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Abstract

The fast development of generative models has started a new era in AI, especially
in conditional image synthesis. Since the rise of diffusion models, current models can
perform image generation with high fidelity and diversity. This thesis is driven towards
controllable generation and manipulation in the image and video domains, guided by the
three studies: ImagenHub’s role in identifying the controllability of current state-of-the-art
image synthesis models, VIEScore to produce explainable metrics in image synthesis tasks,
and AnyV2V’s role in performing precise video editing.

The first part of this study highlights the evaluation of the image domain. ImagenHub,
which tackles the challenge of distinguishing current research to find the best working
methods, also standardized the human-centered evaluation in image synthesis research.
Complementarily, VIEScore act as a new explainable metric to mimicking human-like
evaluation across all conditional image synthesis tasks with multimodal LLMs, tickling
the scalability issue of ImagenHub.

The second study focuses on the video domain, which introduces AnyV2V, the first
framework to treat video editing as an image editing problem. It leverages the editing
power from off-the-shelf image editing models and the generalization power from image-to-
video models to perform precise video editing. Such paradigm is training-free and allows
video edits in a wide range of applications. Most importantly, we reported the increase in
performance when plugging with stronger image-to-video models, highlighting the capacity
of AnyV2V for adaptive evolution.

These studies form the basis of this thesis, driving toward robust control in visual gen-
eration and manipulation. Through a thorough analysis of ImagenHub and VIEScore, this
research not only identifies the current capabilities and limitations of image synthesis mod-
els but also sets the stage for future advancements in evaluating image synthesis models.
Then with AnyV2V, we align the image editing and video editing problem with image-to-
video models, lays the groundwork for future advancements in making video editing more
controllable and robust.
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Chapter 1

Introduction

In the rapidly evolving �eld of digital content creation with generative models, visual
content generation and manipulation have seen signi�cant advancements [109, 84, 42, 43,
44]. This thesis focuses on the image and video domain generation and editing. The
�rst part focuses on the evaluation of image synthesis, where we introduced ImagenHub
to identify the true progress in the �eld of image synthesis and standardized the human
evaluation protocol. then we proposed VIEScore to leverage the use of Multimodal LLMs
to achieve human-like evaluation, yielding explainable metrics. In the second part focuses
on video editing where we developed AnyV2V, a paradigm bridged the image and video
editing problem with Image-to-Video models, setting up the stage to enhance the robust
control in video manipulation.

Although the improvement has been substantial in the published papers, we noticed
that most published works exhibit a high degree of inconsistency in their experimental
setups. The existing studies create their own evaluation datasets, leading to a lack of
comparability between di�erent models. Some studies require extensive hyper-parameter
tuning and prompt engineering to achieve acceptable performance, compromising the ro-
bustness of the model. The varying degrees of tuning e�ort across di�erent models can
result in unfair comparisons. Di�erent human evaluation protocols and guidelines are used
across studies, making it impossible to compare human evaluation scores. Additionally,
some studies either rely on a single rater or do not report inter-rater agreement, further
hindering the comparability of results between papers. These inconsistencies primarily
stem from the evaluation datasets, inference methods, and evaluation criteria. Such a
research environment is greatly hindering the development of the �eld because the true
research progress and the most e�ective methods in the �eld cannot be truly identi�ed.
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Figure 1.1: ImagenHub Data contains evaluation inputs. With the use of ImagenHub
inference library, models generate outputs in a fair setting. The ImagenHub evaluators
evaluate images according to the two carefully designed metrics.

To address the issue, we introduce ImagenHub, with an initiative to standardize the
evaluation of conditional image generation models. ImagenHub contains 1) a diverse eval-
uation set that contains 7 subset for di�erent conditional image synthesis tasks, each with
100-200 instances. 2) an inference library as a public tool to standardize the inference and
evaluation of all the conditional image generation models. 3) designed human evaluation
metrics: 'Semantic Consistency' and 'Perceptual Quality', which achieved high inter-worker
agreement as measured by Fleiss' Kappa [29] and Krippendor�'s Alpha [49]. Our rating
standard o�ers several bene�ts: (1) It provides an unambiguous checklist table, making
it easy for raters to evaluate images. (2) The rating guideline is consistent across all task
types. (3) Sustainability is ensured, as previous evaluation results can be reused when
new models are introduced since each model is rated individually, unlike preference-based
ratings. Figure 1.1 illustrates the three main components in this part of the study. The
ImagenHub framework is composed of three key elements: the newly curated ImagenHub
dataset, the ImagenHub library, and the ImagenHub evaluation platform.

To complement ImagenHub, we developed VIEScore (Visual Instruction-guided Ex-
plainable Score), a metric that enables task awareness and the reasoning ability in eval-
uating sythesized images. It leverage multimodal Large Language Model (LLM) with a
guiding prompt similar to ImagenHub human rating guidelines to rate images from human
perspective, as illustrated in Figure 1.2. Our experiment showed although the current
multimodal LLMs struggle in some minor issues, it's rating is highly align to human in
Text-guided image generation tasks. VIEScore provides better evaluation than tradition
metrics because 1) VIEScore provide not just the score but also the rationale. We want
to enable the understanding of each judgment. 2) Traditional metrics are not task-aware,
which means they cannot be broadly adapted to di�erent tasks.

Moving to video, we look for solutions for precise video editing. The �eld of digital
content creation using generative models is dynamic, but current state-of-the-art video
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Figure 1.2: The di�erence between VIEScore and traditional metrics.

editing models still do not provide the level of quality and control that users desire. Pre-
vious video editing approaches either extended from image-based generative models in a
zero-shot manner or required extensive �ne-tuning, which can hinder the production of

uid video edits. Additionally, these methods often rely on textual input as the editing
guidance, leading to ambiguities and limiting the types of edits they can perform.

To address these challenges, we introduce AnyV2V, a striaghtforward approach to tackle
Video Editing problem, leveraging the research progress in image editing. AnyV2V sim-
pli�es the process into two main steps: (1) using an o�-the-shelf image editing model to
modify the �rst frame, and (2) utilizing an existing image-to-video generation model to
generate the edited video through temporal feature injection, as shown in Figure 1.3.

The primary strength of AnyV2V lies in 1) its ability to utilize various existing image
editing tools to facilitate a wide array of video editing tasks, such as prompt-based editing,
reference-based style transfer, subject-driven editing, and identity manipulation|functions
that were previously unattainable with older techniques. 2) its adaptive framework demon-
strates enhanced performance with the integration of more robust Image-To-Video models,
as supported by our evaluation �ndings across various backbone models.

By examining the image and video synthesis models, we not only identi�ed the true
progress in the �eld but also standardized and improved its evaluation. Then we also
bridged the image editing problem and video editing problem. These contributions outline
a path for their development towards models that are more robust at generation and
manipulation.

3



Figure 1.3: AnyV2V adapt image editing solutions into video editing.

4



Chapter 2

Background

This section surveys the methodologies of visual synthesis in the image and video domain.
It contains pivotal studies related to conditional generation and manipulation in the image
and video domain.

2.1 Image Generation and Editing

Image Generation is a popular topic since the development of GANs (Generative Adver-
sarial Networks) [35]. It refers to synthesize an image that looks like it belongs to the
distribution of our desired image. In recent years, di�usion models [42] have revolutionized
the �eld due to its amazing properties in synthesizing high quality images. More recent
works in the �eld focused on how to condition the synthesis through text [84, 68, 41], im-
age [109, 77], and subject [85]. Most of the recent works relied on cross attention module
in the di�usion model to incorporate conditional information into it [84]. These problems
can be formulated as the following equation:

y = f (C) where C = [ c1; c2; : : : ; ck ]

wherey is the synthesized image,f is the image synthesis model (i.e. di�usion model)
and C are the conditions which it can involve text or any kind of images.

Image Editing, refers to altering one or multiple parts of the image, can be either
locally or globally. The edited image would preserve part of the semantic information from
the original image. Researchers are also trying to provide di�erent controls for the image

5



editing, such as instruction-guided [12, 1] and description-guided [8, 24]. In these problems,
the original image became of the conditions in the synthesis process. We brie
y introduce
the common image generation and editing tasks that closely related to this work.

