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Abstract. Recent advances in text-to-image (T2I) models have revolu-
tionized the field of image generation and editing. However, identifying
semantics that a T2I model can successfully edit in an image contin-
ues to be a challenging task. Most existing approaches require users
to manually specify semantics to modify a particular image, a time-
consuming process that often involves extensive trial and error. In this
paper, we present RankT2I, a novel, training-free, and model-agnostic
framework that automates the discovery of editable semantics in diffu-
sion and FLUX-based models. Given a visual domain, we first utilize
a multimodal vision-language model to gather a broad set of candidate
semantics. We then frame semantic discovery as a set selection problem
and use a submodular objective to identify semantics that are relevant,
editable, and diverse. Our method helps users efficiently identify a wide
range of semantics for text-to-image editing models across several do-
mains while outperforming existing methods.
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1 Introduction

Text-to-image (T2I) models |51} 64 67 B8 60 [75; [B0] have rapidly advanced
the field of image generation and editing. In practice, these models are used
to create stylistic changes [9; 23} 6] or add or remove fine-grained features
in an image [4 [53} 86]. Some applications of generative image editing include
improving the lighting of photos [7], personalizing digital images [17], assisting
users with virtual try-ons in the fashion industry [IT} [36], and more.

Recent works have focused on developing methods to improve the controlla-
bility of fine-grained image editing, such as manipulating specific latent features
or using text prompts to guide the editing process [16; B1} [32} 525 [72} [73; (78} [84].
Although the controllability of T2I models has improved over the years [35} 38}
48: [82], discovering editable semantics remains an ongoing challenge [10; [69].
For example, as seen in the edited images with green borders in Figure [} some
prompts (e.g., “hot pink” and “tie-dye pattern” in the dress domain) can be suc-
cessfully edited by the underlying T2I model (e.g., InstructPix2Pix [6], FLUX.1
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Fig.1: Motivating Examples. T2I editing methods like InstructPix2Pix [6] and
FLUX.1 Kontext [3] can apply some semantics, but fail on others. This underscores
the need for an automated approach to uncover the full range of editable semantics in
generative models.

Kontext [3], etc.). However, other prompts cannot be edited by the model (e.g.,
“tulip hem,” “lower waistline,” etc. in the dress domain), as indicated by the
edited images with red borders in Figure [I] Thus, determining which aspects of
an image are editable is a time-consuming process, particularly when it comes
to crafting effective prompts, setting guidance scales, choosing suitable images,
and tuning other model-specific parameters.

Finding a large set of editable semantics that are tailored to a specific domain
is also an ongoing effort in T2I editing [41]. Multimodal vision-language models
can make this process easier by automating the generation [2; 55| of relevant
semantics for a domain based on the user’s prompt. However, using language
models comes with its own set of limitations [I} [8; B0} [R1], such as hallucinations
or dependence on the original prompt [42} [45], which can potentially influence
the outputs of the downstream T2I model. Furthermore, it is also difficult for
users to understand the full range of capabilities (e.g., creative image generation
[22;[70; [77]) offered by T21 editing models firsthand. Previous works have focused
on improving the diversity of image generation models (e.g., GANs, diffusion,
etc.) to reduce the production of similar outputs [12} [66; [74}; [83], while relatively
few have explored the same problem in the context of image editing [62} 64].
Motivated by these challenges, we propose RankT2I as a potential solution to
this problem. Our key contributions are as follows:

— We introduce RankT2I, a training-free, model-agnostic framework for au-
tomatically discovering and ranking editable semantics in T2I models. This
allows users to identify and apply meaningful edits to their image using the
model of their choice without requiring significant expertise.

— We formulate semantic edit discovery as a set selection problem and propose
a submodular objective that jointly optimizes semantic relevance, model
editability, and visual diversity by leveraging text prompts with unedited
and edited images.

— We apply our approach across various domains (e.g., fashion, landscapes, art-
work, and faces) and demonstrate through quantitative metrics that RankT21
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consistently outperforms existing diffusion- and FLUX-based semantic dis-
covery methods by finding more diverse and interpretable image edits in
significantly less time.

