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Figure 1: AdaptiveSliders User Interface: A) Text box for inputting prompts to generate images using SDXL, B) Automatic
attribute suggestions, with the option to select or remove attributes freely, C) Interactive sliders with adjustable values to
manipulate the latent space, D) Image box displaying the initial generated image and ongoing edits, E) History tracker to

monitor user progress and changes.
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Abstract

Precise editing of text-to-image model outputs remains challeng-
ing. Slider-based editing is a recent approach wherein the image’s
semantic attributes are manipulated via sliders. However, it has
significant user-centric issues. First, slider variations are often in-
consistent across the sliding range. Second, the optimal slider range
is unpredictable, with default values often being too large or small
depending on the prompt and attribute. Third, manipulating one
attribute can unintentionally alter others due to the complex entan-
glement of latent spaces. We introduce AdaptiveSliders, a tool that
addresses these challenges by adapting to the specific attributes
and prompts, generating consistent slider variations and optimal
bounds while minimizing unintended changes. AdaptiveSliders also
suggests initial attributes and generates initial images more aligned
with prompt semantics. Through three validation studies and one
end-to-end user study, we demonstrate that AdaptiveSliders signif-
icantly improves user control and experience, enabling semantic
slider-based editing aligned with user needs and expectations.
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methodologies ¥ Image manipulation.
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1 Introduction

Text-to-Image (T2I) generative models have seen significant progress
in recent years, with models like DALL-E[39], Imagen[44], Dream
booth[42], and Stable Diffusion [40] demonstrating impressive ca-
pabilities in generating high-quality images. However, the outputs
often struggle to fully align with human intentions [12, 47], necessi-
tating the need for precise editing of output images at the semantic
level [19].

While multiple prompt-based editing approaches have been pro-
posed [22, 30], they are not well suited for performing nuanced
modulations of semantic attributes within the image (e.g. manipu-
lating the age of a character in the image). To solve this, a recent
approach involves generating sliders for semantic attributes which
enable the user to make precise adjustments to the attributes in a
continuous space without altering other parts [3, 17, 18, 36]. The
sliders are mapped to control different latent directions that repre-
sent different semantic attributes.

However, as we observed in our trials, there are significant user-
centric challenges when we try to use them in end-applications
as observed in Figure 2. First, the default slider bound values that
are fixed across all images and attributes are often sub-optimal,
ending up being too large or small. Small bounds might fail to
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capture the range of changes desired in the attribute, while large
bounds could result in unrealistic images beyond a certain value.
Second, slider variations are often inconsistent across the sliding
range. For equal adjustments of the slider value, the change in the
corresponding attribute in the image can be a lot or little due to the
complexity of the latent space. Third, manipulating one attribute
can unintentionally alter others due to the complex entanglement of
latent spaces[17]. These challenges pose a significant impediment
to the usability of semantic editing through sliders and to their
adoption in real-world applications.

In this paper, we introduce AdaptiveSliders, a slider-based se-
mantic editing tool that addresses these challenges by adapting to
the specific attributes and prompts, and aligns slider manipulations
with user expectations. Upon receiving a prompt from the user,
AdaptiveSliders analyzes the prompt’s semantics and generates
potential attribute suggestions. It then aligns the zero value of the
sliders to the prompt description providing an appropriate starting
point that enables maximum flexibility for the user’s manipulations.
For slider manipulations, it generates adaptive slider bounds so that
the sliders do not go under or over an attribute’s logical range of
manipulation. It ensures slider variations are perceptually consis-
tent for the user by modifying how the images along the specific
semantic direction in the latent space map to the sliding range. It
minimizes unintended alterations to parts of the image that are
unrelated to the attribute being manipulated.

We conduct three validation experiments that evaluate the ac-
curacy and validate the effectiveness of specific components of
AdaptiveSliders. The first experiment demonstrates that the initial
zero-value aligned images generated by AdaptiveSliders match the
prompt more closely than the default outputs from stable diffusion.
In the second and third experiments, human assessors rated the
slider bounds and slider variations of AdaptiveSliders as being more
preferred and convenient compared to the default baseline. Finally,
we conducted a user study that demonstrates how AdaptiveSliders
outperforms the baseline semantic sliders (without our adaptive
components) on the task completion time, number of slider manip-
ulations, predictable task progression, and on the subjective metrics
of mental demand, effort, and frustration.