2.1.1 Text-Guided Image Generation

Text-Guided Image Generation, also known as Text-to-Image, is to generate an image con-
sistent with the text description. It can be formulated asy = f (p) where p is the prompt,
as the description of the image. Pivotal works include Stable Di�usion [84] that trains the
di�usion model in latent space, Imagen [41] employing a cascading di�usion model archi-
tecture, and PixArt-Alpha [18] using pixel-based di�usion transformer architecture. All of
the methods leverage the cross attention in the transformer module and the CLIP [80]-like
text encoder for aligning text and image modality.

2.1.2 Control-guided Image Generation

Control-guided Image Generation refers to the use of guidance image to control the gen-
eration process, �rst proposed in ControlNet [109], utilizing zero convolution, ControlNet
allows the �ne-tuning of Stable Di�usion models to gain image control. It can be for-
mulated asy = f (I control ; p) where I control can be images like canny edges, sketches, pose
extractions and even grayscale images.

2.1.3 Mask-guided Image Editing

Mask-guided image editing uses a mask to specify regions of an image for modi�cation,
allowing precise control over edits like object removal or attribute changes while preserving
the rest of the image. It can be formulated asy = f (p; Isrc; I mask) where I src is the source
image andI mask is a binary mask that one of color representing the to-be-edited image
parts. Pivotal works include Glide [68], Blended Di�usion [3].

2.1.4 Text-Guided Image Editing

Similar to Mask-guided Image Editing, Text-Guided Image Editing perform image edit
smartly with solely text prompt. The problem can be formulated asy = f (p; Isrc), where
I src is the text prompt p can be a target description or an instruction prompt, depending

6



on the model used. Pivot works include InstructPix2Pix [12] and CosXL [1] leverage
synthesized data edit pairs for training.

2.1.5 Subject-driven Image Generation

Subject-driven Image Generation, also known as image personalization, allows a customized
item or concept to be appeared in the synthesized image, even if the model was not pre-
trained on such data. This problem can be formulated asy = f (S; p) where p is the
prompt and S is a set of images regarding a speci�c subject, normally ranges from 3-5.
Pivotal works include Textual Inversion [30] which optimize a text vector aligning to the
S distribution, while DreamBooth [85] �ne-tunes the whole model with class-speci�c prior
preservation. BLIPDi�usion even allowsS to be a single image.

Another new type of task, named multi-concept image composition, introduced in Cus-
tom Di�usion [54], generate images based on multiple subjects or concepts. The equation
can be extended asy = f (S1; S2; p) where S1 and S2 are the two di�erent customized
object or concept.

2.1.6 Subject-driven Image Editing

Subject-driven Image Editing refers to replacing or adding a subject in the scene that
the �nal synthesized image would contain a customized object that perfectly blended in.
This task was �rstly proposed in DreamEdit [59]. The problem can be formulated as
y = f (S; p; Isrc) where p is the prompt, I src is the input image andS is a set of images
regarding a speci�c subject, normally ranges from 3-5.

2.2 Evaluation Metrics for Image Synthesis Tasks

2.2.1 Algorithm-based evaluation

Various metrics have been proposed to evaluate the quality of synthesized images. Tra-
ditional measures like the Inception Score (IS) [89] and the Frechet Inception Distance
(FID) [40] are commonly used to assess image �delity. To measure the alignment between
generated images and text prompts, several metrics have been introduced [48, 55, 73, 88],
with the CLIP score [39] and BLIP score [58] being the most widely used.

7



For image editing and control-guided image generation [64, 77], LPIPS [110] is fre-
quently used. It measures the similarity between two images in a way that aligns with
human perception. Its sensitivity to distortions allows it to compare the input (or ground
truth) and the generated image. However, in the context of image editing, perceptual
quality from a human perspective often includes factors like naturalness (e.g., shadows,
lighting, sense of distance), which the LPIPS metric does not account for. Additionally,
assessing a model's performance based on distortion levels is challenging, as current models
often achieve high-quality editing without noticeable artifacts.

For subject-driven image generation and editing tasks, CLIP-I and DINO were often
used [85]. CLIP-I calculates the average pairwise cosine similarities between CLIP embed-
ding of generated and real images, as �rst introduced in Textual-Inversion [30]. However,
CLIP-I struggles to di�erentiate between subjects with similar text descriptions and is
less sensitive to shape consistency since it focuses on semantic similarity between images.
DINO computes the mean cosine similarities between DINO embedding of ViT-S/16 [14]
for both synthesized and real images. Unlike CLIP-I, the DINO metric is sensitive to dif-
ferences between subjects of the same class due to its self-supervised training objective.
These two metrics have become popular in research on subject-driven image generation
and editing tasks [59].

2.2.2 Human-centered evaluation

Tradition method for evaluating synthesized images is to have human annotators to assess
visual quality [47, 59, 24]. Most works conducted human preference study across baselines,
making the results lack of insights on how good the models actually are. Recent works
like HEIM [56] attempt to standardize human evaluation across various dimension, but
scalability remains a challenge. The end goal is to develop an algorithm-based evaluator
that highly align with human evaluations.

2.3 Video Generation and Editing

A Video is formed by a sequence of images. Similar to image synthesis problem, it can be
formulated as:

V 2 [I 1; I 2; : : : ; I k ] = f (C) where C = [ c1; c2; : : : ; ck ]

8



whereV is a video,I is an image,C are the conditions such as text or image. Most of
the works relied on Di�usion models and attached a temporal module to give it ability to
synthesize videos [100, 22, 7].

2.3.1 Text-To-Video (T2V) Generation

Also known as Text-guided Video Generation. Recent progress in di�usion models [42,
90] has signi�cantly pushed forward the development of Text-To-Video (T2V) generation.
Text-to-Video (T2V) models are a type of generative model that can synthesize new video
sequences that didn't previously exist, based solely on textual prompts [100, 69, 16, 17].
Existing di�usion-based Text-to-Video (T2V) models generally build upon Text-To-Image
(T2I) models, adding additional temporal modelling layers that understand how things
change over time, thus extending it into video domain. Recent T2V generation models use
advanced approaches based on di�usion processes, which can start from a random noise
and gradually re�ne it into a detailed video that matches the text description [44, 41, 32].
Among these, models based on Latent Di�usion Models (LDMs) have gained particular
attention for their e�ectiveness and e�ciency [112, 2, 11, 37, 16, 100]. Some works also used
the di�usion transformers [38, 19, 69]. LDM-based [84] Text-to-Video (T2V) generation
models are the most extensively studied methods due to their high e�ciency.

2.3.2 Image-To-Video (I2V) Generation

Also known as Image-guided Video Generation. In the realm of video creation from images,
innovative methods have been developed to re�ne how videos are generated, focusing on
incorporating speci�c images to guide the video's visual. Initial attempts like VideoCom-
poser [99] and VideoCrafter1 [16] leveraged an image as a stylistic reference but struggled
to maintain detailed visual consistency in their videos. However, newer approaches like
DynamiCrafter [105], I2VGen-XL [111], SEINE [22], and ConsistI2V [83] have made sig-
ni�cant improvement, producing videos that closely align with the visual cues of the input
image as the starting frame. These Image-To-Video (I2V) generation models have found
varied applications, including long video generation [22, 107, 83], generative frame inter-
polation [105, 22] to enhance 
uidity and video storytelling [105, 107]. Despite their wide
usage, there's a noticeable gap in employing these models for video editing tasks.
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2.3.3 Video-To-Video (V2V) Generation

In the evolving landscape of digital media, Video-to-Video (V2V) Generation (also known
as Text-guided Video Editing) is an approach that leverages generation models to perform
video content manipulation. This innovative process allows creators to alter scenes, adapt
styles, and even replace objects in a existing video. A Video-To-Video (V2V) model needs
to have the capability to understand and manipulate the temporal 
ow and spatial elements
of videos. Early works like Tune-A-Video [104] requires �ne-tuning on a Text-To-Image
(T2I) model to perform video editing, but also result in blurry and saturated videos.
Later works [33, 102, 76, 23, 106, 15] also leveraged the Text-To-Image (T2I) model with
improved performance, allowing users to perform intuitive video manipulation through
textual prompts. Yet, these approaches do not provide users with exact control, leading
to modi�cations that might not match the user's speci�c intentions or the desired detail
level, due to the vagueness of natural language and the limitations of model capabilities.
It is desired to deliver a comprehensive solution that ensures greater precision for video
editing tasks.
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Chapter 3

