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wards either modification or preservation. Directional
CLIP similarity, the only metric that considers both
source tmage and target text, is also biased towards
modification aspects and attends to irrelevant editing
regions of the image. We propose AugCLIP, a context-
aware metric that adaptively coordinates preservation
and modification aspects, depending on the specific con-
text of a given source image and target text. This
is done by deriving the CLIP representation of an
ideally edited image, that preserves the source image
with necessary modifications to align with target text.
More specifically, using a multi-modal large language
model, AugCLIP augments the textual descriptions of
the source and target, then calculates a modification
vector through a hyperplane that separates source and
target attributes in CLIP space. Eztensive erperiments
on five benchmark datasets, encompassing a diverse
range of editing scenarios, show that AugCLIP aligns
remarkably well with human evaluation standards, out-
performing existing metrics. The code is available at
https://github. com/ augclip/ augclip_ eval.

1. Introduction

Building on advancements in vision-language mod-
els [7, 19, 24], recent generative models [2, 8, 12] have

*Equal contribution,? Corresponding Author.

Figure 1. Context Blindness Problem of Existing
Evaluation Metrics. Evaluation metrics should consider
the specific context of a given source image and target text.
However, existing metrics exhibit context-blindness, apply-
ing the same criteria of either ‘preserve’ (P) or ‘modify’ (M)
across the entire image. Our proposed metric, AugCLIP, is a
contexrt-aware metric that flexibly applies different criteria
to local regions of the image.

been widely utilized as creative tools for image editing
via text instructions. Text-guided image editing models
enable the modification of images in response to textual
guidance, ensuring that changes are aligned with the
provided instructions. The primary objective of these
models is to apply the necessary modifications guided
by the target text while preserving most of the source
image.

Despite the remarkable advancements in editing
models, there has been a lack of rigorous evaluation
methods, tailored specifically for text-guided image
editing. Consequently, most studies [1, 2, 6, 9, 13, 15,
26] have heavily relied on human evaluation, which pro-
vides balanced consideration of preservation and modi-
fication aspects. However, as it is costly and impractical
for real-world applications, researchers have adapted
automatic evaluation metrics [3, 10, 11, 29] originally
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designed for other vision tasks, such as image genera-
tion or captioning.

In text-guided editing scenarios, it is essential to
assess which elements in the source to preserve and
which in the target to modify into, based on the spe-
cific context of the given source image and target text
(see Fig. 1(a)-(b) for example). Existing metrics, how-
ever, exhibit context blindness, meaning preservation-
centric metrics completely ignore the target context
while modification-centric metrics do not account for
the source context. As shown in Fig. 1(c), preservation-
and modification-centric metrics apply a fixed standard
across the entire image, regardless of the true editing
requirement of the given context. Even combining them
fails to overcome the context blindness problem.

Among existing metrics, directional CLIP similar-
ity [6] is unique because it provides a method to con-
sider both the source image and target text in the
evaluation. Even this metric suffers from a context-
blindness problem, using a fixed standard without con-
sidering the specific relationship between the source
image and target text. We show that directional CLIP
similarity tends to prioritize modification over preser-
vation, and often focuses on peripheral parts rather
than regions that are edited as guided by target text,
in Sec. 3. These observations underscore the need for a
context-aware metric to dynamically adjust the evalu-
ation standard, balancing both aspects in response to
diverse editing contexts.

Based on our comprehensive analysis, we propose
a novel context-aware metric, AugCLIP, which evalu-
ates the quality of the edited image by comparing it
with an estimated representation of a well-edited im-
age. To balance preservation and modification, a well-
edited image is represented by a minimum modification
on the source image, while matching the target text.
We use multi-modal large language models (MLLMs)
to extract attributes that capture various visual as-
pects of the source image and target text. With these
attributes, we derive a hyperplane that separates the
source and target to derive the ideal modification as a
projection to this hyperplane. AugCLIP evaluates how
closely the edited image aligns with the estimated ideal
image in CLIP space.