Our primary contribution in this paper is the AdaptiveSliders
tool that solves the multiple user-centric challenges pertaining to
semantic slider editing of images that relies on interacting with the
latent space of the diffusion model. To the best of our knowledge,
this is the first tool that attempts to solve these user issues in
this context. To this end, we make multiple sub-contributions: a)
The design of multiple components, each of which solves a user-
centric challenge (such as sub-optimal slider bounds or inconsistent
variation), and how they work together in the end-to-end system.
b) The validation of the main components of the system through
three experiments that demonstrate how effectively they solve the
challenges. We further contribute a validation dataset which can
be used for future comparative investigations into these challenges.
c) The user evaluation that demonstrates the significant impact
on user performance as a result of using AdaptiveSliders over a
baseline system that does not solve the user-centric issues.
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Figure 2: Illustrating user-centric challenges with semantic sliders. As the ’Chubby’ attribute increases in value, it causes other
unrelated attributes to change and shows images that should not be within slider bounds.

2 Related Work
2.1 Latent Space Exploration Techniques

Generative models offer unique capabilities for interacting with
the latent space, enabling exploration of image attributes. They
construct an entangled latent space with semantic directions corre-
sponding to various attributes which can be manipulated. Current
state of the art model suggest that generation from stable diffu-
sion model are of high fidelity as compared to any other models
[35, 39, 44]. While Diffusion model is being widely used, the seman-
tic structure of its latent space is less explicitly defined, making it
more challenging to find clear attribute-specific directions. Despite
these challenges, there are still ways by which attribute editing in
diffusion model can be achieved by Textual Inversion[15], Prompt
Engineering[2], fine-tuning [5]. Fine tuning helps in adding new
attributes to the original models[29] and finding semantic direc-
tions in the latent space[17]. Another way to add new attributes to
the model is by Low Rank Adaptation [23]. LoRA helps in adding
new concept without affecting the base diffusion model. Another
advantage of using LoRA models is finding meaningful semantic
directions in latent space of stable diffusion to achieve fine grained
control[16, 17]. Concept Sliders[17] uses LoRA to find meaning-
ful editing directions of the concepts in stable diffusion model.
Once the direction is identified, U parameter is used to control the
strength of edits. Specifically, U determines the extent to which the
original Stable Diffusion weights (, ) are modified in the identified
direction (3), which corresponds to the LoRA weights. Below is the
equation where , 4 represents the updated weights incorporating
the desired edits, W are the original Stable Diffusion weights and
d is the direction (LoRA weights). We used Concept Sliders as our
backend architecture providing control to the user for manipulating
meaningful directions for semantically editing the image.

.4=, ,U3 (1)

2.2 Semantic Image Editing

Interacting with the latent space and steering the model to get
intended output has been explored a lot. Prompt engineering is
one way to explore the images([2, 4, 53] by providing users with
better support for text-based search. However, smooth control over
continuous attributes is difficult by just using text [36]. Prompt
based exploration are also less useful for guiding the intended out-
put because of sensitivity of the diffusion model to prompt-seed
pair. Even a slight change in the text prompt will lead to a new
image. Image galleries are one way to explore the latent space
images[13, 14, 48, 54]. However these approaches involve finding
the relevant attribute directions in latent space and then manipu-
late to get various images[13, 54]. Another way to get the desired
output is by providing additional context in the form of conditions
to the model[34, 55]. ControlNet[55] and T2I-Adapter[34] add extra
conditions in the form text, image, sketch and depth to guide the
output. Alternatively, editing the output is another way to explore
and get the desired output[7, 20]. Humans are likely be unsatisfied
with certain aspects of the initial image generated, which they will
attempt to improve over multiple iterations. Consequently, fine-
grained semantic control over the generation process is useful and
should be easy to use similar to initial generation. Various editing
techniques like prompt-prompt[22], image inpainting[50], drag-
ging the object[46] are some of the ways to iteratively improve the
output. Method like Promptcharm[50] allow users to first gener-
ate the image and then refine using image inpainting methods. As
interacting with the latent space allows users to explore and pre-
cisely edit the images, we use sliders for interacting with the latent
space. AdaptiveSliders contributes to this area by offering tools
supporting users to explore variations and semantically edit the im-
age consistent with their intention in the domain of text-to-image
generation.
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2.3 Slider Based Uls for Semantic Editing