Identifying E�ective Methods in
Conditional Image Synthesis

The current research �eld of image synthesis is evolving at a fast pace. To identify the true
research progress and the most e�ective methods in the �eld, we introduce ImagenHub,
with an initiative to standardize the evaluation of conditional image generation models. In
detail, we introduce ImagenHub data, a diverse evaluation set that contains 7 subset for
di�erent conditional image synthesis tasks, each with 100-200 instances. ImagenHub data
ensures the fair comparisons across di�erent models in the same task through standardizing
the evaluation inputs. Then We also presented ImagenHub inference library as a public tool
to standardize the inference and evaluation of all the conditional image generation models.
We gathered and standardized the widely scattered codebases from existing works into a
single, uni�ed format. By �xing hyperparameters and prompt formats during inference,
we eliminated the need for per-instance tuning, making the evaluation of di�erent models
both fair and reproducible. The library's design prioritizes ease of extension.

Finally, we investigated various human evaluation metrics to extract human perspec-
tive ratings and re�ned di�erent versions of the rating guidelines to enhance inter-rater
agreement. Ultimately, we adopted two three-valued rating metrics: 'Semantic Consis-
tency' and 'Perceptual Quality', which achieved high inter-worker agreement as measured
by Fleiss' Kappa [29] and Krippendor�'s Alpha [49]. Most of our models achieve more
than 0.4 on Krippendor�'s Alpha [49]. Our rating standard o�ers several bene�ts: (1)
It provides an unambiguous checklist table, making it easy for raters to evaluate images.
(2) The rating guideline is consistent across all task types. (3) Sustainability is ensured,
as previous evaluation results can be reused when new models are introduced since each
model is rated individually, unlike preference-based ratings.
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In this chapter, we will present the methodology, the image synthesis models evaluated,
the model leaderboard for each task, and an exploratory study on the capabilities and
limitations of the image synthesis models.

3.1 Methodology Design

3.1.1 ImagenHub Data

We reviewed the existing public evaluation datasets [87, 101, 28, 108, 20, 54, 59] and se-
lected a diverse range of instances to merge with our collected instances to create our
ImagenHub dataset for seven generation tasks. The seven generation tasks include text-
to-image generation, subject-driven image generation, multi-concept image composition
(similar to subject-driven image generation but multiple subjects), control-guided image
generation, mask-guided image editing, text-guided image editing, and subject-driven im-
age editing. We have already discussed these tasks in the background chapter. We ensured
the diversity in each subset of ImagenHub data, as illustrated in Figure 3.1.

3.1.2 ImagenHub Inference Library

The ImagenHub inference library contains implementations of state-of-the-art image syn-
thesis models that were originally scattered everywhere. All the models followed the o�-
cial implementation or the settings recommended in the HuggingFace documentation [95].
The library provides an interface to generate outputs according to our ImagenHub data
input. A visualization page of the benchmarking results is publicly available on the inter-
net, thereby showcasing the true performance of each model, as shown in Appendix A.1
and A.2. By examining the actual results, viewers can gain valuable insights. Our frame-
work also encourages future researchers to publicly release their human evaluation set
generation results. By standardizing the human evaluation protocol, these results will
become signi�cantly more convincing due to increased experimental transparency.

At the time of the thesis is written, the ImagenHub inference library contains the im-
plementation of in total 52 conditional image synthesis models. In this part of study, 32
models are selected for evaluation. 7 models are categorized into Text-to-Image gener-
ation (text-guided image generation), 4 models in mask-guided image editing, 8 models
in text-guided image editing, 5 models in subject-driven image generation, 3 models in
subject-driven image editing, 3 models in multi-concept image composition and 2 models
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(a) Text-to-Image Generation dataset (b) Mask-guided/Text-guided Image Editing
dataset

(c) Subject-driven Image Generation dataset (d) Multi-concept Image Composition dataset

(e) Subject-driven Image Editing dataset (f) Control-guided Image Generation dataset

Figure 3.1: Objects presented in each task's prompt text.
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in control-guided image generation. We surveyed these models in Table 3.1. The number
of parameters and runtime for Dalle-3 and MidJourney are not known. MidJourney is not
open-source and lacks a whitepaper with technical details.
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Model #Params Runtime Keywords for technical detail

Text-to-Image Generation

Dalle-3 [71] - - Recaptioned training data
MidJourney [65] - - -
Dalle-2 [81] 3.5B 10s unCLIP, two-stage
Stable Di�usion [84] 0.8B 3s Latent Di�usion
DeepFloydIF [26] 4.3B 37s Cascaded Pixel Di�usion
OpenJourney [72] 0.8B 3s SD, Midjourney data
Stable Di�usion XL [92] 2.3B 11s Stable Di�usion, X-Large

Mask-guided Image Editing

BlendedDi�usion [3] 0.5B 57s Noise Blending, DDPM+CLIP
GLIDE [68] 3.5B 19s CLIP, Di�usion
SD-Inpaint [86] 1.1B 11s SD, Inpainting training
SDXL-Inpaint [92] 2.7B 36s SDXL, Inpainting training

Text-guided Image Editing

SDEdit [64] 1.3B 13s SDE Prior
Text2Live [8] 3.1M 36s Zero-shot, Edit layer
Di�Edit [24] 1.3B 29s Mask estimation
Cycle Di�usion [103] 1.1B 9s DPM-Encoder, Zero-shot
Prompt-to-Prompt [66] 1.1B 2m Cross-Attention
Pix2PixZero [74] 1.1B 21s Cross-Attention, Zero Prompt
InstructPix2Pix [12] 1.1B 11s SD, synthetic P2P data
MagicBrush [108] 1.1B 7s SD, MagicBrush data

Subject-driven Image Generation

Textual Inversion [30] 1.1B 15m Word embedding tuning
DreamBooth [85] 1.1B 10m Finetuning with preservation loss
DreamBooth-Lora [46] 1.1B 8m DreamBooth + Low-Rank Adaptation
SuTI [20] 2.5B 30s In-context + Apprenticeship learning
BLIP-Di�usion [57] 1.1B 8s Pretrained encoder, Zero-shot

Subject-driven Image Editing

DreamEdit [59] 1.1B 8m Dreambooth + Region proposal
PhotoSwap [36] 1.1B 7m Dreambooth + Cross-Attention
BLIP-Di�usion [57] 1.1B 18s Pretrained encoder, Zero-shot

Multi-concept Image Composition

CustomDi�usion [54] 1.1B 19m Cross-attention updating
DreamBooth [85] 1.1B 11m Finetuning with preservation loss
TextualInversion [30] 1.1B 32m Word embedding tuning

Control-guided Image Generation

ControlNet [109] 1.4B 8s Zero convolution + Frozen model
UniControl [77] 1.4B 23s Multi-task pretraining, Zero-shot

Table 3.1: Evaluated models and their parameter size and runtime.
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3.1.3 ImagenHub Evaluation

The human evaluation metric we designed can be applied uniformly across all seven tasks.
We proposed two primary human evaluation metrics: Semantic Consistency (SC) and
Perceptual Quality (PQ). These metrics assess the quality of the generated images from
two di�erent perspectives. Semantic consistency evaluates how well the generated RGB
imagey aligns with the condition C = [ c1; c2; � � � ; ck ], and each task has a di�erent set of
conditions. An overall score can obtained by computing the geometric mean of SC and
PQ. The metrics can be formulated as the following equations:

SC(y; C) = min f gSC(y; c1); gSC(y; c2); � � � ; gSC(y; ck)g 2 List[0; 0:5; 1] (3.1)

PQ(y; C) = gP Q(y) 2 List[0; 0:5; 1] (3.2)

O(y; C) =
p

SC(y; C) � PQ(y; C) 2 Range[0; 1] (3.3)

where gSC is the human rating process with the Semantic Consistency guideline and
gP Q is the human rating process with the Perceptual Quality guideline. We will discuss
the two guidelines later. We choose min over mean for theSC formulation because it
emphasizes the importance of meeting all criteria without exception. Using mean would
also increase the complexity of human user rating and introduce a misalignment across
tasks, as di�erent tasks contain a di�erent number of conditionsci .