Our metric AugCLIP demonstrates remarkable im-
provement in alignment with human judgment on di-
verse editing scenarios such as object, attribute, and
style alteration compared to all other existing metrics.
Moreover, our metric is even applicable to personal-
ized generation, the DreamBooth dataset, where the
objective is to identify an object in the source image
and edit it into a completely novel context. This shows
the flexibility of AugCLIP, which seamlessly applies to
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a variety of editing directions. Notably, our metric ex-
cels in identifying minor differences between the source
image and the edited image, showing superb ability in
complex image editing scenarios such as MagicBrush.

The major contributions are summarized as follows.
We point out the unreliability of current evaluation
metrics in text-guided image editing, noting their
inability to balance preservation and modification
effectively due to inherent context blindness.

We introduce AugCLIP, a context-aware metric for
image editing by automatically augmenting de-
scriptions via MLLM and estimating a balanced rep-
resentation of preservation and modification, which
takes into account the relative importance of each
description.

AugCLIP demonstrates a significantly high correla-
tion with human evaluations across various editing
scenarios, even in complex applications where exist-
ing metrics struggle.

2. Background on Existing Metrics

In the context of text-guided image editing, evalua-
tion metrics should assess the quality of edited images
in terms of both preservation of the source image and
modification towards the target text.

Preservation-Centric Metrics FID [11], LPIPS
[29], and L2 distance measure feature-level distance
between images. These metrics are primarily used in
image generation tasks to compare the distributions of
real and generated images. When applied to editing
scenarios, they assess the distance between the source
and edited images, completely ignoring the target text
guiding the editing process. Segmentation consistency
(SC) [13] measures the structural change. Additionally,
DINO similarity (DINO) and CLIP-I evaluate the se-
mantic similarity between the source and edited images
within the DINO [3] and CLIP [24] embedding spaces,
also focusing solely on preservation.

Modification-Centric Metrics To assess how well
an edited image aligns with the target text, the pri-
mary approach involves using a pre-trained multi-
modal model [24]. CLIPScore (CLIP-T) [10] is the most
widely adopted metric in this category, measuring the
similarity between the edited image and the target text.
This metric completely ignores the source image that
should be considered for the preservation aspect.

Holistic Evaluation of Preservation and Mod-
ification Directional CLIP similarity (CLIPg4i) [6]
is unique among existing metrics as it assesses both
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Figure 2. Combination of Preservation- and

Modification-Centric Metrics Deteriorates in Per-
formance. The plot shows the human alignment score
Salign measured by a linear interpolation of {DINO, SC,
CLIP-I} and CLIP-T. The results show that combining
rather degrades the alignment with human judgment.

preservation and modification aspects by evaluating di-
rectional alignment between the original and edited im-
ages concerning the source and target text.

However, these metrics employ a fixed evaluation
standard, disregarding the context of each editing sce-
nario, which leads to context blindness. As discussed
in Sec. 3, combining preservation- and modification-
centric metrics or using directional CLIP similarity fails
to balance preservation and modification adequately,
resulting in misalignment with human judgment.

3. Problems of Existing Metrics in Bal-
ancing Preservation and Modifica-
tion Aspects

Existing evaluation metrics, that focus on either one of
the preservation or modification aspects, face a chal-
lenge in assessing both aspects. Does combining these
two metrics successfully balance the preservation and
modification aspects? We systematically analyze how
these metrics and their combinations still fail in balanc-
ing the two colliding objectives, suffering from context-
blindness (Sec. 3.1). Moreover, we focus on directional
CLIP similarity, the unique metric that accounts for
both source image and target text, to reveal that it
presents two significant problems that question its re-
liability (Sec. 3.2).

3.1. Combination of Preservation- and
Modification-Centric Metrics

We explore whether combining preservation- and
modification-centric metrics can improve alignment
with human judgments across two benchmark datasets:
EditVal [1] and CelebA [20] (Results on the other three
benchmark datasets are deferred to the Appendix). To
do so, we combine CLIP-T, a modification-centric met-
ric, and preservation-centric metrics (LPIPS, DINO
similarity, CLIP-I) with varying interpolation values
v € [0,1]. Note that both metrics are scaled to the
same range before interpolation, ensuring the interpo-
lation value 7 is properly reflected in the final combined
score.