2 Related Work

2.1 Text-to-Image (T2I) Editing Models

Text-to-image editing models have seen substantial progress in recent years,
with diffusion- and FLUX-based models emerging as two dominant approaches.
Diffusion-based models work by adding Gaussian noise over several time steps
and then training a neural network to recreate the original image by reversing
this process [26} 58} [65]. Several diffusion-based T2I models have improved image
editing by using implicit masking [5], correcting edits by shifting the denoising
process [I5], using a stochastic differential equation to iteratively remove the
noise from the generated image [47], training a T2I model based on synthetic
images and text prompts [6], using null-text optimization [49], and incorporating
conditioning layouts in T2I models [82].

Compared to diffusion models, rectified flow models can also be used to gen-
erate images by applying an ordinary differential equation (ODE) to connect two
distributions [18 40 [43]. A recent example of this is FLUX.1 Kontext, which
depends on a velocity prediction objective to generate images [3]. Other exam-
ples of T2I rectified-flow-based models directly find mappings between original
and edit text prompt distributions [33], are used for inversion tasks [59], and ap-
ply both global and localized editing methods within FLUX [I3]. Despite these
advances, semantic discovery remains challenging, as some text prompts do not
translate into editable visual changes.

2.2 Finding Interpretable Directions in T2I Models

Identifying interpretable directions for image editing is a difficult task and was
first explored in generative adversarial networks (GANs) |20} 24} 27 61} [76; [79].
Recently, a few works have explored applying semantic discovery to diffusion
and FLUX-based T2I editing models. NoiseCLR, [I4] aims to find editable direc-
tions in diffusion models by training a contrastive learning objective. However,
interpreting the directions identified by NoiseCLR is challenging because the
resulting edits depend on the editing scale and the chosen denoising timesteps.
Determining the appropriate scale and timestep settings for a given attribute
can be difficult, particularly for users with limited T2I editing experience. Ad-
ditionally, SliderSpace [I9] applies principal component analysis (PCA) to a set
of generated images, extracts their CLIP features, and trains a slider for each
principal component to identify interpretable directions. However, this process
is inefficient; the discovered semantics require labeling post-discovery, and the
current editing workflow only supports images generated by the text prompt.
The quality of the resulting sliders also depends on the number of images gener-
ated for the target domain. For example, larger samples can lead to more robust
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directions but consequently slow down the semantic discovery process. Further-
more, selecting an appropriate editing scale is challenging, as large-scale values
can potentially alter the identity of the original subject or distort the image.

Additionally, [85] finds interpretable directions in diffusion models by extend-
ing the framework proposed in [7I] for GANs, but requires training. Furthermore,
[21] uses PCA and manipulates vectors in an h-space to identify semantic di-
rections in diffusion models; however, this process relies on classifiers to label
the edits, which may limit the directions that are discovered as each direction
corresponds to a classifier-defined label. Compared to these existing methods,
RankT?2I is training-free and discovers several diverse, interpretable semantics
across multiple domains for both diffusion and FLUX-based models.

3 Methodology

To identify a set of relevant, editable, and diverse semantics for image editing,
we follow a three-step process: (1) generate a list of candidate semantics, (2)
create a set of edited images, and (3) use a submodular objective function to
discover interpretable directions. Figure [2]illustrates this process.

3.1 Collection of Semantics

Given a user prompt tailored to a specific domain, we use a multimodal vision-
language model [63] to generate a diverse set of candidate semantics for im-
age editing. This produces keywords and phrases capturing a wide range of
attributes, styles, and objects without manual specification. We denote this set
of candidate semantics as T = {t1,to,...,trp }. To evaluate each semantic ¢;, we
apply it to N original (unedited) images sampled from the domain.

Using a pre-trained T2I diffusion or FLUX-based model [3} [5} 6], we generate
a set of edited images F; (where each edited image corresponds to a semantic
t; € T and where n; is the total number of edited images generated for ¢;):

Ei — {m?élited nginted, e x?%fed

To determine how well a semantic can be edited within the target domain,

we use the results from all of the edited images associated with that semantic.

