. 2023), and Video-P2P (Liu et al. 2024)
utilize attention feature injection. Control-A-Video (Chen
et al. 2023b) and VideoControlNet (Hu and Xu 2023) em-
ploy latent manipulation. StableVideo (Chai et al. 2023) and
DiffusionAtlas (Chang, Chen, and Liu 2023) leverage diffu-
sion atlases. The rapid proliferation of video editing models
underscores the need for a comprehensive evaluation bench-
mark that highlights each model’s strengths and weaknesses
and provides actionable insights. EditBoard addresses this
need by offering the first evaluation benchmark for video
editing, defining four evaluation dimensions with nine auto-
matic metrics and four editing tasks.

2.2 Evaluation of Video Editing Models
Currently, the major automatic evaluation metrics are sum-
marized as:
• Temporal Consistency (Tem-Con): Used in FateZero

(Qi et al. 2023), this metric measures temporal consis-
tency by computing the cosine similarity between all
pairs of consecutive frames. It is also referred to as
Frame-Con in Ground-A-Video (Jeong and Ye 2023),
CLIP-F in EVA (Yang et al. 2024) and CLIP-Image in
AnyV2V (Ku et al. 2024).

• LPIPS: Utilized by StableVideo (Chai et al. 2023)
and VideoControlNet (Hu and Xu 2023), this metric is
adapted from LPIPS (Zhang et al. 2018), with LPIPS-P
measuring deviation from the original video frames and
LPIPS-T measuring deviation between adjacent frames.

• CLIP Score: Employed by TokenFlow (Geyer et al.
2023) and StableVideo (Chai et al. 2023), this metric
measures the average similarity between the CLIP em-
bedding of each edited frame and the target text prompt.
It is also known as CLIP-T in EVA (Yang et al. 2024),
CLIPSIM in VideoControlNet (Hu and Xu 2023), and
CLIP-Text in AnyV2V (Ku et al. 2024). FateZero (Qi
et al. 2023) and EVA (Yang et al. 2024) use the percent-
age of frames where the edited image has a higher CLIP
similarity to the target prompt than the source prompt,
denoted as Frame Accuracy.

• Warp Error (Warp-err): Used in TokenFlow (Geyer
et al. 2023) and EVA (Yang et al. 2024), this metric com-
putes the optical flow of the original video, warps the
edited frames accordingly, and measures the warping er-
ror. It is also referred to as Optical Flow Error in Video-
ControlNet (Hu and Xu 2023).

Several drawbacks in current evaluation practices are evi-
dent. Firstly, metric names are not standardized. Secondly,
each model uses only a limited set of automatic metrics.
Thirdly, aside from the source video and prompts, editing
models are also generative models. However, few of them
are evaluated using metrics for generative models. In con-
trast, V2VBench (Sun et al. 2024) primarily employs met-
rics for generative models, neglecting the need for specifi-
cally designed video editing evaluation metrics. In terms of
testing, most models are tested on a limited range of tasks
and assigned a single score, failing to reveal their perfor-
mance on individual tasks. Some models may excel in com-
plex tasks but underperform in simpler tasks compared to
baseline models. To address these gaps, we propose a uni-
fied evaluation benchmark. EditBoard focuses on tailored
metrics for editing models, supplemented by metrics used
in evaluating generative models. Additionally, task-oriented
testing breaks down each model’s performance into various
aspects for thorough evaluation.

3 Comprehensive Evaluation System
3.1 Overview
We mathematically formulate the problem of text-based
video editing as follows: given a sequence of original frames
(f0, f1, . . . , fn) and a source prompt ps which describes the
original video, a model E serves as a function that maps
each frame fi to a new frame f ′

i according to the target
prompt pt, thus obtaining the edited sequence of frames
(f ′

0, f
′
1, . . . , f

′
n). This process can be expressed as:

E(f0, f1, . . . , fn; ps, pt) = (f ′
0, f

′
1, . . . , f

′
n) (1)

When evaluating a video editing model, it is crucial to
assess how well it preserves the original video’s motion
and structure. The first dimension, i.e., fidelity, examines
the alignment between edited frames and original frames
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Figure 1: Overview of EditBoard. We propose EditBoard, the first comprehensive evaluation benchmark for text-based video
editing models. We design a task-oriented evaluation benchmark with four dimensions that break down models’ performance
across multiple levels, facilitating objective evaluation and offering valuable insights. Additionally, we introduce three new
metrics and apply nine metrics in total that cover all the evaluation dimensions. EditBoard produces a transcript for each model
to discover its advantages and limitations. We also conduct Human Preference Annotation for the edited videos, demonstrating
that EditBoard evaluation results align closely with human perception.