As illustrated in Fig. 2, the combination of two pow-
erful metrics in preservation and modification often
leads to performance degradation. This manifests that
a simple combination of the colliding metrics cannot be
a reliable evaluation metric. This is due to the context-
blindness of these metrics, failing to holistically con-
sider source image and target text. Preservation-centric
metrics compare only the source and edited images,
ignoring the target context. Similarly, modification-
centric metrics consider only the target text, over-
looking the source context. This highlights the need
for a tailored metric that is contextually aware of
both preservation and modification, ensuring a reli-
able alignment with human evaluations across diverse
datasets and tasks.

3.2. Directional CLIP Similarity

Directional CLIP similarity (CLIPg;,) is designed to as-
sess both preservation and modification in text-guided
image editing by measuring the similarity between im-
age and text directions as follows:

CLIPg;, = cs(AI,AT) (1)
= ¢s(B(Leait) = Blluee), B(Tig) = E(Tue) ), (2)

where cs(a,b) = m denotes cosine similarity and
E(-) is a CLIP encoder for either image or text. Here,
Ioqis is the edited image to be evaluated, which is edited
from the source image I, according to the target text
Tirg. For evaluation of directional CLIP similarity, Ig.,
the corresponding text about the source image, is re-
quired. We analyze that CLIPg4;, has two major prob-
lems that hinder the balanced evaluation of preserva-
tion and modification.

CLIPg4;, overly emphasizes modification. Direc-
tional CLIP similarity overly emphasizes the alignment
with the target text while neglecting the preservation
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Figure 3. Problems of Directional CLIP Similarity. (a) CLIPg;, assigns higher scores to excessive modification, over
well-edited ground truth images. (b) CLIPg4;, evaluates edited images by attending to irrelevant regions of the image. Adding
visual annotations helps CLIPg4;, properly attend to edited regions.

of the source image. Despite attempting to incorporate
preservation by subtracting Ty from Ti,e, CLIPg;, fre-
quently favors excessively modified images over ground
truth ideally edited images as shown in samples in
Fig. 3(a). Specifically, CLIPg4;, metric fails on 63% of
the 100 editing cases in TEdBench [12] and 35.1% of
the 1053 cases in MagicBrush [28] (Details in Sec. 5).
This problem happens since CLIPy;, is designed to as-
sume that a well-edited image should primarily adhere
to the target text. Thus, it blindly favors the visual fea-
tures of the target text, leading to unreliable results.

CLIPg4;, overlooks edited regions. CLIPg; often
focuses on peripheral or unmodified local areas of
the edited image, overlooking the specific areas that
are edited by the text. Using the relevancy map [4],
R(AI; AT)Y, to visualize attention on image regions
corresponding to the text direction, we observe that
CLIPg;, frequently fails to concentrate on the image
regions that are directly relevant to the target text
as shown in Fig. 3(b). The figure also shows that

1The original relevancy map R utilizes an image-text pair.
To adapt it to CLIPg;,, we subtract two relevancy maps. Details
are in the Appendix.

adding explicit visual details guides CLIPg;, to attend
to edited regions properly.

4. AugCLIP: A Context-Aware Evalua-
tion Metric

We introduce a novel evaluation metric, AugCLIP, for
scoring the editing quality of the image in terms of
preservation and modification. Given a target text Tiyq
and a source image I, AugCLIP measures the cosine
similarity between the edited image I.qit and the ideal
editing. Since the ideal edited image is not given in
most evaluation cases, we estimate the representation
of an ideally edited image as a modification on the
source image, Is. + v, where v is the modification vec-
tor. Then, the editing quality of the edited image I.qit
is evaluated as

AUgCLIP (Iedit; Isrm Ttrg) = Cs (E(Iedit)7 E(Isrc) + V) 3
®3)
where E(+) is a CLIP encoder.