Slider-based Uls have become a popular choice for interacting with
the latent space in generative models, as sliders e ectively map
to speci c latent dimensions, allowing users to manipulate the
strength of these dimensions numerical§[10 13 21, 37, 41]. Slid-

ers provide users with control over the generated output by ad-
justing the strength of edits, enabling both global and local image
modi cations[9, 10 28 38 41, 49. For instance, Dang et ab] used
sliders to globally edit image face attributes, or to ne-tune local
edits after highlighting or inpainting [L3 14. Additionally, sliders
have been applied to control the model's attention to text, re n-
ing the generated content based on user inp®3[ Furthermore,
sliders are widely used for design space exploratidf|[ For ex-
ample, Davis et al( explored fashion creativity by manipulating
the latent space of GANSs using sliders to traverse and experiment
within the design space. In this work, we focus on using sliders
as the means of semantic editing/exploration by interacting with
GenAl models since sliders are very common in practical scenar-
ios. While sliders are e ective for precise editing, determining the
optimal strength for accurate edits remains challenging. Due to
model randomness, small adjustments may not su ciently alter the
desired attribute, while larger adjustments can lead to issues such

as disentanglement, poor image quality, and even absurd outputs.

Similar di culty has been identi ed in other GenAl models such as
GANSs[2g. This di culty arises when latent codes are pushed out

of the optimal latent space. Additionally, the required strength for
edits can vary depending on the input. AdaptiveSliders addresses
these challenges by incorporating adaptive bounds for each at-
tribute slider, dynamically adjusting based on the speci ¢ prompt
and seed. This adaptive approach aims to improve the precision
and quality of edits, ensuring that users can achieve their desired
outcomes more consistently. We also evaluate the impact of these
adaptive bounds by comparing them to xed bounds by conducting
user study.

3 Design Goals for a Ul for Semantic Sliders

To understand the requirements for designing a slider based in-
teractive Ul which allows users to explore the latent space of the
di usion model while minimizing unintended output, we reviewed
prior works which involved latent space exploration using slideBs|
1013 14 17, 25 28 31, 33 48 51]. We summarize ve design goals
for e cient exploration of semantic direction in di usion model
using sliders.

3.1 D1: Attribute Suggestions based on prompt

Users may have a general idea of the target image they want to
achieve but may lack clarity on which attributes they can or should
manipulate. Thus, there is a need for suggesting the appropriate
attributes based on the user's input prompt. Another practical
challenge is that semantic sliders require atleast a 30-minute pre-
training for the desired attributes[7] , which implies that sliders
cannot be generated in real time for attributes that are not pre-
trained. While the app developer can store thousands of pre-trained
attributes in a library, the user may ask to manipulate an attribute
that is not pre-trained (e.g. mood) even though a closely related
pre-trained attribute might be present (e.g. emotion). This again
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points to the need for suggesting pre-trained attributes to the user
that are relevant to the user's intentions.

3.2 D2: Initial Image to Align with Slider Value
Zero

The slider value for each attribute is initialized at zero for the initial
image generated by the di usion model. However, if the attribute
in the initial image is misaligned with the prompt description (e.g.
the image shows an obese body structure for a prompt that says
‘muscular’), the slider may end up not o ering enough relevant
nuance on either side of zero for the user to try out di erent varia-
tions adjacent to their description. Since the default di usion model
outputs often contain such misalignment87, 51], it is important

to produce an initial image that aligns well with the prompt de-
scriptions so that it can serve well as the image that aligns with
slider value zero.