(f ′
0, f0), (f

′
1, f1), . . . , (f

′
n, fn), as well as between edited

frames and source prompt (f ′
0, ps), (f

′
1, ps), . . . , (f

′
n, ps).

Additionally, the primary emphasis lies in evaluating mod-
els’ proficiency in performing editing tasks based on tar-
get prompts. The second dimension, execution, assesses the
models’ capability to successfully execute target prompts.
Furthermore, the quality of the edited video itself must
also be considered. The third evaluation dimension, consis-
tency, addresses the coherence between consecutive frames
(f ′

0, f
′
1), (f

′
1, f

′
2), . . . , (f

′
n−1, f

′
n). Finally, the fourth dimen-

sion, style, focuses on artistic quality and evaluates whether
the edited video is visually appealing.

In Subsection Evaluation Dimensions, we detail the four
evaluation dimensions, corresponding metrics, and their re-
spective functions. In Subsection Task-Oriented Testing,
we elaborate on the four tasks defined for task-oriented test-
ing. In Subsection Human Alignment, we describe the ex-
periments conducted to ensure the alignment of automatic
metrics with human perception.

3.2 Evaluation Dimensions
EditBoard includes nine metrics covering four dimensions
to comprehensively evaluate video editing models.

Fidelity The primary focus lies in fidelity, which refers to
how accurately the edited frames preserve the motion, struc-
ture, and other visual characteristics of the original frames.
Unlike video generation, video editing has a mold to follow,
which is the original video, making fidelity paramount. This
evaluation dimension reveals a model’s ability to compre-
hend and replicate the patterns of the original video while
making the required modifications.

Fidelity - FF-α. To evaluate motion and structural sim-
ilarity to the original video and reflect temporal flicker-
ing, we propose the FF-α metric. Given the original frames
(f0, f1, . . . , fn) and the edited frames (f ′

0, f
′
1, . . . , f

′
n), we

compute an average score 1
n

∑n−1
i=0 F (fi, f

′
i). The origi-

nal video serves as the ground truth, which typically does
not exhibit flickering issues. Using optical flow estimators
like PWC-Net and FlowNet (Sun et al. 2018; Ilg et al.
2017), we calculate the optical flows (l1, l2, . . . , ln) from
original frame pairs (fi−1, fi). Let ω : F × L → F
be the WARP function, and denote ω(fi+1, li+1) as wi.
The optical flow is then used for backward warping to re-
construct the original frames, resulting in warped frames
(w0, w1, . . . , wn−1). We also reconstruct the edited frames,
obtaining (w′

0, w
′
1, . . . , w

′
n−1) where

wi = ω(fi+1, li+1) (2)

w′
i = ω(f ′

i+1, li+1) (3)

For each pair of reconstructed original frames and original
frames, we calculate the absolute difference across the RGB
channels and generate a mask Mi. If the maximum differ-
ence across the three channels is smaller than the threshold
θ, the pixel value is set to 1 in the mask; otherwise, it is set to
0. We then calculate the absolute difference between w′

i and
f ′
i in the valid areas indicated by the mask. The pixel-level

score is defined as the maximum difference across the three
channels. The score for each frame is then obtained by aver-
aging the pixel-level scores over the valid area (Mi = 1):

P (w′
i, f

′
i ,Mi) =

1

|δ(Mi = 1)|
Mi · ||w′

i − f ′
i || (4)
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(a) Original Frames

(b) Edited Frames

(c) Difference between
Edited Frames and Warped 
Edited Frames

(d) Difference between 
Original Frames and Warped 
Original Frames

Frame 1 Frame 3Frame 2 Frame 4

Figure 2: We visualize the errors in reconstructing edited
frames and original frames both using optical flows from the
original video. For videos satisfying the requirement of FF-
α, reconstructing original frames yields minor errors com-
pared to reconstructing edited frames. We use the recon-
struction error of edited frames to calculate FF-α.