The evaluation score ranges between [0, 1], where
the maximum value 1 indicates that the edited image
is ideally modified by an editing model. We outline the
framework of AugCLIP in Fig. 4. We extract the visual
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Figure 4. (a) Description Extraction Process. The source image describes a young child standing on the balance
board. Target text guides the editing model to make the girl sit. The source and target attributes are extracted with
MLLM. (b) Evaluation Process of AugCLIP. The two edited images demonstrate i) An older woman sitting down with
legs crossed (Ily;) and ii) A young girl sitting on the floor (I2;). AugCLIP derives the ideal image representation as a
minimum modification v on the source image to be classified as target. The second image that is closer to Is;c + v shows a
higher score, while the first image that is excessively modified with lost source identity shows a lower score.

features of the source image and target text (Sec. 4.1),
then derive the CLIP representation of an ideal modifi-
cation that satisfies the two criteria: ‘i) Does the edited
image follow the target text?’ and ‘ii) Does the edited
image preserve the source image?’ (Sec. 4.2).

4.1. Extracting and Processing Attributes

Source & Target Attribute Extraction As de-
scribed in Fig. 4(a), we extract visual descriptions
about attributes of the source image and target text us-
ing a state-of-the-art multi-modal large language model
(MLLM), GPT-4V [22]. From the source image, we ex-
tract visual features that can be the object of preserva-
tion. Likewise, from the target text, we extract visual
features that can be the object of modification. The
extraction process is instructed by five annotated in-
context examples, which are provided in the Appendix.

Encoding into CLIP Space After attribute extrac-
tion from MLLM, each attribute is encoded into CLIP
space. The source attributes are denoted as Dg and
target attributes as Dr.

Relative Weighting on Attributes In editing sce-
narios, some of the attributes are more important than
others. For instance, drawing stripes is more essential
than a short mane to represent a zebra. To priori-
tize this, we emphasize the similarity between key at-
tributes within the same class. Since multi-modal large-
language models sample based on the empirical prob-
ability, frequently extracted attributes indicate higher
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importance in representing the context. Formally, the
importance of each visual attribute in Dg and Dy is
represented as a cosine similarity between CLIP em-
beddings in the same set as

Uj * Uy

= luallllos ]’

Importance(v;) =

(4)

for all u; in the same attribute set, either Dg or Dr.
Additionally, the importance should be down-
weighted by how much the visual attribute hinders the
preservation of the source image or modification of the
target text. More specifically, a collision between source
and target attributes is measured by averaged cosine
distance to CLIP embeddings in the opposite set as

Collision(v;) = Z ||vZHHU/lH ®)

for all w; in the opposite attribute set.
Adding these two measures, the weighting value for
the attribute v € Dg U D7 is defined as

(6)

This weighting value accounts for the relative signifi-
cance of each attribute in the evaluation process and is
integrated into Eq. (7).

4.2. Deriving the Ideal Editing in CLIP Space

Based on the extracted source and target attributes, we
describe how to derive a modification vector that sat-
isfies i) modification into the target text and ii) preser-
vation of the source image.

a(v) = Importance(v) + Collision(v).



Criterion 1: Does the edited image follow the
target text? To determine if the edited image faith-
fully follows the given target text, it is intuitive to
employ a classifier that classifies the image into either
source or target. Classification into source indicates the
edited image is still closer to the source image, while
classification into target means that the image is suffi-
ciently modified. The classifier is derived by a hyper-
plane that separates the source Dg and target Dr.
Formally, the classifier function g(z) = w’z + b
assigns a CLIP embedding z to the target class if
g(x) > 0, or to the source class if g(z) < 0. There-
fore, E(I.qi;) should satisfy w? E(I.qi) + b > 0 if the
edited image faithfully follows the target text. Here,
the optimization form of the classifier function g(x) is

N
S TR
mip gl + 0 3 afos) max(0. 1=y (w-ui+8), (1)

where y; = +1 for v; € Dr and y; = —1 for v; € Dg.
Here, the precomputed weighting values «(-) in Eq. (6)
are integrated into the optimization process.