To ensure the reliability of the collected data, for each instance we introduced three
human raters to rate the image. In that case. We can also compute the inter-worker agree-
ment such as Fleiss Kappa [29] and Krippendor�'s Alpha [49]. Moreover, the averaged
score will have a more diverse range comparing to the three options list [0, 0.5, 1].

In implementation, we utilized the Proli�c platform to collect human feedback for eval-
uating synthesized images. To ensure high-quality ratings, we set the following criteria for
workers: 1) Workers must primarily speak English. 2) Workers must complete the rating
of one set of images (approximately 150-200 images) in a single session. This ensures they
fully understand the rating instructions and allows for consistent ratings by the same per-
son, enabling us to conduct inter-worker agreement analysis across the entire benchmark.
Workers will rate each image based on two criteria: SC and PQ, both on a scale of 0, 0.5,
and 1. The instructions and images are hosted on a website, and workers are provided with
detailed guidelines and examples to aid in the rating process. Responses are submitted in
a TSV �le. To ensure annotation quality, we pre-rated a few signi�cant samples (around
10-20) for each task. These serve as references to assess annotator performance. Ratings
that do not meet our standards will be rejected.
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ImagenHub Human-rater Guideline

Human have to strictly follow the guide in the Table 3.2 when participating the rating
process. The SC is measured by the coherency in terms of the condition provided (i.e.
Prompts, Subject Token, etc.) in the synthesized image, while the PQ score is determined
by the natural sense or the artifacts of the synthesized image. Artifacts includes distortions,
watermarks, scratches, blurred faces, unusual body parts, or subjects not harmonized.
While unusual sense referred to wrong sense of distance such as subject too big or too
small compared to others, wrong shadow, or wrong lighting, etc.

Condition 1 Condition 2 Condition 3 SC rating

Inconsistent Any Any 0
Any Inconsistent Any 0
Any Any Inconsistent 0
Partially Consistent Any Any 0.5
Any Partially Consistent Any 0.5
Any Any Partially Consistent 0.5
Mostly Consistent Mostly Consistent Mostly Consistent 1.0

Subjects in image Artifacts Unusual sense PQ rating

Unrecognizable Any Any 0
Any Serious Any 0
Recognizable Moderate Any 0.5
Recognizable Any Moderate 0.5
Recognizable Little/None Little/None 1.0

Table 3.2: Rating guideline for computing the SC and PQ score.

Ablation Study of Human Evaluation Design

We investigated the impact of the number of human raters on the evaluation of synthe-
sized images. We recruited 10 raters from Proli�c to assess 15 samples produced by the
Midjourney model. As shown in Figure 3.2, the mean scores remained relatively stable
with a slight increase at 4 raters and the highest mean score at 5 raters. The mean scores
hovered around 0.70, while the error bars indicated an increase in standard deviation.
Krippendor�'s Alpha decreased as the number of raters increased. It started around 0.70
with 3 raters and dropped to 0.64 with 10 raters. This suggests that while the mean score
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remains consistent, the reliability of that score decreases slightly with more raters due to
increased variance. With this analyzed, we optimized our human evaluation protocol and
used the setting of 3 raters, balancing the cost and reliability.

Figure 3.2: While the mean score stayed stable, the reliability measured by Krippendor�'s
Alpha diminished slightly as the number of raters increased, due to added variance.

In our study, we assumed the aspects would heavily impact each other in image rating,
thus we derived thatO =

p
SC � PQ. But there could be other options such as a weighted

importance O = � � SC + � � PQ to explore. We explored the settings through the
image editing task in Table 3.3. Text2Live surpasses CycleDi�usion in the weighted sum
setting, despite CycleDi�usion performing better in human evaluations. Our investigation
revealed that Text2Live often returns the input as the output, resulting in SC=0 and
PQ=1. We attempted to adjust the weightings, but this did not accurately represent the
model's performance. Therefore, we opted to use the geometric mean setting to penalize
the models more e�ectively.

Setting
O =

p
SC � PQ O = 0 :5SC + 0 :5PQ O = 0 :7SC + 0 :3PQ

OSum OAvg OSum OAvg OSum OAvg

MagicBrush 83.51 0.47 103.75 0.58 98.85 0.55
CycleDi�usion 24.89 0.14 65.25 0.36 51.28 0.29
Di�Edit 1.71 0.01 22.08 0.12 14.38 0.08
Text2Live 4.08 0.02 75.25 0.42 46.75 0.26

Table 3.3: Comparison on overall human score computation setting.
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Finally, we also studied the impact of the granularity of SC and PQ. We came up with
three settings: scoring range [0, 1] for both SC and PQ scores led to overly polarized and
extreme values. However, scoring range of [0, 0.5, 1, 2] for both SC and PQ, where 2
indicated a perfect image would resulted in suboptimal Fleiss Kappa values because its
hard for a person to distinguish the score 1 and 2, as shown in Table 3.4. To achieve a
balance between maintaining reasonable score ranges and ensuring reliable evaluation, we
settled on a range of [0, 0.5, 1], accompanied by clear and explicit guidelines.

Setting
categories = [0, 0.5, 1] categories = [0, 0.5, 1, 2] categories = [0, 1]
OAvg Fleiss�O Kd �O OAvg Fleiss�O Kd �O OAvg Fleiss�O Kd �O

BLIP-Di�usion 0.13 0.41 0.47 0.09 0.29 0.50 0.05 0.40 0.40
DreamEdit 0.50 0.33 0.52 0.32 0.26 0.55 0.21 0.38 0.38
PhotoSwap 0.62 0.35 0.46 0.36 0.25 0.50 0.29 0.37 0.37

Table 3.4: Ablation study to understand the impact of di�erent evaluation settings.

3.2 Experiments Results

This section reports the results of the evaluation experiment. Over 14k of synthesized
images are generated. During the image generation process we disabled negative prompts
and any prompt engineering techniques for fairness. Then these images got sent to human
raters. The human annotation took 2 weeks to complete. We hired 24 annotators. For the
time used in evaluating one set of images (around 150-200 images), the mean time reported
is 1 hour 40 minutes. Each of the annotators conducted evaluations on 3-4 sets (or more)
of images. The human annotations data took estimated 150 hours to collect.

With the collected human data, we compiled a leaderboard in Table 3.5, with computed
Krippendor�'s Alpha [49] and Fleiss kappa [29]. Krippendor�'s Alpha is expected to
yield a higher value than Fleiss kappa. This distinction stems from the nature of the
rating categories: Fleiss' Kappa assumes nominal categories, while Krippendor�'s Alpha
accommodates ordinal inputs. Both Fleiss' Kappa and Krippendor�'s Alpha are bounded
within the range of [-1, 1], where values greater than 0 indicate agreement, and values closer
to 1 signify a higher degree of agreement. We can see that most of the models achieve a
value higher than 0.3 on Fleiss kappa and a value higher than 0.4 on Krippendor�'s Alpha,
marking the reliability of the data.

Then we processed the data and found that the overall performance of the current
models is generally unsatisfactory. From Figure 3.3 we can observe that the average overall
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score for all tasks are below 0.4 except Text-guided Image Generation task. This indicate
the �eld is still relatively immature. Looking into the detail, with Figure 3.4 we can see
that most of the models can generate image with high perceptual quality while failing in
semantic consistency, that is why most model are scattered in the top left corner of the
�gure. Only Text-guided Image Generation models achieved above 0.5 in both SC and
PQ.

3.3 Insights from Human Inspection

To further look for insights, we manually inspected the synthesized image across all models
for each task.

Inspection on Text-guided Image Generation (7 Models)

All models demonstrate the ability to generate high-quality images. They generally un-
derstand prompts well in terms of semantic consistency, but Stable Di�usion XL excels
with more complex prompts. For instance, it accurately and intricately interprets "A
panda making latte art," whereas other models often misinterpret this as "panda latte
art." DALLE-3 and Midjourney also perform well with complex prompts, with DALLE-3
showing a slight edge in handling con
icting prompts.