where |δ(Mi = 1)| denotes the size of valid area. Finally, we
take the average frame score as the FF-α score. Despite the
promising results observed during testing with FF-α, the re-
construction of frames based on warping demonstrates sub-
optimal performance when objects undergo significant posi-
tional changes, particularly at high sampling rates. When the
percentage of valid pixels is low, the evaluation only covers
a small portion of the frame. To address this issue, we pro-
pose FF-β with another threshold σ. When the valid pixel
percentage falls below σ, FF-β is used for evaluation. For
those above the threshold, FF-α remains suitable for evalu-
ation (see Figure 2).
Fidelity - FF-β. FF-β takes as input the original frames
(f0, f1, . . . , fn) and the edited frames (f ′

0, f
′
1, . . . , f

′
n), and

outputs the average score 1
n

∑n
i=1 F

′(fi, f
′
i). Instead of us-

ing warping and calculating differences across valid pixels,
we directly estimate optical flows for original and edited
frames, obtaining (l1, l2, . . . , ln), (l′1, l

′
2, . . . , l

′
n). For better

fidelity, we aim for the smallest possible angle between the
pairwise flows. Previous methods solely focus on the dis-
tance between the endpoints of two optical flows, neglecting
the angle, which we consider crucial for motion alignment.
Therefore, we use cosine similarity to formulate the pixel-
level score as 1 − cosθ (where θ is the angle between the
optical flows), aligning it with FF-α such that a lower score
indicates better fidelity. Then we compute the average score
across the whole frame. The final FF-β is given by the av-
eraged frame-level score. The rationale for not using FF-β
directly is that during testing, the score difference is min-
imal compared to FF-α for videos with small movements
between consecutive frames. This can be attributed to the
higher sensitivity of pixel-level intensity errors compared to
flow errors. Thus, FF-α amplifies performance differences
for better comparison when movements are minor. Addition-
ally, by using warped frames as ground truth to calculate dif-

ferences, we can simply edit the first frame with state-of-the-
art image editing models and employ warping to generate
the subsequent frames, eliminating the need for a time and
space-consuming video editing model. However, for videos
with significant object movement, the warping method fails,
whereas advanced video editing models succeed. Therefore,
FF-β is necessary for such evaluations. In summary, FF-α
and FF-β are complementary and both are crucial for com-
prehensive evaluation.
Fidelity - Semantic Score. This evaluation dimension, of-
ten overlooked, assesses how well the should-be unedited
part of the frame remains unedited. Ideally, except for the
edited region, the rest of the frame should remain identical
to the original, demonstrating accurate or object-aware edit-
ing. For this evaluation, we ensure that the target prompt fo-
cuses on the object indicated by the semantic mask. The in-
put includes original frames (f0, f1, . . . , fn), edited frames
(f ′

0, f
′
1, . . . , f

′
n), and semantic masks (M0,M1, . . . ,Mn).

The output is the average score 1
n+1

∑n
i=0 S(fi, f

′
i ,Mi).

We calculate the difference between the edited and origi-
nal frames over unmasked regions (Mi = 0) by taking the
maximum absolute difference across the RGB channels. The
process is mathematically formulated as follows:

S(fi, f
′
i ,Mi) =

1

|δ(Mi = 0)|
M̄i · ||fi − f ′

i || (5)

Execution The second evaluation dimension assesses how
effectively the edited frames align with the target prompt.
In video editing, the goal is to modify the original video to
closely match the target prompt while preserving the origi-
nal video’s structure. While fidelity measures the preserva-
tion of the original video’s patterns, execution evaluates the
model’s ability to successfully implement the changes re-
quired by the target prompt.
Execution - Success Rate. Success Rate is a metric that
quantifies the effectiveness of frame edits, considering both
the source and target prompts. Given the input of edited
frames (f ′