3.2 RankT2I

Given the candidate semantic set T = {t1,¢a,...,ta}, our goal is to select a
subset S that is representative and diverse. Presenting all candidates to the
user is impractical when M is large (e.g., 500-1000), and many semantics may
be redundant or correspond to minor visual variations. We therefore formulate
semantic discovery as a subset selection problem: selecting S C T with size
K < M that prioritizes semantics that are relevant to the domain, reliably
editable, and visually diverse. The resulting subset provides a concise summary
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Fig.2: An Overview of RankT2I. First, we prompt a multimodal vision-language
model (MMVLM) [63] to obtain a list of potentially editable semantics for a domain.
Then, we feed these semantics and a set of unedited images into a T2I model [3} [5} [6],
to get a set of edited images. Lastly, we input the attributes list, unedited images, and
edited images into our submodular framework, “RankT2I” which suggests relevant,
editable, and diverse semantics.

of the editing space, offering users representative and high-quality edit options
without overwhelming them with redundant suggestions. The subset selection
algorithm itself operates entirely over T, where each candidate corresponds to
one semantic attribute.

We propose a submodular objective function that selects a relevant, editable,
and diverse subset (S C T) of semantics for image editing, which is defined as
follows:

F(S):Z[ & + % ]+Azg?g§5(ti’tj)' (1)

ties (Relevance)  (Editability) €T

(Diversity via coverage)

In Equation [1} «, 8, and A are weighting coefficients for relevance, editabil-
ity, and diversity, respectively. Specifically, ¢; represents the candidate semantic
that is currently being evaluated. On the other hand, t; represents a semantic
attribute in the candidate set 7 and is used when measuring semantic coverage
and diversity. The function s(t;,¢;) is the cosine similarity between the CLIP
text embeddings of semantics ¢; and ¢;, which is used to measure the coverage
of various semantics. The key components of this submodular objective function
are described below.

Relevance (F;.,): For a particular semantic ¢;, we compute the CLIP sim-
ilarity between every edited image generated using t; and the corresponding
semantic ¢;. The relevance score is the average over all edited images (where j
indexes the images):

_ i < edited 4.
F, = o ;CLIP(% b)), 2)
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This measures how well the edits generated for semantic attribute ¢; align
with the corresponding semantic description, averaged over all available edited
samples associated with that semantic.

Editability (F.,): The editability score measures how well an edit is added
to the original image while preserving the identity of the subject in the original
image:

i [CLIP edited 4y _ CLIP( orig t)} CLIP( edited :c‘;“g). (3)

The first term measures the increase in CLIP similarity to the semantic
attribute ¢; introduced by the edit (e.g., how much more the edited image xedlted

aligns with ¢; compared to the original image xor‘g) This gain is multlphed

by CLIP (g4, Ong) the CLIP-based image-to-image similarity between the
edited and orlgmal images, to encourage edits that preserve the visual content
of the source image. Averaging this quantity over all available edited samples
yields the editability score F,, for semantic attribute ¢;. A high F,, therefore
indicates that the semantic can be introduced consistently across images while
maintaining strong visual similarity to the corresponding originals.

Algorithm 1 RankT2I

1: Input: Candidate semantics T = {t1,...,tam}, weights «, 8, A, budget K

2: Output: Ranked subset S C T, with |S| = K

3: Initialize S «+ 0

4: Initialize m; < 0, Vt; € T > Current coverage of each semantic
5: Compute &(t;) < aF,, + BFe,, Vt; €T
6:

7
8

: for {=1to K do
t* < None, A* < —c0
for allt; € T\ S do

9: Adiv(ti | S) <— Zt T [max{s(ti,t]-) ’ITL]'} — mj]
10: AF(t; | S) + D(¢ )Jr)\Adw(tZ | S)

11: if AF(t;|S) > A" then

12: A* « AF(t; | S)

13: t* t;