Criterion 2: Does the edited image preserve the
source image? However, it is equally important to
consider the second criterion, source image preserva-
tion. Therefore, the CLIP representation of modifica-
tion should inflict minimum modification to the origi-
nal embedding E (I ), while being classified as a target
class. Formally, we derive the modification v in CLIP
space that satisfies

min||v|| subject to w’ (E (Isre) +v) +b>0. (8)

Derivation of v To minimize ||v||, v should be in
the direction that most efficiently increases the clas-
sifier output g(-). This direction is given by the gra-
dient of the classifier function concerning x, which is
w = Vg(x). Therefore, the optimal v is cw where ¢ > 0
is a scalar to be determined. Substituting v = cw to
Eq. (8), we derive the following equation

_<WTIsrc + b)
c>——— T 7 9)
[[wl]?
In order to solve for ¢ that minimizes ||v||, we de-
rive the smallest ¢ satisfying the condition as ¢y, =

.
7(w”vjﬁ?+b). Then the modification vector v is derived
as ( . |
—\W Isrc + b
V=>CninW = ———5— W. 10
e w2 (10)

Finally, AugCLIP is computed by substituting v to
Eq. (3).

5. Experiments

Implementation Details. For our experiments, we
employ a pre-trained CLIP-ViT 16/B model for CLIP-
based metrics. Source and target attributes are gener-
ated using GPT-4V [22]. Further details on prompting
the source and target attributes are in the Appendix.

Baseline Metrics. We compare AugCLIP with
DINO similarity, LPIPS, L2, Segmentation Consis-
tency (SC), Directional CLIP similarity (CLIPgj,),
CLIP-I, and CLIP-T. The CLIP variants are summa-
rized as follows:

CLIP 4, = cs (E(Teait) — E(Iuxe), B(Ting) — E(Turc))
CLIP-1 = cs (E(Leait), E(Iswc))
CLIP-T = cs (E(Leait), B(Tig)) -

Note that FID measures the distance between two
distributions of image features, this metric cannot be
measured in a sample-wise manner. Therefore, FID
cannot be tested in terms of alignment with human
evaluation or preference test on ground truth samples.

Benchmark Datasets and Editing Models. We
evaluate AugCLIP and existing metrics across several
text-guided image editing benchmarks, including TEd-
Bench [12], EditVal [1], MagicBrush [28], DreamBooth
[26], and CelebA [20]. Each benchmark dataset repre-
sents varying editing scenarios as in Tab. 1. For each
benchmark dataset, we employ multiple editing mod-
els [2, 5, 8, 9, 13, 14, 16-18, 23, 27] as specified in
Tab. 1 for suitable type of benchmark dataset. Details
on benchmark datasets are provided in the Appendix.

5.1. Correlation with Human Judgment

User Study To evaluate the effectiveness of AugCLIP
compared to existing metrics, we conduct a Two-
Alternative Forced Choice survey on human evalua-
tors to collect preferences over diverse edited images.
The alignment score ssapc measures if each metric
prefers the same option as human evaluators. The sur-
vey was conducted using Amazon Mechanical Turk
(AMT), over three benchmark datasets, encompassing
a total of 105 participants as detailed in Tab. 2. The
survey questionnaire is structured as described in the
Appendix, providing clear criteria to consider source
image preservation and target text alignment.

AugCLIP aligns better with human judgments.
As shown in Tab. 3, AugCLIP, the context-aware met-
ric that balances preservation and modification, is su-
perior over all previous metrics across diverse bench-
mark datasets. A high level of alignment between
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Table 1. Benchmark Datasets and Editing Models Used for Evaluating the Performance of Metrics.

CelebA EditVal TEdBench MagicBrush DreamBooth
Dataset Types  Facial Attribute General Object Object Centric Local Region Editing Personalized Generation
Editing Models  [13, 14, 17,23]  [2,5,8,9,12]  [2,5,8,9, 12] 2, 5,8, 9, 12] [16, 18, 27]
Dataset Size 50 648 100 1053 50

Table 2. User Study Statistics.