3.3 D3: Adaptive Mapping of Slider Bounds to
Latent Space

When a user moves the slider, they navigate the latent space along
a speci ¢ semantic direction. However, beyond a certain range, the
points in the latent space do not correspond well to the attribute
being manipulated due to entanglement with other semantic at-
tributes. This can cause unintended or meaningless alterations to
the image and can be confusing to a user. We thus require the
left and right slider bounds to map to the latent space such that
they cover enough range to enable a sensible exploration of the
attribute in the vicinity of the initial image, without devolving into
unintended or meaningless alterations (Figure 3). However, the
challenge here is that this sensible mapping range in the latent
space would be di erent for di erent attributes and di erent initial
images (Figure 2). Thus, to yield sensible bounds, the mapping of
the latent space to the slider bounds needs to adapt in real-time
based on the initial image and the attribute.

3.4 D4: Consistent Variation upon Slider
Manipulation

The latent space can be highly inconsistent leading to another
problem wherein the amount of variation in the image does not
map linearly to the distance moved on the slider. As Figure 6 shows,
the user may see minimal changes from 0 to 3 and then suddenly
see a huge change at 4. This again leads to an expectation mismatch
for the user and makes it hard to predict what's going to happen in
the next manipulation. It results in a more trial-and-error-behavior
as opposed to a methodical navigation. Thus, our goal is to enable
a more consistent image variation when a slider is manipulated.

3.5 Db5: Composing Images for Multiple
Attribute Changes

So far we have discussed problems pertaining to individual slider
manipulation. However, in a real-world application, the user would
want to manipulate multiple sliders at once and then observe their
combined output together. This becomes more important because
the generation of the edited image for a new slider value is not in-
stant, taking up 6-8s. Given this latency, it makes more sense for the
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Figure 3: Images representing the bounds problem for the ‘chubby’ slider where the left most and right most images should not

be part of the bounds.

user to request the generation of a new edited image after manip-
ulating multiple sliders instead of sending multiple requests with
single edits. However, manipulating several latent attribute vectors
simultaneously can lead to unintended interference between these
control dimensions. While existing work has proposed solutions to
minimize such interference problem4g 57, they have not been
tested in the context of semantic sliders. Our goal is to adapt these

four A100 GPUs, each with 82 GB of memory. We used the SDXL
Turbo model [45] for text-to-image generation.

We trained the semantic direction for each attribute in the latent
space which would then map to the sliders. For this, we used LoRA-
based approach in Concept Sliderk7]. We used GPT-4]] to
generate words that described the extremes of an attribute. For
instance, to train the "age" attribute, one extreme would be "old,

approaches for sliders and enable less noisy image compositions highly wrinkled, grey hair" and the other extreme would be "young,

for multiple attribute changes.

4 AdaptiveSliders: Design and Implementation

To address the design goals identi ed in section 3, we developed
AdaptiveSliders, a tool for enabling user-aligned editing of semantic
sliders. In this section, we rst describe the user interface design of
our tool, then detail its software implementation, followed by the
system description of how we attain the design goals.

4.1 User Interface Design

The user begins by entering a prompt in the text box, as shown in
Figure 1(A). AdaptiveSliders analyzes the prompt and recommends
relevant attributes for sliders, each representing a speci ¢ seman-
tic direction (D1). Users can further add more attributes from a
drop-down list which contains pre-trained attributes (Figure 1(B)).
AdaptiveSliders then analyzes the attributes and produces an initial
image that best aligns with the prompt Figure 1(D)(D2). This image
is the user's starting point to make necessary edits with all slider
values being zero. In the process of generating the sliders for each
attribute, the system generates adaptive bounds for each attribute

enabling a sensible range (D3), applies the consistent variation map-

ping for each slider that ensures smooth and predictable changes in
response to slider manipulation (D4). Users can freely manipulate
multiple sliders Figure 1(C)(D5) and then press 'Edit Image' to see

smooth skin, no wrinkles". Such descriptors were used for training
the LoRA-based attributes, each of which took about 30 minutes.