0, f
′
1, . . . , f

′
n), source prompt ps, and target prompt

pt, the output is calculated as 1
n+1

∑n
i=0 ρ(f

′
i , ps, pt), where

ρ is a boolean function, with 1 indicating successful edit and
0 indicating failure. This metric quantifies the percentage of
frames where the cosine similarity between the edited frame
and the target prompt exceeds the similarity between the
edited frame and the source prompt. Each frame is evaluated
against both prompts using a pre-trained CLIP model (Rad-
ford et al. 2021). We have revised the name of the metric
from Frame Acc, as defined in FateZero, to Success Rate, as
this term more accurately encapsulates the function of this
metric, which is to assess the percentage of successful edit-
ing executions.
Execution - CLIP Similarity. CLIP Similarity measures
the textual alignment between the edited frames and target
prompt pt. Given the input of edited frames (f ′

0, f
′
1, . . . , f

′
n)

and target prompt pt, the output is the average CLIP Similar-
ity, calculated as 1

n+1

∑n
i=0 CLIP(f ′

i , pt). This metric rep-
resents the average cosine similarity between the CLIP em-
beddings of the edited frames and the target prompt. Each
frame is encoded into the CLIP feature space and compared
against the encoded prompt to generate a similarity score.
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The final CLIP Score, derived from the mean of all frame
scores, reflects the overall quality of textual alignment be-
tween the edited video and the target prompt.

Auxiliary Metrics - Style and Consistency When con-
sidering the edited video independently of the original video
and source prompt, it can be viewed as the output of a gen-
erative model. The last two evaluation dimensions, Style
and Consistency, focus exclusively on the edited video it-
self. To complement our evaluation, we have carefully se-
lected four metrics from VBench (Huang et al. 2024), origi-
nally designed for video generative models, to serve as aux-
iliary metrics for assessing video editing models. We have
excluded most of the Video-Condition Consistency metrics,
as the original video already defines the semantic structure
and motion of the edited video. Furthermore, our video edit-
ing metrics are capable of assessing qualities such as tempo-
ral flickering and frame-wise consistency. Therefore, metrics
for generative models serve as supplementary tools.
Style - Aesthetic Quality. Aesthetic Quality evaluates
the artistic and aesthetic value perceived by humans to-
wards each video frame using the LAION aesthetic pre-
dictor (Schuhmann 2022). Given the input of edited
frames (f ′

0, f
′
1, . . . , f

′
n), the output is the average score

1
n+1

∑n
i=0 Q1(f

′
i). This metric captures various aesthetic

aspects, such as layout, color richness, photo-realism, nat-
uralness, and overall artistic quality of edited frames.
Style - Imaging Quality. Imaging Quality evaluates vari-
ous types of distortion, such as over-exposure, noise, and
blur, present in the edited frames (f ′

0, f
′
1, . . . , f

′
n) using the

MUSIQ image quality predictor (Ke et al. 2021) trained
on the SPAQ dataset (Fang et al. 2020). The output is the
average score, calculated as 1

n+1

∑n
i=0 Q2(f

′
i), offering a

comprehensive assessment of the overall imaging quality of
edited frames.
Consistency - Subject Consistency. Subject Consistency
measures the extent to which a subject’s appearance re-
mains consistent across the entire video. Using DINO
(Caron et al. 2021) image features (d0, d1, . . . , dn), where
di = DINO(f ′

i), we calculate the average score as
1
n

∑n
i=1

1
2 (⟨d0, di⟩+⟨di−1, di⟩). In this formula, ⟨·⟩ denotes

the dot product operation for calculating cosine similarity.
For each frame, the cosine similarity is computed with the
first frame and its previous frame, and the average of these
similarities is taken. The overall score is then derived by av-
eraging across all non-starting video frames.
Consistency - Background Consistency. Background Con-
sistency evaluates the temporal consistency of the back-
ground scenes by calculating CLIP feature similarity
across frames. Given the input of CLIP image features
(c0, c1, . . . , cn), where ci = CLIP (f ′

i), the output is the
average score, calculated as 1

n

∑n
i=1

1
2 (⟨c0, ci⟩+⟨ci−1, ci⟩).

The calculation is similar to the method used for Subject
Consistency. The only difference is that CLIP image features
are used here instead of DINO image features.

3.3 Task-Oriented Testing
To comprehensively evaluate each model, we define four
main tasks in text-based video editing, as illustrated in Fig-

A silver jeep is driving down a road.
A red jeep is driving down a road.