14: end if

15: end for

16: S+ Su{t'}

17: m; < max{m;,s(t*,t;)}, Vt; € T
18: end for

19: return S

Diversity: The second summation term is a diversity reward, defined as a
facility-location function [37] that encourages the selected set S to cover the
entire semantic space 7 ; A controls its contribution. To obtain the ranked list of
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semantic edits, we maximize F'(S) under a budget (e.g., select the top K edits to
present). To optimize this function, we adopt a greedy strategy that is optimal
up to a known constant factor (1 —1/e) ~ 63% [50; 67]. The greedy algorithm
starts with S = ) and iteratively adds the candidate ¢; ¢ S that yields the largest
marginal gain (e.g., AF = F(SUt;) — F(S)). At each iteration, only semantic
attributes that have not yet been selected are considered; we continue this process
until |S| = K. Because F' is submodular, each addition has a diminishing returns
effect: once a certain semantic niche (e.g., edits related to sleeve types in the
dress domain) is filled by one concept, other similar concepts will have lower
marginal gains. Note that since the editability score can be negative when an edit
reduces alignment with the target semantic, we clip each candidate’s combined
score to be non-negative. This ensures our function is monotone in addition to
submodular, so the greedy procedure retains its approximation guarantee.

To perform the selection, we maintain for every semantic attribute t; € T a
running coverage value:

P = tir,t; 4

m; g}g}gS( i ti), (4)

which is initialized to m; = 0 when S = (). At each iteration, we evaluate the
marginal gain of each remaining semantic attribute ¢; ¢ S as

AF(U ‘ S) = @(ti) + A Z [max{s(ti,tj), mj} — mj] (5)
t; €T

In Equation |5} &(t;) = aF,, + 8F,, denotes the combined relevance and ed-
itability score associated with semantic attribute ¢;. This computation is efficient
since for each semantic attribute ¢;, the diversity contribution is:

A (max{s(t;, t;), m;} —m;),

which is positive only when selecting ¢; improves the current coverage of
tj. After selecting the semantic attribute with the largest marginal gain, we
incrementally update the coverage values as:

m;j < max{m;, s(t;,t;)}, vVt eT.

We repeat this process until the selected set satisfies |S| = K and finally
output the ranked list of semantics to the user. The pseudocode is outlined in
Algorithm [T}

4 Experiments

We demonstrate RankT2I’s effectiveness through three core tasks: (1) uncov-
ering a broad set of diverse, relevant, and editable semantics across multiple
domains, (2) qualitatively and quantitatively assessing the diversity and inter-
pretability of the discovered attributes against existing semantic discovery and
attribute retrieval methods, and (3) performing ablation studies to reveal how
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Fig. 3: Semantic Discovery for Real-Image Editing Using a Closed-Source
Model. RankT2I finds both diverse and interpretable semantics in real images in
many domains. GPT-Image-1.5 (see Footnote was the base model that was used to
generate these edits. The original images are from Unsplash (see Footnote [2)).

hyperparameters and model choices impact the final rankings. In the supplemen-
tary material, we include experiments demonstrating the generalizability of these
semantics across images and additional experimental details (e.g., prompts).
Experimental Setup. All experiments were performed using an NVIDIA 140
GPU, with the exception of the generated SliderSpace FLUX images in Figure
[@ and the FLUX-based time comparisons in Table [3] since SliderSpace requires
about 48GB VRAM to run. In these cases, an NVIDIA H100 SXM5 GPU was
used. Additionally, for RankT2I, the diffusion-based edited images were created
using Ledits++ [5], and InstructPix2Pix [6], while FLUX.1 Kontext [3] was used
to generate the FLUX-based edited images. For Figure 3] we showcase RankT2I’s
ability to successfully find editable semantics in real images using a closed-source
model. In this figure, GPT-Image-1.5 El was used as the editing model, and the
free, original images were obtained from Unsplashﬂ Unless otherwise noted, the
rest of the original images in the figures were generated using GPT-Image-1.5
(see Footnote7 SDXL [54], and FLUX SchnellEI [34].