The LoRA based edits depend on a weight valRg fvhere lower
weights reduce the e ect of LORA and consequently the strength
of the edit, and higher weights increase its e ect. For application
purposes, these values can be tuned by the users based on their edit-
ing needs #3. For a LoORA-based slider, the zero value is mapped
to the default SDXL output image and the selected LoRA weight
range is mapped to the slider bounds. Thus, for the age attribute,
the left bound would represent young, while the right bound would
represent old with the intermediate values representing intermedi-
ate editing strengths. Current worksl[7, 27, 43 use a xed default
range of -1to 1. This xed range and mapping causes multiple user-
centric challenges as we detail in section 3. We will now describe
how our AdaptiveSliders system addresses these challenges and
attains our design goals.

4.3 System Description: Attaining the Design
Goals

AdaptiveSliders suggests prompt-speci c attributes utilizing the
Attribute Suggestion module (Section 4.3.1) with the help of large
language models (LLMs). The system also provides the best aligned
image with prompt (Section 4.3.2), allowing users to explore the
attribute space within de ned bounds (Section 4.3.3) while main-
taining consistent variations (Section 4.3.4) and nally composing

the changed image (Figure 1(D)). The prior image gets stored and multiple sliders to edit multiple attributes simultaneously (Section

displayed in the History Tracker along with its corresponding slider

values (Figure 1 (E)). Users can choose to go back to any past image

and resume editing from that point.

4.2 Software Implementation

AdaptiveSliders was implemented on the Gradio platform, with all
machine learning algorithms running on a server equipped with

4.3.5)

4.3.1 Aribute Suggestiofhis module retrieves contextually rel-
evant attributes based on the user's prompt. The module consists
of two steps: (1) Attribute Extractor, (2) Attribute Mapper.

(1) Attribute Extractor: This step uses GPT-4 to identify at-
tributes in the prompt that could have a continuous range
of intensities that can be represented visually. For instance,
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Figure 4: Work ow for Initial Image Alignment: A prompt is used to generate 16 images and parallely is used to generate
guestions by DSG. Then, Question Filter(QF) LLM identi es smile-related questions, which are then evaluated by the VQA
model to compute a total score for each image. The image with the highest score is selected as the initial image.

for the prompt"A muscular smiling male person in a tropical needed to better capture speci c attributes, in which case,
weather gardenthe extracted attributes armuscular smile the user can choose to wait as the training of the new sliders
andtropical weatherTo guide GPT-4 in identifying visual becomes complete.

continuous attributes, we adopted a few-shot ne tuning
method, providing a few examples to help it understand the  Algorithm 1  Initial Image Alignment
idea of visual continuous attributes. Our prompt to GPT-4  |NpPUT: prompt, attribute
encourages a step-by-step reasoning approach that ensures oyTpyUT: +

accurate detection and extraction of attributes within the
prompt. See Figure 22 in Appendix.

(2) Attribute Mapper: As mentioned earlier, any pre-trained
library of attributes would be nite. Even if an application
focuses on a speci c domain of images (e.g. tness) and pre-
trains exhaustively for the relevant attributes, it will still not
be able to train on all possible synonyms of similar concepts
(e.g. thin and lean point to the same concept). Therefore, in
this step, we map the extracted attributes from the previous
step to their best matches in our existing pretrained library
of attribute sliders. We again use GPT-4 to nd this match.
The mapping can be one-to-one or one-to-many, depending
on the nature of the continuous attributes (e.g. grin attribute
present in the prompt will be mapped to Smile Slider). To
guide accurate mapping, we employed a similar few-shot
learning approach, providing instructions and examples as
an initial prompt for ChatGPT, as detailed in the appendix

* prompt and attribute
« Image with highest Total VQA Score
1: questions = DSG(prompt)
2: a ected_questions = Question Filter LLM(questions, attribute)
3: for B;834K0;D& =e = 1o"" 1e0e1s"""e= le=do
4 8<064 = <>34;1?A><?C+0CCA81DC4EB;BgHA
5: + Generate image for all slider value
6 )>CO;+& _(2>Ad= :@:1%.4Bj8<0643-05 542C4BD4BCgp=B
7: * Calculate Total VQA score for all the images
8: end for
9: + = arg_max(Total_VQA_Score) -+ Selectimage with the
highest VQA score

4.3.2 Initial Image Alignmerithe default scenario is where the
original SDXL image is mapped to a slider value of zero. To produce
an initial image for a slider value of zero that better aligns with the
prompt descriptions, AdaptiveSliders explores 16 images spanning a
. . large, continuous latent space of the attribute, including the original
Figure 23. The module also assesses whether new sliders are yefault image from SDXL. It then selects the best-matching image
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that is most faithful to the description of each attribute in the
prompt and consequently to the overall prompt. We generate the
16 images by selecting equidistant images within the LoRA weight
range of -2 to 2. In our investigations, we found that -1 to 1 often
does not cover enough range of the attribute.