Inspection on Mask-guided Image Editing (4 Models)

We observed that outputs from Stable Di�usion and GLIDE often contain noticeable arti-
facts around the masked region boundaries. While Blended Di�usion and Stable Di�usion
XL avoid this issue, they frequently produce unrecognizable outputs. Although Stable
Di�usion XL delivers the best results among these models, the overall performance is
still unsatisfactory. Another common problem is that the �lled regions struggle to blend
seamlessly with the background.

Inspection on Text-guided Image Editing (8 Models)

We found that although Prompt-to-Prompt, Pix2PixZero, and SDEdit generate high-
quality images, they often result in completely altered backgrounds. Additionally, in many
instances, Text2Live simply returns the input as the output, a phenomenon occasionally

20



observed in other models as well. A crucial requirement is to edit the image precisely
while keeping the background untouched. This task is particularly challenging because the
network must accurately interpret the editing region from the semantic inputs. Our eval-
uation rankings align with the claims from CycleDi�usion, InstructPix2Pix, MagicBrush,
Prompt-to-Prompt, and Di�Edit. However, our rankings do not align with Pix2PixZero,
as their paper primarily tested word-swapping examples, which do not generalize well to
more complex edits.

Inspection on Subject-driven Image Generation (5 Models)

Our evaluation results largely align with the �ndings of DreamBooth, BLIPDi�usion, and
SuTI. Speci�cally, Textual Inversion struggles to maintain the features of target subjects.
DreamBooth can imitate subjects based on provided images but sometimes ends up copying
the learned images. DreamBooth-Lora has di�culty generating the desired subjects but can
follow context prompts. BLIP-Di�usion can replicate target subject features but struggles
with �ne details. SuTI maintains high consistency with the chosen subjects and context,
although it occasionally produces tolerable artifacts.

Inspection on Multi-concept Image Composition (3 Models)

Our evaluations con�rm that CustomDi�usion consistently outperforms DreamBooth and
TextualInversion. However, while it excels at learning the features of multiple given sub-
jects, it often fails to follow prompts, particularly those involving actions and positional
words. In contrast, DreamBooth successfully learns the correct subjects in some cases,
whereas Textual Inversion rarely does. Interestingly, even when DreamBooth does not
learn the correct subjects, it can still accurately follow the prompts in certain instances.

Inspection on Subject-driven Image Editing (3 Models)

It is crucial to modify the subject from the source to the target without signi�cantly altering
the background. PhotoSwap can naturally adapt the target subject from the source in most
cases but rarely preserves the background well. DreamEdit maintains the context in most
cases but sometimes leaves observable distortions at the edges of contextualization. BLIP-
Di�usion often fails the adaptation, compromising for a more realistic generation. Our
evaluation ranking does not align with the papers due to varying evaluation criteria.
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Figure 3.3: Overall score of the seven tasks in ImagenHub.

Inspection on Control-guided Image Generation (2 Models)

Our evaluation shows no signi�cant di�erence between the two models in both automatic
and human evaluation metrics. Although UniControl also reported no signi�cant di�erence
in automatic metrics, our human evaluation results do not align. This discrepancy may
be due to di�erent evaluation standards and aspects. Nevertheless, neither model demon-
strates a high level of robustness, as scratches often appear on the generated images.

3.4 Key Takeaway

We proposed a library and a pipeline to standardize the human evaluation across image
synthesis tasks. The study shows the true performance on di�erent SOTA image synthesis
models.

Through the manual inspection and the support from human-annotated data, The key
takeaway is that 1) we believe that the development of Text-guided image generation has
been quite mature. However, it is still di�cult to apply complex control on the generation,
given the performance of subject-driven and control-guided generation. 2) Image editing,
despite being one of the most popular tasks, has not yet achieved the same similar perfor-
mance as text-guide image generation. We concluded that we should focus more on the
research on image editing and conditional image generation except for text condition.
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Figure 3.4: The SC and PQ score for each model in all categories.
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Model SCAvg PQAvg Overall FleissOverall KdOverall

Text-guided Image Generation

Dalle-3 0.79� 0.02 0.79� 0.14 0.76� 0.08 0.19 0.34
Midjourney 0.67� 0.06 0.92� 0.06 0.73� 0.07 0.34 0.51
DeepFloydIF 0.65� 0.02 0.62� 0.06 0.59� 0.02 0.32 0.51
Stable Di�usion XL 0.62� 0.03 0.64� 0.05 0.59� 0.03 0.37 0.61
Dalle-2 0.58� 0.04 0.62� 0.06 0.54� 0.04 0.27 0.40
OpenJourney 0.53� 0.02 0.59� 0.05 0.50� 0.02 0.30 0.47
Stable Di�usion 2.1 0.56� 0.02 0.53� 0.05 0.50� 0.03 0.38 0.50

Mask-guided Image Editing

SDXL-Inpainting 0.49� 0.05 0.51� 0.02 0.37� 0.05 0.50 0.72
SD-Inpainting 0.28� 0.04 0.27� 0.10 0.17� 0.07 0.31 0.49
GLIDE 0.20� 0.05 0.48� 0.06 0.16� 0.05 0.33 0.56
BlendedDi�usion 0.12� 0.03 0.11� 0.03 0.05� 0.02 0.36 0.44

Text-guided Image Editing

MagicBrush 0.51� 0.01 0.65� 0.06 0.47� 0.02 0.44 0.67
InstructPix2Pix 0.29� 0.01 0.70� 0.06 0.27� 0.02 0.55 0.74
Prompt-to-prompt 0.17� 0.05 0.55� 0.09 0.15� 0.06 0.36 0.53
CycleDi�usion 0.17� 0.03 0.56� 0.11 0.14� 0.04 0.41 0.63
SDEdit 0.04� 0.03 0.56� 0.12 0.04� 0.03 0.13 0.13
Text2Live 0.02� 0.01 0.82� 0.04 0.02� 0.02 0.10 0.17
Di�Edit 0.02� 0.01 0.23� 0.04 0.01� 0.01 0.24 0.24
Pix2PixZero 0.01� 0.00 0.48� 0.09 0.01� 0.01 0.37 0.37

Subject-driven Image Generation

SuTI 0.64� 0.11 0.68� 0.08 0.58� 0.12 0.20 0.39
DreamBooth 0.51� 0.08 0.93� 0.02 0.55� 0.11 0.37 0.60
BLIP-Di�usion 0.29� 0.04 0.93� 0.04 0.35� 0.06 0.22 0.39
TextualInversion 0.21� 0.04 0.74� 0.08 0.21� 0.05 0.35 0.52
DreamBooth-Lora 0.07� 0.01 0.82� 0.07 0.09� 0.01 0.29 0.37

Subject-driven Image Editing

PhotoSwap 0.34� 0.02 0.65� 0.04 0.36� 0.02 0.35 0.46
DreamEdit 0.31� 0.03 0.61� 0.03 0.32� 0.03 0.33 0.52
BLIP-Di�usion 0.09� 0.03 0.70� 0.02 0.09� 0.03 0.41 0.47

Multi-concept Image Composition

CustomDi�usion 0.26� 0.01 0.86� 0.05 0.29� 0.01 0.73 0.88
DreamBooth 0.11� 0.02 0.78� 0.02 0.13� 0.02 0.61 0.71
TextualInversion 0.04� 0.01 0.74� 0.05 0.05� 0.01 0.62 0.77

Control-guided Image Generation

ControlNet 0.42� 0.05 0.19� 0.04 0.23� 0.04 0.37 0.57
UniControl 0.38� 0.07 0.20� 0.06 0.23� 0.07 0.36 0.58

Table 3.5: ImagenHub leaderboard for seven core tasks.
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Chapter 4

Explainable Metric for Evaluating
Synthesized Image

After standardizing the evaluation of all the conditional image generation models and iden-
tifying the capabilities of the current models, we hoped to continue our e�orts to evaluate
newly published models and update our leaderboard to keep track of the progress. How-
ever, we noticed the human-centered evaluation from ImagenHub is economically expensive
to scale up. It would be desirable to come up with a machine-driven evaluator that can
replace human evaluation while holding a similar perspective as human judgment. As a
result, we took the initiative and proposed the use of a multimodal Large Language Model
(LLM) for evaluating synthesized images. The multimodal LLM is fed with a guiding
prompt similar to ImagenHub human rating guidelines to rate images from human per-
spective. Named as VIEScore (Visual Instruction-guided Explainable Score), this method
enables task awareness and the reasoning ability that traditional metrics lack, as illustrated
in Figure 1.2. We believed the metrics in the future would provide not just the score but
also the rationale. We want to enable the understanding of each judgment. We also noticed
that traditional metrics are not task-aware, which means they cannot be broadly adapted
to di�erent tasks.