Swans gliding over a lake.
Monet style of swans gliding over a lake.

A brown bear walks against a wall.
A pink bear walks against a blue wall.

A man is walking a dog on the road.
Iron man is walking a sheep on the lake.

SOSA (Single Object Single Attribute) SE (Style Editing)

SOMA (Single Object Multiple Attributes) MOA (Multiple Objects and Attributes)

Figure 3: Categorization of video editing tasks.

ure 3. These tasks are further categorized into three com-
plexity levels: simple, intermediate, and difficult. The simple
level includes Single Object Single Attribute (SOSA) and
Style Editing (SE), the intermediate level includes Single
Object Multiple Attributes (SOMA), and the difficult level
includes Multiple Objects and Attributes (MOA). The pur-
pose of setting these levels is to break down model perfor-
mance into details.
Simple Level - Single Object Single Attribute (SOSA).
The testing samples selected for SOSA tasks contain only
one major object in the frame (e.g., a bear or a car), and the
editing is performed solely on the object. Most models are
capable of identifying the object and performing the edits.
However, the real challenge is whether the model can ac-
curately identify the object and leave the rest of the frames
unchanged. Thus, Semantic Score is calculated through this
task to assess how well the other parts of the edited frames
align with the original ones.
Simple Level - Style Editing (SE). Style Editing (SE) is
a common task in video editing, involving changes to the
global style of the video, such as converting the original
video into a cyberpunk style. Based on our experience, most
models perform well in this task. Therefore, we classify it as
a simple level task.
Intermediate Level - Single Object Multiple Attributes
(SOMA). We further challenge the model on editing more
than one attribute, requiring it to handle complex target
prompts while maintaining consistency and fidelity.
Difficult Level - Multiple Objects and Attributes (MOA).
The most challenging task involves editing multiple ob-
jects, requiring the model to be both precise and object-
aware. Some models, such as EVA and Ground-A-Video, are
specifically designed to address this challenge.

3.4 Human Alignment
We focus on metrics specifically designed for video edit-
ing models, as the metrics for generative models are al-
ready well-established. The objective of the human align-
ment experiment is to demonstrate that the automatic met-
rics presented in this paper align well with human per-
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Tasks FF-α ↓ FF-β ↓ Score ↓
Semantic

Rate ↑
Success

Similarity ↑
CLIP

Consistency ↑
Subject

Consistency ↑
Background

Quality ↑
Aesthetic

Quality ↑
Imaging

FateZero

SOSA 8.0082 0.1723 25.2665 0.5294 0.3105 0.9696 0.9497 0.5546 0.6907
SE 10.5420 0.5022 - 0.6923 0.3341 0.9417 0.9563 0.5886 0.6267

SOMA 10.2624 0.2795 - 0.6667 0.3108 0.9418 0.9280 0.5086 0.6083
MOA 12.2363 0.2832 - 0.4464 0.2944 0.9457 0.9449 0.4970 0.4867

Control-A-Video

SOSA 18.0534 0.2674 66.1538 0.6050 0.3170 0.9672 0.9700 0.5377 0.6973
SE 11.9252 0.5993 - 0.7143 0.3212 0.9440 0.9626 0.5575 0.7087

SOMA 15.3962 0.3977 - 0.8429 0.3251 0.9595 0.9597 0.5751 0.7006
MOA 21.2607 0.5616 - 0.7347 0.3025 0.9249 0.9485 0.5085 0.7137

Ground-A-Video

SOSA 6.0249 0.1022 8.2680 0.8659 0.3239 0.9622 0.9711 0.5635 0.6750
SE 7.7620 0.4259 - 0.9443 0.3452 0.9706 0.9503 0.5703 0.6914

SOMA 7.3247 0.2293 - 0.8723 0.3479 0.9313 0.9486 0.5676 0.6673
MOA 7.2733 0.2337 - 0.8370 0.3340 0.9687 0.9502 0.5681 0.6737

Video-P2P

SOSA 11.8893 0.2216 20.7714 0.5156 0.3037 0.9692 0.9696 0.4847 0.6665
SE 12.0104 0.5463 - 0.6058 0.3113 0.9561 0.9704 0.5125 0.5962