As for the images used in RankT2I, we used N=>5 unedited images per domain
in Figures [4| and [5} as for Figure [3] we generated edits for a single image (N=1)

! https://developers.openai.com/api/docs/models/gpt-image-1.5
2 https://unsplash.com/
3 https://huggingface.co/black-forest-labs /FLUX.1-schnell
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Fig. 4: Top Discovered Semantics in FLUX-Based Models. RankT2I success-
fully identifies several semantics in FLUX-based T2I models compared to SliderSpace
across various domains, including ancient ruins, planets, and cityscapes.

to show how RankT2I can be used to find semantics specific to a particular
image rather than an entire domain.

4.1 Qualitative Experiments

Figures [4] and [f] illustrate that RankT2I consistently identifies a diverse, rel-
evant, and highly editable set of semantics across a wide range of domains,
including landscapes, art, faces, etc., compared to existing diffusion-based and
FLUX-based semantic discovery methods. Specifically, we compared RankT2I
with other semantic discovery methods that have publicly available code (Noise-
CLR and SliderSpace). Since these methods do not rank their discovered di-
rections, we used the first-K tokens or sliders to generate the top images. For
example, in the face domain in diffusion models, RankT2I suggests a wide-variety
of attributes such as hair color, shirt pattern, mustache type, etc., all of which
can be directly edited with the selected T2I model (Ledits+-+ [5] in this case).
Unlike RankT2I, some directions appear visually similar across different tokens
and sliders in NoiseCLR and SliderSpace. For example, in the landscapes do-
main, directions 3 and 4 from SliderSpace both appear to add rows to the field
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of grass, while in the face domain, directions 1-3 from NoiseCLR all appear to
add a green tie to the man (see Figure |5). RankT2I also identifies diverse at-
tributes in various domains in FLUX T2I models. For instance, in the cityscapes
and ancient ruins domains, RankT2I discovers a range of edits such as different
times of day (e.g., “at night” and “sunset”), whereas the directions discovered by
SliderSpace mainly appear to modify the color tone of the image in Figure [
Additionally, Figure [7] shows that our method discovers semantic directions that
can be used to edit various images across a domain (and are not limited to a
single image).

4.2 Quantitative Experiments

To quantitatively evaluate RankT2I’s ability to discover diverse and interpretable
attributes for diffusion-based and FLUX-based image editing, we compared it
with NoiseCLR and SliderSpace using several benchmarks. For a fair compari-
son, we generated 5,000 images per method (25 directions, 200 images each) for
a total of 15,000 images in the diffusion-based comparisons and 10,000 images
in the FLUX-based comparisons. We assessed the diversity of the discovered
attributes using the truncated CLIP entropy (TCE) [29], truncated inception
entropy (TIE) [29], and pairwise image similarity using image-to-image (I2I)
CLIP [25] scores. TCE measures the diversity of various semantics in CLIP’s
embedding space, TIE calculates the varied visual appearance through Incep-
tionV3 [68], and I2I finds the pairwise similarity between sets of edited images
using CLIP. When interpreting TCE and TIE scores, higher values indicate im-
ages with higher diversity; for I2I, lower values indicate more visually diverse
sets of images.

Furthermore, we evaluated the interpretability of the discovered semantics
using the CLIP-T [56], TIFA [28], and VQAScore [39] metrics. CLIP-T finds
the semantic alignment between an image and a text description through a
contrastive objective. VQQAScore measures text—-image alignment by asking a
VQA model a yes-or-no question about whether the image depicts the prompt,
whereas TIFA measures alignment by generating multiple questions about spe-
cific objects, attributes, and relationships in the prompt and verifying each with
a VQA model. We used the discovered semantics from the original prompts
during the image generation process as the text descriptions when calculating
the CLIP-T, TIFA, and VQAScore metrics for RankT2I. Since NoiseCLR, and
SliderSpace depend on labeling the semantics that describe the edited images
after they are generated, we utilized GPT-5 [63] to generate captions describing
the discovered semantics as the text prompt. As seen in Table [I} RankT?2I is
able to find a balance between diverse and interpretable semantics, consistently
outperforming NoiseCLR and SliderSpace across these metrics.