CelebA EditVal DreamBooth
Survey questions 39 35 37
Participants 45 30 30

Table 3. Correlation with Human Judgment. Human alignment
score saarc (1), scaled between 0 to 1.

Metrics  Presv. Modif. CelebA EditVal DreamBooth
L2 v X 0.653 0.348 0.464
LPIPS v X 0.465 0.360 0.286
DINO v X 0.574 0.348 0.286
SC v X 0.752 0.764 0.571
CLIP-I v X 0.848 0.730 0.857
CLIP-T X v 0.491 0.399 0.321
CLIP 4ir A v 0.673 0.697 0.357
AugCLIP v v 0.883 0.831 0.857

preservation-centric (L2, LPIPS, DINO, SC, CLIP-I)
and human judgment is expected because these bench-
marks do not significantly deviate from the source im-
age.

5.2. Ground Truth Editing Selection Test

Creating Triplet Dataset We generate a triplet
of images, each representing a well-edited, excessively
preserved, and excessively modified image. Among the
triplet of images, the well-edited image is provided in
the benchmark datasets, TEdBench, and MagicBrush.
Excessively modified images are generated with text-
to-image models [25] instructed by the target text,
completely ignoring the source image. Excessively pre-
served images are generated by applying a negligible
transformation to the given source image, ignoring the
target text. Then, we measure the accuracy where each
metric correctly assigns the highest score to the well-
edited image as Accpotn. Yielding high accuracy in this
test means that the evaluation metric can balance both
preservation and modification aspects, without being
biased to either side.

AugCLIP is superior in balancing preservation
and modification. In Tab. 4, AugCLIP is on par with
or even better than baseline metrics over all datasets.
This emphasizes the balanced evaluation criteria of
AugCLIP, which previous metrics fail to abide by. Seg-

Table 4. Ground Truth Selection Test. Accuracy, Accpoth (1),
of assigning higher scores to ground truth images over excessively
preserved and modified images.

Metrics  Presv. Modif. TEdBench MagicBrush
L2 v X 0.310 0.002
LPIPS 4 X 0.090 0.000
DINO 4 X 0.280 0.008
SC 4 X 0.420 0.936
CLIP-I 4 X 0.281 0.810
CLIP-T X 4 0.312 0.260
CLIP 4;, A v 0.350 0.601
AugCLIP v/ v 0.570 0.889

ment Consistency (SC) excels in MagicBrush since the
dataset requires editing a small local area of the image.

6. Analysis

We use soparc for CelebA, EditVal, and Dreambooth,
and Accpotn for TEdBench and MagicBrush. We com-
pare our metric, AugCLIP with CLIPg;;, which is the
only metric that considers both preservation and mod-
ification.

AugCLIP generalizes to diverse editing scenar-
ios. Text-guided image editing encompasses a wide
range of tasks such as style editing, object replace-
ment, local editing, partial alteration, and personal-
ized generation. AugCLIP excels in the highly complex
scenarios of local editing as conducted with the Mag-
icBrush dataset. Moreover, AugCLIP highly aligns with
human judgment in the personalized generation case of
DreamBooth, which has been underexplored by previ-
ous metrics. We report how well AugCLIP aligns with
human judgment with various editing cases provided in
the EditVal dataset. Across all eight scenarios, except
for the texture modification task, AugCLIP outperforms
CLIPg;, as shown in Tab. 5.

Augmenting CLIPg4;, cannot provide reliable
evaluation result. We demonstrate the impact of
augmenting CLIPg;, with attributes, extracted in
Sec. 4.1. Specifically, we replace the source and target
text embeddings with the average of their respective at-
tribute embeddings, Dg and Dr. As shown in Tab. 6,
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Table 5. Human Alignment Score szarc on Various Text-
guided Image Editing Scenarios.