SOMA 12.3277 0.3441 - 0.3462 0.2764 0.9657 0.9546 0.4827 0.6315
MOA 9.1412 0.4087 - 0.3752 0.2925 0.9533 0.9606 0.4921 0.5383

TokenFlow

SOSA 7.2708 0.1566 31.6023 0.6471 0.3242 0.9790 0.9525 0.6233 0.7408
SE 6.3735 0.4364 - 0.4135 0.3123 0.9762 0.9629 0.6421 0.7010

SOMA 7.8735 0.2437 - 0.5750 0.3125 0.9739 0.9437 0.5842 0.6973
MOA 8.3205 0.3098 - 0.5532 0.3084 0.9546 0.9595 0.5535 0.6759

Table 1: Transcript for FateZero, Control-A-Video, Ground-A-Video, Video-P2P, and TokenFlow. SOSA: Single Object Single
Attribute; SE: Style Editing; SOMA: Single Object Multiple Attributes; MOA: Multiple Objects and Attributes.

Figure 4: Visualization of FateZero, Control-A-Video, Ground-A-Video, Video-P2P, and TokenFlow’s performance on four
tasks. Most models perform worse at SOMA and MOA, verifying our categorization of tasks into different levels.

ception. For the generation of testing data, we select
three video editing models—FateZero, Control-A-Video,
and TokenFlow—denoted as M1,M2,M3, each provided
with five source videos S1, S2, S3, S4, S5 and correspond-
ing target prompts (two for each source video, denoted as
P 1
i , P

2
i ). For example, source video S1 is provided with

target prompts P 1
1 and P 2

1 . We conduct parallel compar-
isons, meaning the comparison occurs only between edited
videos from the same source video and prompt. This setup
results in ten groups of edited videos, each containing
three outputs from the three models. For example: G1 ={
M1(S1, P

1
1 ),M2(S1, P

1
1 ),M3(S1, P

1
1 )
}

For each group,
the videos are paired up, yielding C2

3 = 3 comparisons so
that human annotators can make direct comparisons between
only two choices at a time. For each evaluation dimension,
we instruct the human annotators to consider only the spe-
cific aspect being evaluated. We engage 30 individuals to an-
notate their preferences. They are asked to select the video
that performs better on the specified evaluation dimension.
Further details regarding the human annotation experiment
can be found in the Experiment section.

4 Experiment
This section presents the evaluation experiment conducted
using EditBoard, along with the human alignment test,
which is specifically designed to validate the correlation
between automatic metrics and human perception. We rig-
orously evaluate five state-of-the-art video editing models:
FateZero (Qi et al. 2023), Control-A-Video (Chen et al.
2023b), Ground-A-Video (Jeong and Ye 2023), TokenFlow
(Geyer et al. 2023), and Video-P2P (Liu et al. 2024). For
each model, EditBoard generates a detailed transcript that
reports performance across each dimension and task type.
To ensure a fair comparison, we use Stable Diffusion v1-5
as the base for all video editing models. The experiments are
conducted on a single NVIDIA GeForce RTX™ 4090.

4.1 Data Preparation
We utilize samples from the DAVIS dataset (Pont-Tuset et al.
2017) to obtain the masks required for conducting Seman-
tic Score testing. We also select samples from the LOVEU-
TGVE-2023 dataset (Wu et al. 2023b). For each task, we
select 10 videos containing a variety of objects, such as
cars, animals, and humans. Each original video is paired
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with at least two target prompts according to the task cat-
egory. For generating source prompts, we employ BLIP-2
(Li et al. 2023) for the automated generation of video cap-
tions. The original frames are resized to a uniform resolution
of 512×512 to match the configuration of the testing mod-
els. We also ensure that sufficient original videos meet the
requirements for applying FF-α, allowing for the full adop-
tion of both FF-α and FF-β. Additionally, we adjust the tar-
get prompts for Single Object Single Attribute (SOSA) so
that more than half of the edits focus on the foreground ob-
ject to facilitate Semantic Score evaluation.

4.2 Task-Oriented Evaluation
A transcript is produced for each model, detailing the scores
attained per metric for each task, as shown in Table 1. The
visualization of each model’s performance is shown in Fig-
ure 4. We will include more models as they become open-
sourced. The results indicate that model performance tends
to decline as the task difficulty increases from simple to dif-
ficult, supporting the validity of our initial categorization.