Besides semantic discovery methods, we compared RankT2I with attribute
retrieval approaches that select attributes for image editing through different
strategies. For example, when editing an image, users can select semantics in
several ways: randomly sampling from a list, using cosine similarity between
the domain prompt and attributes to identify the most relevant ones, selecting
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Fig.5: Top Discovered Semantics in Diffusion-Based Models. Compared to
existing diffusion-based semantic discovery methods, like NoiseCLR and SliderSpace,
RankT2I successfully identifies a wide range of diverse and interpretable semantics.

the first-K attributes from a prompts list, or clustering attributes with k-means
[44] and sampling one attribute from each cluster to encourage diversity. Our
approach differs by examining the edited images produced by the target T2I
model to uncover semantics that are specific to the model, rather than relying
on predefined keywords. For both diffusion and FLUX-based models, we gener-
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Fig. 6: Comparisons with Other Attribute Retrieval Methods. RankT2I suc-
cessfully identifies editable, diverse, and interpretable semantics compared to other
attribute retrieval methods (e.g., first-K images, random selection, k-means, etc.).

ated 5,000 images per attribute retrieval method (25 directions with 200 images
each), totaling 25,000 images for the diffusion experiments and 25,000 images
for the FLUX-based model experiments. Table 2] shows that RankT2I identifies
both diverse and interpretable semantics across various T2I models compared
to these attribute retrieval methods. Also, as seen in Figure [f] in the dress do-
main, selecting the first-K edited images or choosing attributes with the highest
cosine similarity to a domain’s text prompt often results in redundant attributes
from a single broad category (e.g., colors). Random selection can also produce
redundancy (e.g., dress lengths) and may suggest attributes that the base model
cannot reliably edit (e.g., “backless”). Similarly, k-means clustering may include
uneditable attributes (e.g., “maxi length” or “single sleeve”). In contrast, RankT2I
finds semantics that are both editable and diverse (e.g., variations in necklines,
hem types, bodice designs, etc. in the dress domain).

Additionally, we compared the time it takes for our method to discover 100
semantics to NoiseCLR and SliderSpace in Table[3] Regardless of the base model
(e.g., diffusion, FLUX), RankT2I takes significantly less time to find semantics
for image editing than existing methods. This disparity in the total time can
primarily be attributed to the training-free nature of our method.
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Model Method J12I 4TCE {TIE 1CLIP-T {TIFA 1VQA

SD NoiseCLR  0.8439 13.8819 34.2546 0.2378 0.3402 0.5484
SD SliderSpace 0.8682 16.5061 32.9884 0.2355 0.3872  0.5236

SD Ours 0.7800 26.4701 41.1987 0.2595 0.6078 0.8177
FLUX SliderSpace 0.9210 12.5769 35.2775 0.2542 0.3462 0.6737
FLUX Owurs 0.8405 22.8102 40.7330 0.2840 0.7159 0.9206

Table 1: Quantitative Comparisons with Semantic Discovery Methods.
RankT2I identifies more diverse and interpretable attributes in both diffusion- and
FLUX-based T2I models compared to existing methods.

4.3 Ablation Studies

To analyze how hyperparameters influence RankT2I, we conducted ablation
studies examining the effects of A (diversity), 8 (editability), and « (relevance)
on the number of categories represented in the top 25 ranked attributes across
multiple domains and in both diffusion and FLUX-based models. The line graphs
in Figure 8] show how the number of attribute categories changes as each hyper-
parameter varies. When analyzing the effect of a single hyperparameter, the re-
maining parameters are fixed to 1. As shown in the line graphs, increasing A leads
to a higher number of represented categories, while increasing « or 3 reduces the
number of categories. The pie charts below the line graphs in Figure [ further
illustrate how the rankings change when optimizing for only one objective in the
dress domain using FLUX.1 Kontext. Ranking by relevance or editability favors
a narrow set of categories, whereas diversity-based ranking improves coverage
but may select less editable attributes. Overall, these results demonstrate that
a balanced combination of «, 5, and A is necessary for RankT2I to recommend
attributes that are simultaneously meaningful, editable, and diverse.
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Model Method |I2I 4TCE {TIE {CLIP-T {TIFA 1VQA