We designed a benchmark that compares the evaluation from ImagenHub human raters
and di�erent available multimodal LLMs. At the time of this thesis was written, GPT4-o
achieved a 0.4 Spearman correlation with human evaluations, while the human-to-human
correlation was only 0.45. We also studied the correlation between traditional metrics and
human annotation data, in comparison to our proposed VIEScore. Results show that our
method beats traditional metrics in terms of correlations across all image synthesis tasks.
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In this chapter, we will present the methodology, the models evaluated, the evalua-
tion results, and a discussion on the challenges of using multimodal LLM for producing
explainable metrics.

4.1 Methodology Design

4.1.1 Method of VIEScore

Figure 4.1: VIEScore takes all the conditions and the synthesized image as input. Then
the input is fed to the MLLM with the instruction prompts, producing desired metrics
aligned with the instruction prompt.

VIEScore takes the input as a set that contains the synthesized imagey and the conditions
C = [ c1; c2; � � � ; ck ]. Then the multimodal LLM (MLLM) is fed with the input and the
instruction prompt which de�ne the desired metric requirement we want. The details of
the instruction prompt can be found in Appendix B.1. VIEScore also produces two human
perspective metrics, semantic consistency (SC) and perceptual quality (PQ), similar to
ImagenHub. While each image in one rating aspect is rated by picking an option from
List[0, 0.5, 1] by three human raters in ImagenHub, we propose a more rigorous rating
instruction toward comprehensive evaluation for each type of task. We split the rating of
semantic consistency (SC) and perceptual quality (PQ) into multiple sub-scores, which SC
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contains multiple scores according to the task conditions. The score will be in the range [0,
10], The rationale behind the design is that in ImagenHub's human rating system, when
the ratings from three human raters (each selecting from List[0, 0.5, 1]) are combined and
averaged, the results will be one of the following: List[0.0, 0.17, 0.33, 0.5, 0.67, 0.83, 1.0].
Therefore, we use a 0 to 10 scale, normalized to the range [0.0, 1.0], for comparison with
human ratings. Once the SC and PQ scores are retrieved, the overall score is derived as
the geometric mean of both SC and PQ, as the same implementation in ImagenHub.

4.1.2 Experiment Setup

To comprehensively verify this method, we conduct a study on a wide range of image
synthesis tasks to compare the correlations. We selected a list of available Multimodal
LLMs as the backbone of our VIEScore. The list included GPT-4o [70], GPT-4v [70],
Gemini-Pro-1.5 [82], LLaVA [60], Qwen-VL [6], BLIP2 [25], InstructBLIP [25], Fuyu [9],
CogVLM [98], and OpenFlamino [4]. We run VIEScore on the ImagenHub data from 29
image generation models across 7 tasks, which contain over 14k sets of conditions and
synthesized images. Then we compare the Spearman correlations of VIEScore on di�erent
backbones and the human ratings from ImagenHub, as illustrated in Figure 4.2. The goal of
this part of the study is to �nd out whether, at the current state, we can replace traditional
metrics with our proposed VIEScore on image evaluation tasks. We will compare the
Spearman correlations against the traditional metrics, and also the human raters.
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Figure 4.2: The experiment study the Spearman correlation between MLLMs and human
perspectives on rating images across all tasks in ImagenHub.
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4.2 Experiment Results

We applied Fisher Z-transformation to estimate the average Spearman correlation2 [� 1; 1]
across models and tasks for all presented correlations. We �rst derived the baseline corre-
lation by computing the Human-to-Human (H-H) correlation, which averaged around 0.5
and was expected to be the highest compared to MLLMs. Then we run VIEScore with
di�erent MLLM backbones. During the experiment, we observed that only GPT-4v, GPT-
4o, Gemini, and LLaVA were able to clearly follow our instructions, whereas other MLLMs
failed to produce meaningful results under our setup. For instance, BLIP-2, despite out-
putting the correct format, provided scores that were consistently zero. Qwen-VL and
InstructBLIP managed to generate partial responses for semantic consistency but failed
to produce any results for perceptual quality evaluation. We �lled the meaningless results
with random numbers.

4.2.1 Correlation Study against di�erent backbones

Figure 4.3: Backbone comparison of VIEScore in terms of correlation.

In terms of overall performance, GPT-4o exhibited a signi�cantly higher correlation than
all other MLLMs, while LLaVA's correlation was much lower compared to human raters.
This suggests that LLaVA is less e�ective in these speci�c tasks compared to closed-source
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MLLMs like GPT-4v. We also noticed the performance of closed-source MLLMs is generally
much better than the open-source MLLMs, marking a big gap in this ability. Notably, GPT-
4o achieved a very high correlation with human raters across various image generation and
editing tasks, achieving 0.4 on the overall metric. GPT-4v and Gemini also performed well
on nearly all tasks, with a human correlation of around 0.3. However, GPT-4v, Gemini,
and LLaVA showed the weakest performance in text-guided editing and subject-driven
image editing tasks. The detailed correlation numbers can be found in Appendix B.2, and
we found that GPT-4v matches human performance in text-guided image generation tasks.

Numerous studies [13, 75, 61] have emphasized that In-Context Learning (ICL) enables
LLMs to e�ectively handle novel tasks without traditional �ne-tuning. We applied In-
Context Learning in our prompting method, i.e. in 1 shot setting, anticipating an increase
in correlation scores. However, we observed the opposite e�ect. there is a general trend of
diminishing correlation scores except for Gemini-Pro-1.5.

4.2.2 Correlation Study against traditional metrics

Figure 4.4: Comparison of VIEScore and traditional in terms of correlation by each task.

We explored the correlation to humans based on VIEScore and Traditional metrics across
all 7 image synthesis tasks from ImagenHub. We noticed VIEScore beats Traditional
metrics in every task, such as the CLIPScore [39] from the Text-guided image generation
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dSF (rHuman ; rMethod )_ � S(rHuman ; rMethod )^
Task (Total number of Models) GPT-4v LLaVA LPIPS CLIP GPT-4v LLaVA LPIPS CLIP

Text-guided Image Generation (5) 2 6 N/A 8 0.90 0.50 N/A -0.20
Mask-guided Image Editing (4) 2 8 2 0 0.80 -1.00 0.80 1.00
Text-guided Image Editing (8) 12 16 20 16 0.67 0.48 0.17 0.48
Subject-driven Image Generation (4) 4 6 0 6 0.20 -0.40 1.00 -0.20
Subject-driven Image Editing (3) 2 2 4 4 0.50 0.50 -0.50 -1.00
Multi-concept Image Composition (3) 0 0 2 2 1.00 1.00 0.50 0.50
Control-guided Image Generation (2) 0 0 0 2 1.00 1.00 1.00 -1.00

Table 4.1: Ranking judgment from each metric method.dSF (r; r � ) is the Spearman's
footrule and � S(r; r � ) is the Spearman's rho (correlation). LPIPS is not available for the
�rst task because there are no reference images.

task, LPIPS [110] from the image editing tasks, and DINO [85] from the subject-driven
image synthesis tasks. The detailed correlation numbers can be found in Appendix B.2,
and we found that DINO from the subject-driven image generation task has a very high
correlation with human ratings.