Pos. Add Obj. repl. Alter Parts Background

CLIP 4i 0.667 0.688 0.730 0.5
AugCLIP 1.0 0.75 0.838 1.0
Texture Color Action Style
CLIP gir 0.806 1.0 1.0 0.529
AugCLIP 0.742 1.0 1.0 0.647

this straightforward augmentation does not guarantee
performance gain. AugCLIP consistently outperforms
all description-augmented versions of CLIP g;,. This im-
provement is due to AugCLIP’s approach, which derives
the ideal representation by a minimum modification
vector. This is fundamentally different from the naive
methodology of CLIPg;,, which relies on a simple sub-
traction of the source from the target.

Table 6. Effect of Augmenting Attributes.

CelebA EditVal DreamBooth TEdBench MagicBrush

CLIPg;, 0.673 0.697 0.357 0.350 0.601
+Ds 0.816 0.629 0.357 0.400 0.429
+Dr 0.819 0.708 0.536 0.420 0.533
+DsUDy  0.816 0.607 0.536 0.440 0.402

AugCLIP 0.883 0.831 0.857 0.570 0.889

Weighting Strategy for Hyperplane We demon-
strate the effectiveness of our weighting strategy, de-
scribed in Eq. (6) in Tab. 7. Our weighting strategy
enables AugCLIP to prioritize key features central to
preservation and modification while estimating the rep-
resentation of an ideally edited image, resulting in im-
provement in human alignment (s2arc) and balancing
preservation and modification (Accpoth)-

Table 7. Effect of Weighting Strategy.

CelebA  EditVal DreamBooth TEdBench MagicBrush

Unweighted  0.849 0.787 0.786 0.400 0.830
‘Weighted 0.883 0.831 0.857 0.570 0.889

Length and Number of Attributes In Tab. 8,
we compare short (under 5 words) and long (over 5
words), as well as cases with a fixed number (10, 20,
or 30) of attributes. We observe that using short at-
tributes tends to outperform using long ones, likely be-
cause they focus on a single visual aspect, avoiding the
potential entanglement of multiple aspects in a single
attribute. Moreover, the number of attributes impacts
the performance depending on the scene complexity of
the benchmark dataset, as complex scenarios require a
higher number of attributes to fully capture the scene’s

details. Therefore, allowing flexibility in the number of
attributes, rather than imposing a strict limit, yields
the best overall performance across all configurations.

Table 8. Effect of Length and Number of Attributes.

Length  Number CelebA EditVal DreamBooth TEdBench MagicBrush

short 10 0.870 0.719 0.857 0.540 0.889
short 20 0.829 0.809 0.821 0.540 0.868
short 30 0.829 0.764 0.714 0.570 0.863
long 30 0.843 0.697 0.750 0.530 0.862
short - 0.883 0.831 0.857 0.570 0.889

Description Randomness Using GPT-4V for de-
scription extraction introduces slight randomness
across different seeds. Tests with five seeds show low
variance (0.0197) in human alignment score (S2arc),
indicating that the description generation process does
not affect the scoring. We also demonstrate in the Ap-
pendix that extracted attributes with different seeds
do not vary.

We provide analysis on the modification vector v
and choice of classifier function, discussion on limita-
tions, description prompting, and extensive qualitative
results in the Appendix.

Limitations and Discussions

Our method, AugCLIP, adds additional computation
time compared to CLIPg4;. It requires extracting at-
tributes via MLLM, and then fitting a hyperplane to
distinguish source and target attributes. This process
takes around 12.3 seconds for attribute generation and
0.15 seconds for score computation. We will provide
extracted attributes for all benchmark datasets to re-
duce this overhead, facilitating the evaluation process
for future usage.

Conclusion

We present AugCLIP, a novel evaluation metric for
text-guided image editing that balances source image
preservation and target text modification. By leverag-
ing a multi-modal language model to extract visual at-
tributes and finding a separating hyperplane, AugCLIP
estimates a representation of an ideal edited image that
closely matches human preferences. Experiments on
five benchmark datasets show that AugCLIP outper-
forms existing metrics, especially in challenging tasks,
offering a more reliable tool for evaluating edits while
preserving core attributes.
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