SD First-K 0.9039 12.5140 26.4074 0.2577 0.2290 0.7012
SD Random  0.8611 14.5577 32.4777 0.2595 0.3356  0.6972
SD K-Means 0.8433 19.1433 34.5400 0.2635 0.4156  0.7592
SD Cos. Sim. 0.9002 13.2874 27.5639 0.2764  0.4846 0.7459
SD Ours 0.8436 19.6326 35.5105 0.2688 0.5021 0.8048

FLUX First-K 0.8962 12.6479 30.7635 0.2631 0.4224 0.7028

FLUX Random 0.9360 4.6556  26.2837 0.2450 0.4292 0.6156

FLUX K-Means 0.8826 18.1152 35.1952 0.2668 0.4216  0.7936

FLUX Cos. Sim. 0.8518 17.3142 36.0747 0.2920 0.5840 0.7962

FLUX Ouwurs 0.8566 20.8757 37.9963 0.2799 0.5995 0.8948
Table 2: Quantitative Comparisons with Attribute Retrieval Methods.
RankT?2I discovers more diverse and interpretable semantics than existing attribute
retrieval methods.

Model Method Keyword Training Generation Ranking Total

SD NoiseCLR 0 1114m 3s 3m 11s 0 1117m 14s
SD SliderSpace 0 389m 33s 2m 15s 0 391m 48s
SD Ours 24s 0 42m 21s 29s 43m 14s
FLUX SliderSpace 0 287m 36s 3m 1s 0 290m 37s
FLUX Ours 25s 0 112m 40s Im 13s 114m 18s

Table 3: Semantic Discovery Time Comparisons. RankT2I discovers 100 seman-
tics for text-to-image editing significantly faster than existing methods.

5 Social Implications

Like other T2I methods, RankT2I could potentially be misused for inappropriate
content or deepfake generation. To help mitigate these risks, NSFW filtering
during MMVLM-based keyword extraction or incorporating editing models that
aim to preserve subject identity through disentangled modifications (such as
Ledits++ with its implicit masking mechanism) can reduce the potential for
generating harmful content. To further investigate the potential of RankT2T for
mitigating deepfake generation, we conducted an experiment in the face-editing
domain using FLUX.1 Kontext [3]. We generated 100 image edits and ranked
them solely according to their editability scores. Our results suggest that, within
this domain, semantics associated with editability scores below approximately
0.03 may be more likely to alter the identity of the original subject (see Figure@[).
However, this threshold likely depends on several factors (such as the T2I editing
model, domain, and set of text prompts) and may vary for other T2I editing
systems. Nevertheless, the editability score provides a promising quantitative
measure for identifying semantics that pose a higher risk of identity modification,
potentially helping practitioners establish safeguards.
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Fig. 8: Hyperparameter Ablation Studies. These charts show how changing the
hyperparameters (o, 3, and A) affects the number of categories suggested by RankT2I.
Note: (D) and (F) in the line graphs indicate images that were generated using diffusion-
and FLUX-based T2I models.
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Fig. 9: Editability Score vs. Identity Preservation. As shown above, semantics
with editability scores below approximately 0.03 may alter the identity of the subject.

6 Conclusion

We present RankT?2I, a framework for discovering diverse, editable, and relevant
semantics in T2I models. Specifically, we leverage a multimodal vision-language
model to suggest a list of candidate semantics, generate edited images based on
those semantics, and then apply a novel, submodular objective function to iden-
tify a set of semantics to present to users. Our approach can be applied to any
T2I editing model (e.g., diffusion-based, FLUX-based, etc.) and is training-free,
which significantly reduces the time needed to identify such semantics. Our ex-
periments across multiple domains show that RankT2I uncovers a broader and
more interpretable set of semantics than existing approaches, enabling applica-
tions such as stylistic image transformations as well as fine-grained object- and
scene-level editing.
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