We also computed the correlation based on the ImagenHub rankings and the rankings
predicted by VIEScore and traditional metrics, as shown in Table 4.1. We selected GPT-4v
and LLaVA as VIEScore representatives because they are the most signi�cant closed-source
and open-source MLLMs. For traditional metrics, LPIPS and CLIP Score are selected. We
computed Spearman's footruledSF (r; r � ) 2 [0; + 1 ) and Spearman's rho� S(r; r � ) 2 [� 1; 1]
to examine the ranking correlation. Both GPT-4v and LLaVA were able to align with
the ImagenHub rankings on the multi-concept image composition task and control-guided
image generation task, with only one model di�erence in the subject-driven image editing
task. Although the results varied signi�cantly across other tasks, GPT-4v generally showed
a stronger alignment with the ImagenHub rankings compared to LLaVA.
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4.3 Insights and Challenges

Figure 4.5: MLLM confused by the example image when rating images.

We looked into the reasonings and realized that the general MLLMs struggle in in-context
learning when multiple images exist. The model will get confused. For example, a girl
image is fed as an example to teach the model how to evaluate the cat image. Then the
model starts rating based on the girl image and also the cat image. This is likely related
to the poor ability of MLLMs to understand multiple images as illustrated in Figure 4.5.
This behavior was observed in GPT-4v, GPT-4o, Gemini, and LLaVA. Another related
work [62] also reported a similar issue, where the model attempted to consider the example
when answering visual questions. This explains the deterioration of correlation scores for
GPT-4v, GPT-4o, Gemini, and LLaVA when using the ICL prompting technique.

Moreover, One big issue that we found is that MLLMs often struggle to see the minor
di�erences in two similar content images, as MLLMs tend to understand the images at the
structure level but not detail enough, as illustrated in Figure 4.6. This suggests that the low
correlation scores on image editing tasks are due to the limited capability of state-of-the-art
MLLMs to understand multiple images.
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Figure 4.6: MLLM failed to distinguish minor di�erences in the images.

4.4 Key Takeaway

We are still far away from achieving explainable metrics for conditional image synthesis
tasks. There are still obstacles for us to deploy explainable metrics in the current state.
The current MLLMs cannot understand multiple images in the correct context and MLLMs
often struggle to discern minor di�erences between two similar content images. However,
there is still room to improve, and we believe VIEScore will be a mainstream evaluation
method shortly, as in practice multiple image QA is an area coming with many applications
and the MLLMs will certainly be improved in the future.
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Chapter 5

Bringing Image Editing into Video
Editing

In the second part of the study, we look for solutions for precise video editing. The �eld
of digital content creation using generative models is dynamic, but current state-of-the-
art video editing models still do not provide the level of quality and control that users
desire. Previous video editing approaches either extended from image-based generative
models in a zero-shot manner or required extensive �ne-tuning, which can hinder the
production of 
uid video edits. Additionally, these methods often rely on textual input
as the editing guidance, leading to ambiguities and limiting the types of edits they can
perform. To address these challenges, we introduce AnyV2V, a striaghtforward approach
to tackle Video Editing problem. AnyV2V simpli�es the process into two main steps: (1)
using an o�-the-shelf image editing model to modify the �rst frame, and (2) utilizing an
existing image-to-video generation model to generate the edited video through temporal
feature injection.

The key advantage of AnyV2V is that it can leverage any existing image editing tools
to support a wide range of video editing tasks, including prompt-based editing, reference-
based style transfer, subject-driven editing, and identity manipulation - tasks that were
not achievable with previous methods. Moreover, its evolving paradigm allows better
performance when a stronger I2V model is applied, which has been back with our evaluation
results on di�erent backbone models.

Finally, our evaluation results show that AnyV2V signi�cantly outperforms other base-
line methods in both automatic and human evaluations. It maintains visual consistency
with the source video while achieving high-quality edits across all the editing tasks.
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In this chapter, we will present the methodology, task applications, and evaluation
results. Then we include ablation studies and discussions on each component.

5.1 Methodology Design

Overview. The AnyV2V framework o�ers a streamlined approach to video editing, begin-
ning with processing a source video. Initially, an image editing model is applied to edit the
�rst frame of the video, customized for the speci�c editing requirement. This editing can
be carried out either by a black-box image editing model ([12, 97, 21, 31]) or traditional
editing software like photoshop. At the same time, the source video is transformed back
into a noise latent state through an inversion process using DDIM sampling. During the
denoising phase, spatial features, self-attention features, and temporal attention features
are infused into the decoder layers of the I2V model. The inverted latent serves as the
initial state in the denoising process, with the edited �rst frame used as the control signal.
Each of the extracted features and attention mechanisms is carefully integrated into the
appropriate decoder layers throughout the denoising stage. This method is highly con-
trollable because it brings video editing into image editing problem. Figure 5.1 shows the
complete pipeline of AnyV2V, while Figure 1.3 shows the example use cases of AnyV2V.
We explore the design of each component in this section.

5.1.1 Flexible First Frame Editing

In visual manipulation, controllability is crucial for precise editing. AnyV2V enhances
controllable video editing by leveraging image editing models to modify the video's �rst
frame. This method allows for highly accurate modi�cations in the video and is compatible
with a wide range of image editing models. These include deep learning models for image
style transfer [31, 34, 63, 96], mask-based image editing [68, 3], image inpainting [93, 53],
identity-preserving image editing [97], and subject-driven image editing [21, 59, 36].

5.1.2 Structural Guidance using DDIM Inverison

To ensure that the videos generated by the I2V generation model adhere to the overall
structure of the source video, we use DDIM inversion to extract the latent noise of the
source video at each time stept. This inversion is performedwithout a text prompt
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condition but with the �rst frame condition. Given a source videoV S = f I 1; I 2; I 3; :::; I ng,
we obtain the inverted latent noise for time stept as:

zS
t = DDIM Inv( � � (zt+1 ; I 1; ? ; t)) ; (5.1)

where DDIM Inv( �) denotes the DDIM inversion process as described in Appendix C.1.
The latent noisezS

T at the �nal time step T (initial noise of the source video) should be
used as the initial noise for sampling the edited videos in ideal situation.

5.1.3 Appearance Guidance via Spatial Feature Injection

Our observation indicates that I2V generation models possess inherent editing capabilities
when utilizing only the edited �rst frame and DDIM inverted noise as inputs. However,
this straightforward method often struggles to 1) Correctly preserve the background in the
edited �rst frame and 2) Maintain the motion from the source video. This is primarily
because the conditional signal from the source video encoded in the inverted noise is limited.

We perform feature injection in both convolution layers and spatial attention layers in
the denoising U-Net to enforce consistency with the source video. In the video sampling
process, We simultaneously denoise the source video using the previously collected DDIM
inverted latents zS

t at each time step t such that zS
t� 1 = � � (zS

t ; I 1; ? ; t). We preserve
two types of features during source video denoising: 1) convolution featuresf l1 before skip
connection from thel th

1 residual block in the U-Net decoder, and 2) the spatial self-attention
scoresf A l2

s g from l2 = f l low ; l low+1 ; :::; lhigh g layers. We collect the queriesf Ql2
s g and keys

f K l2
s g instead of directly collectingA l2

s as the attention score matrices are parameterized
by the query and key vectors. We then replace the corresponding features during denoising
the edited video in both the normal denoising branch and the negative prompt branch for
classi�er-free guidance [43]. We use two thresholds� conv and � sa to control the convolution
and spatial attention injection to only happen in the �rst � conv and � sa steps during video
sampling.

5.1.4 Motion Guidance through Temporal Feature Injection

We observe that the edited videos still frequently exhibit incorrect motion compared to the
source video. On the other hand, we notice that video di�usion models in general, are often
initialized from pre-trained T2I (Text-to-Image) models and then further trained on video
data. During this training process, the parameters in the spatial layers are typically frozen

36



or set to a lower learning rate to preserve the pre-trained weights from the T2I model,
while the parameters in the temporal layers are more extensively updated. Consequently,
a signi�cant portion of the motion information is likely encoded in the temporal layers of
the I2V generation models.