To nd the best-match image among these, we devise a Visual
Question Answering (VQA) approach. Recent large multimodal
models are capable of performing the VQA task wherein the model
can provide detailed answers to questions about an ima&ye31,

47. Leveraging similar capabilities, GenAssi&f used a VQA-
based approach to summarize image descriptions. In contrast, our
approach focuses on extracting probability scores from the VQA
model to determine the likelihood of speci ¢ features being present
in an image. For instance, instead of obtaining detailed answers,
we query the model to estimate the probability that a person in the
image has curly hair. This unique use of VQA probability scores
forms a key component of our approach. Our approach progresses
as follows: (i) We rst generate the questions using Dynamic Scene
Graph (DSG)€] to provide full semantic coverage of the prompt.

DSG uses ChatGPT to generate questions. (i) We then pass these 4¢.

guestions to the custom Question Filter (QF) LLM (see appendix
Figure 24) which identi es questions in uenced by the suggested
attributes. For example, as shown in Figure 4, QF LLM identi es
two questions that are related to the smile attribute. (iii) We then
calculate the VQA scor8 for each such question for each of the
16 images.

%.4Bj <064+ &D4BC8>= )

The total VQA score is calculated for each image is as shown
below:

¢}
)>CO+& _(2>Ad=  %.4Bj <064g &DABCEP=
@1

(iv) The image with the highest score is considered to be aligned
with the prompt and becomes the initial image shown to the user
with its weight value corresponding to the new slider value zero
as shown in Algorithm 1. Note that if there are multiple suggested
attributes, then multiple such sets of 16 images are generated cor-
responding to each attribute and the highest score image is found
out for every attribute. A new image is generated using their cor-

®)
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Algorithm 2 Adaptive Slider Bounds
INPUT: prompt, attribute
OUTPUT: ;_1>D=3+0>D=3

1: questions = DSG(prompt)

2: una ected_questions = Question Filter LLM(questions, at-

tribute)
3: for B;834K0;D4 1o7” 1e0e1e""e= le=do
8<064 = <>34;1?A><?C+0CCA81DC4+B;834AE0Q;D4

» Generate images for all slider values

» prompt and attribute
* bounds

: D 1>D=3+1>D=3
: for B;834K0;D4

« Upper and Lower Bound
1. ”n 1.1. HHH. = 1. :do
» Check for each slider value

4
5:
6: end for
7
8
9

10:

for D=05542C@B4BC8>68 """ @1 @lo
11: » Check for each question
12: E@®B2>A4%~4BD=05 542C@&D4BCgr8-864°
13: if vga_score <0.then
14: if slider_value > Othen
15: D 1>D=3-B;834K&0;D4 1

else

17: ;_1>D=3= B;834K0;D4 1
18: end if
19: end if
20: end for
21: end for

nd out where the images of a particular attribute start showing
changes unrelated to the attribute (‘entanglements'). If the VQA
score for any question falls below a threshold of 0.5 for the image,
that image is considered out of bounds. The bounds for an attribute
in the context are thus chosen based on the lowest and highest
slider values among the images that are not out of bounds as shown
in Algorithm 2. These are then mapped to the slider bounds on the
Ul (Figure 1).

4.3.4 Consistent Slider Variatidapping the slider values within
the range linearly to the corresponding LORA weight range causes
inconsistent variations. Instead, in AdaptiveSliders, we observe the
image variations and generate a dynamic remapping speci c to the
attribute and the initial image (Figure 6). AdaptiveSliders rst char-
acterizes the original variations by calculating the LPIPS score at
multiple values within the bounds found in Adaptive sliders bounds

responding weight values (see section 4.3.5) which serves as themapping. LPIPS score is an image similarity metric considered to

initial image and their weight values serve as the new zero value
for the respective sliders.