4.3 Human Alignment Experiment
We conduct a human alignment experiment to evaluate
whether the automatic metrics align with human percep-
tion. This is done by calculating the percentage of questions
where human judgments match the outcomes suggested by
the metrics, as shown in Table 2. In this experiment, human
annotators compare two samples based on a specific evalu-
ation criterion and select the one with higher quality or in-
dicate that the difference is negligible. A match is recorded
if the human choice agrees with the metrics’ comparison.
Also, if annotators mark the samples as “hard to distin-
guish” and the metrics’ values differ by less than a prede-
fined threshold, it is also considered a match.

FF-α FF-β Score
Semantic

Rate
Success

Similarity
CLIP

Matching Rate 92.54 89.93 95.24 92.68 85.72

Table 2: Our new metrics achieve around 90% match with
human choices.

We also provide the Pearson’s correlation score in Table 3
to further validate that our new metrics align with human
perception.

FF-α FF-β Score
Semantic

Rate
Success

Similarity
CLIP

Pearson’s score 0.9312 0.9126 0.9417 0.9333 0.8769

Table 3: Pearson correlation scores demonstrate a similar
trend, reinforcing the alignment.

Additionally, we evaluate FF-α and FF-β for capturing tem-
poral flickering and motion consistency, finding that higher
FF scores (lower quality) align with more pronounced is-
sues. This suggests traditional metrics like motion smooth-
ness may be unnecessary for video editing evaluation.

5 Insights and Discussions
5.1 A Transcript as a Diagnostic Tool
The transcript provides comprehensive insights into the
strengths and weaknesses of the models. By analyzing the
transcript, we can quickly identify the model’s limitations
and explore potential causes. For instance, when compar-
ing the transcript of FateZero with that of Control-A-Video,
we observe that FateZero shows significant improvement
in Semantic Score, indicating better object-aware editing.
However, it shows little improvement in Success Rate or
CLIP Similarity for the SOSA task. This contrast highlights
FateZero’s deficiency in editing individual objects (such as
turning a rabbit into a squirrel). Furthermore, FateZero’s
higher Semantic Score compared to Ground-A-Video sug-
gests a deeper issue with attention blending. Specifically,
given that FateZero adopts an attention blending method, the
unedited parts should remain mostly unchanged—yet they
do not. This inconsistency likely stems from inaccurate at-
tention, causing unintended parts to be edited. For example,
when turning a silver jeep into a red jeep, the road also turns
red. The attention leakage problem is also corroborated by
the EVA paper (Yang et al. 2024).

5.2 Trade-off Between Execution and Fidelity
Our experiments reveal an intriguing trade-off between exe-
cution and fidelity. Models scoring higher in execution tend
to perform worse in fidelity. For example, FateZero achieves
better scores in FF-α, FF-β, and Semantic Score across all
tasks but underperforms in Success Rate and CLIP Simi-
larity. This discrepancy can be attributed to their respective
methodologies. Control-A-Video manipulates latent space
during the diffusion process, resulting in more structural
changes and better adherence to target prompts. In contrast,
FateZero’s attention blending approach is more conserva-
tive, preserving the original structure but compromising exe-
cution. Thus, the model’s editing method plays a crucial role
in balancing execution and fidelity.

6 Conclusion
In this paper, we propose EditBoard, a pioneering com-
prehensive evaluation benchmark specifically designed for
text-based video editing models. Our benchmark addresses
the critical need for a standardized framework that holisti-
cally assesses the multifaceted performance of these models.
By incorporating nine metrics across four dimensions and
introducing three novel metrics, EditBoard provides a de-
tailed, task-oriented evaluation that highlights each model’s
strengths and weaknesses. Empirical results demonstrate
EditBoard’s efficacy in aligning with human perceptions of
video quality and editing precision. By open-sourcing Edit-
Board, we aim to foster the development of more robust and
reliable video editing models, ultimately advancing the field
of AIGC. Our work sets a new standard for evaluating text-
based video editing models, ensuring a more comprehensive
and objective assessment for future research.
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