Concurrent work [5] also observes that features in the temporal layers exhibit charac-
teristics similar to optical 
ow [45], a pattern commonly used to describe the motion within
a video. To better reconstruct the source video motion in the edited video, we propose
to also inject the temporal attention features in the video generation process. Similar to
spatial attention injection, we extract the source video temporal self-attention queriesQl3

t

and keysK l3
t from some U-Net decoder layers represented byl3 and inject them into the

edited video denoising branches. We also only apply temporal attention injection in the
�rst � ta steps during sampling.

5.1.5 Overall Formulation

Combining the spatial and temporal feature injection mechanisms, we replace the gener-
ating featuresf f � l1 ; Q� l2

s ; K � l2
s ; Q� l3

t ; K � l3
t g with the features from the source:

z�
t � 1 = � � (z�

t ; I � ; s� ; t ; f f l1 ; Ql2
s ; K l2

s ; Ql3
t ; K l3

t g); (5.2)

where � � (� ; f f l1 ; Ql2
s ; K l2

s ; Ql3
t ; K l3

t g) denotes the feature replacement operation across
di�erent layers l1; l2; l3. This allows us to perform video editing without any �netuning.

5.1.6 Experiment Setup

Since such framework allows the use of I2V models, we experiment AnyV2V with three
di�erent I2V backbones, including SEINE [22], ConsistI2V [83], and I2VGenXL [111]. We
also experiment di�erent tasks with image editing models [21, 97, 12, 31], according to the
4 designed tasks applications:

1. Prompt-based Editing: allows users to manipulate video content using natural
language alone. By providing descriptive prompts or speci�c instructions, users can
easily perform a wide range of edits, such as adding accessories, swapping or spawning
objects, incorporating e�ects, or changing the background.
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2. Reference-based Style Transfer: In style transfer tasks, the artistic styles of
Monet and Van Gogh are commonly investigated. However, in practical scenarios,
users may wish to apply a unique style derived from a speci�c piece of artwork.
Reference-based style transfer is one approach to achieve this, where a style image
is used as a reference to edit videos. The goal is for the edited video to re
ect the
unique style of the reference artwork.

3. Subject-driven Editing: In subject-driven video editing, the objective is to replace
an object in the video with a target subject derived from a given subject image. This
process should preserve the original motion of the video and maintain the background
intact.

4. Identity Manipulation: Identity manipulation enables users to alter video content
by substituting a person in the video with another individual's identity, based on an
input image of the target person.

To verify the robustness of this paradigm, we computed CLIP-based metrics and con-
ducted human evaluation study. We compared

For the video generated in this experiement using AnyV2V, we used 0:2T for convolution
features injection, 0:2T for the self-attention features injection, and 0:5T for the temporal
attention features injection. T is the total number of sampling steps according to the
DDIM sampler. We found that setting 0:2T for both convolution features and self-attention
features injection is the best to preserve the layout and structure in the modi�ed video
without incorporating unnecessary visual elements from the original video. I also found
that 0:5T is an optimal setting for temporal attention feature injection, as it provides
a balance between motion alignment, motion consistency, and the overall quality of the
video. We explain the design choices in the ablation study Section 5.2.2.

5.2 Experiment Results

We conducted all experiments on a single A6000 GPU, which can inference AnyV2V in
100 seconds. AnyV2V only takes 15000 GPU memory for the whole process.

38



Figure 5.1: AnyV2V pipeline.

Table 5.1: Quantitative comparisons for AnyV2V with baselines on prompt-based video
editing. Alignment: prompt alignment; Overall: overall preference.Bold : best results;
Underline: top-2.

Method
Human Evaluation " CLIP Scores"
Alignment Overall CLIP-Text CLIP-Image

Tune-A-Video 15.2% 2.1% 0.2902 0.9704
TokenFlow 31.7% 20.7% 0.2858 0.9783
FLATTEN 25.5% 16.6% 0.2742 0.9739

AnyV2V(SEINE) 28.9% 8.3% 0.2910 0.9631
AnyV2V(ConsistI2V) 33.8% 11.7% 0.2896 0.9556
AnyV2V(I2VGen-XL) 69.7% 46.2% 0.2932 0.9652

5.2.1 Evaluation across Applications

Prompt-based Editing

Modifying video attributes through natural language commands, such as adding acces-
sories, exchanging objects, or changing backgrounds, is a challenging and intricate en-
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deavor. Unlike other advanced methods that often introduce unwarranted changes not
speci�ed in the text commands, the AnyV2V framework utilizes the precision of image
editing models to ensure only the targeted areas of the scene are altered, leaving the
rest unchanged. Combining AnyV2V with the instruction-guided image editing model In-
structPix2Pix [12], AnyV2V accurately places a party hat on an elderly man's head and
transforms a horse into a unicorn. Additionally, it maintains the original video's back-
ground and integrity, whereas in comparison, baseline methods often alter the color tone
and shape of objects, as illustrated in Figure 5.2.

We conduct a human evaluation to examine the degree of prompt alignment and overall
preference of the edited videos based on user voting, and also compute the metrics CLIP-
Text for text alignment and CLIP-Image for temporal consistency. In detail, CLIP-Text is
computed by the average cosine similarity between text embeddings from CLIP model [79]
and CLIP-Image is computed in the same way but between image embeddings for every
pair of consecutive frames. Table 5.1 shows that AnyV2V generally achieves high text-
alignment and temporal consistency, while AnyV2V with I2VGen-XL backbone is the
most preferred method because it does not edit the video precisely.
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Figure 5.2: AnyV2V is robust in a wide range of prompt-based editing tasks while preserv-
ing the background. The results align the most with the text prompt and maintain high
motion consistency.

Style Transfer, Subject-Driven Editing, and Identity Manipulation

Within the sphere of style transfer endeavors, the artistic techniques of Monet and Van
Gogh are commonly examined and discussed. Traditional approaches to style transfer usu-
ally harness the model's built-in broad-spectrum knowledge, utilizing text descriptions to
grasp and emulate these styles in video edits of high quality. While these conventional
methods are e�ective for mimicking the styles of certain renowned artists, they often lack
the precision needed to re
ect the unique styles of other artists accurately. AnyV2V devi-
ates from the standard practice of using only textual descriptions to guide style modi�ca-
tions. Leveraging the style transfer model NST [31], AnyV2V distinctly excels in precisely
capturing the unique style of Vassily Kandinsky's work, a feat not accomplished by other
methods, as shown in Figure 5.3. This degree of control provides artists with the novel
capability to reference their own artworks for video editing purposes, thereby broadening
the horizons for artistic creativity.

41


	Author's Declaration
	Statement of Contributions
	Abstract
	Acknowledgements
	List of Figures
	List of Tables
	Introduction
	Background
	Image Generation and Editing
	Text-Guided Image Generation
	Control-guided Image Generation
	Mask-guided Image Editing
	Text-Guided Image Editing
	Subject-driven Image Generation
	Subject-driven Image Editing

	Evaluation Metrics for Image Synthesis Tasks
	Algorithm-based evaluation
	Human-centered evaluation

	Video Generation and Editing
	Text-To-Video (T2V) Generation
	Image-To-Video (I2V) Generation
	Video-To-Video (V2V) Generation


	Identifying Effective Methods in Conditional Image Synthesis
	Methodology Design
	ImagenHub Data
	ImagenHub Inference Library
	ImagenHub Evaluation

	Experiments Results
	Insights from Human Inspection
	Key Takeaway

	Explainable Metric for Evaluating Synthesized Image
	Methodology Design
	Method of VIEScore
	Experiment Setup

	Experiment Results
	Correlation Study against different backbones
	Correlation Study against traditional metrics

	Insights and Challenges
	Key Takeaway

	Bringing Image Editing into Video Editing
	Methodology Design
	Flexible First Frame Editing
	Structural Guidance using DDIM Inverison
	Appearance Guidance via Spatial Feature Injection
	Motion Guidance through Temporal Feature Injection
	Overall Formulation
	Experiment Setup

	Experiment Results
	Evaluation across Applications
	Ablation Study

	Limitation and Remedies
	Key Takeaway

	Conclusion
	References
	APPENDICES
	Supplementary material of ImagenHub
	Visualization Tools from ImagenHub

	Supplementary material of VIEScore
	Prompt Templates
	Correlations

	Supplementary material of AnyV2V
	Preliminary