4.3.3 Adaptive Slider Bounds MappiAg.mentioned earlier, ex-
isting work maps a xed LoRA weight range to slider bounds.
However, this range does not work well across di erent attributes
and initial images (Figure 3). Our solution in AdaptiveSliders avoids
using single xed range, but determines the optimal range mapping
for a particular attribute and initial image scenario. To this end, we
again employed a similar VQA approach as shown below in Figure 5.
We use the same 16 images as before. For VQA, for a particular
attribute, this time we pick all questions that daot pertain to that
attribute. This is because to establish sensible bounds, we want to

be closely aligned with human perception. The score is calculated
in an incremental manner where the current image's similarity is
calculated relative to the previous one when progressing through
images at equidistant points over the range. The LPIPS curve (Fig-
ure 7) is not linear which causes the inconsistent variation. We
remap the Ul slider values to the LoORA weight range such that the
resultant LPIPS curve becomes linear (see Algorithm 3). Note that
since LPIPS is not a perfect proxy for human visual perception, we
may still see inconsistencies, however the problem is minimized to
a large extent.

4.3.5 Composability for Multiple A ributeg&xisting work has
proposed multiple methods to combine and use multiple LoRA
models at the same time, such as LoRA Switch, LORA Compose and
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Figure 5: Work ow for Adaptive Slider Bounds: A prompt is used to generate 16 images. Parallely, prompt is used to generate
questions by DSG. A prompt is used to generate 16 images and parallely is used to generate questions by DSG. Then, Question
Filter(QF) LLM nds questions not related to smile. These questions are then sent to VQA for scores. The index of the image
with the score < 0.5 for any question becomes out of bounds and the previous index becomes the bound.

Algorithm 3 Slider Consistency

INPUT: prompt, attribute
OUTPUT: =C4AEO0;B

1: for B;834K0;D4

 prompt and attribute
* Unit scale for each unit increment
1o 1e0e1e o= le=do

2: 8<064 = <>34;1?A><?C+0CCA81DC4HD; 88U A
3: ¢ New scale
4: end for
5: for B;834K&0;D4& =« = 1¢"" 1e0e1s"""e= 1doO
6 ;?8?BB2>A% 1% %(8<064s 8<064 1°
7: » Get LPIPS score for all images
8: end for :
o c>cg5A0§?>Bsc&é4g:11;?8?@32>/g4
10: c>cg$Ao:i:4600851 9 _;78?EB2>A4
11:
12: D=8®20;4.510 = ;?8?EB2>A4 ==C>CBA03?>B8C8E4
13:
:D=8B20;4g 1.  =;?8?BB2>A4=C>CHBA03=460C8E4

« Previous unit scale changes to this new scale.

LoRA Merge f13 57). However, none of these approaches have been
applied towards semantic sliders. We tried all three and found LoRA
Merge to work best for composing outputs with multiple LORA-

based sliders. We incorporate this solution into AdaptiveSliders as

well as into the Baseline condition we use in our user study since
the system would not be usable without it.

@
_<4AB4=  1>' g
81

>

(4)

5 Validation Experiments

We conduct three experiments to validate the performance of our
proposed approaches for 1) Initial Image Alignment, 2) Adaptive
Slider Bounds Mapping, and 3) Consistent Slider Variation. We rst
created a dataset of 100 prompts that we subsequently used in all
three validations.

5.1 Validation Dataset

We used GPT-4 to generate the 100 prompts providing our pre-
trained attributes information (appendix Table 5) along with ve
hand-crafted example prompts to guide GPT-4 to create similar
prompts that include our pre-trained attributes. Additionally, we
speci ed the desired prompt length, ranging from small (1 attribute)
to large (5 attributes). We perform rst iteration asking GPT to give
20 prompts at temperature value 0. Then we vary the temperature
of GPT-4 from 0.1 to 0.4 four times with 0.1 unit change to get
additional 80 prompts. We further veri ed that these prompts did
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