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Abstract

Despite the rapid advancements in text-to-image (T2I) syn-
thesis, enabling precise visual control remains a significant
challenge. Existing works attempted to incorporate multi-facet
controls (text and sketch), aiming to enhance the creative con-
trol over generated images. However, our pilot study reveals
that the expressive power of humans far surpasses the capabili-
ties of current methods. Users desire a more versatile approach
that can accommodate their diverse creative intents, ranging
from controlling individual subjects to manipulating the en-
tire scene composition. We present VersaGen, a generative
Al agent that enables versatile visual control in T2I synthesis.
VersaGen admits four types of visual controls: i) single visual
subject; ii) multiple visual subjects; iii) scene background; iv)
any combination of the three above or merely no control at
all. We train an adaptor upon a frozen T2I model to accommo-
date the visual information into the text-dominated diffusion
process. We introduce three optimization strategies during the
inference phase of VersaGen to improve generation results
and enhance user experience. Comprehensive experiments on
COCO and Sketchy validate the effectiveness and flexibility
of VersaGen, as evidenced by both qualitative and quantitative
results.

Code —
https://github.com/FelixChan9527/VersaGen _official

1 Introduction

Ask any artist, and they will likely express their discontent
with generative Al. They demand control over the creative
process, control that aligns with their creative intent, and
rightfully so! For you and me alike, beyond the initial "wow”,
questions are also starting to form around why models do
not follow exactly what we want. There is a clear trend in
the generative Al literature towards enhancing user control,
which is encouraging. However, to fully understand the limi-
tations of current approaches, it is essential to articulate the
gap between human artistic expressivity and the capabilities
of generative Al. To shed light on this, we first conducted a
pilot study in which participants used Stable Diffusion (SD)
(Rombach et al. 2022) and ControlNet (Zhang, Rao, and
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Figure 1: VersaGen can handle various forms of input pro-
vided by users, whether at the object-level, scene-level, or a
combination of both.

Agrawala 2023) to generate images matching a given refer-
ence. The results revealed that participants faced two main
challenges: incapability and inflexibility.

Incapability refers to the technical barriers that hinder users
from achieving their desired visual outcomes, an issue widely
acknowledged and tackled in recent works (Cao et al. 2023;
Ju et al. 2023; Ge et al. 2023; Gong et al. 2023; Wu et al.
2023; Gafni et al. 2022; Ma et al. 2023; Chang et al. 2023).
These solutions introduce various multi-modal input forms
to make the process more intuitive. However, inflexibility
remains largely underappreciated. Systems like ControlNet
(Zhang, Rao, and Agrawala 2023) and T2I-Adapter (Mou
et al. 2024) require users to control the entire scene, which
our findings suggest rarely facilitates meaningful engage-
ment. In fact, 74.96% of the 1,250 ControlNet trials reported
that users found it exceedingly difficult to provide compre-
hensive visual guidance, particularly for complex scenes with
multiple subjects.

To address the challenges of incapability and inflexibility,
we propose a natural next step: allowing individuals the flexi-
bility to decide what to control or not. Recognising that peo-
ple express their creative intent differently — we re-envisage



the visual control problem in generative Al and transform it
from a single visual subject/scene-level control to a hybrid
approach comprising multiple degrees of control freedom.

Our proposed solution, VersaGen, targets drawing as the
primary control tool, given its long-standing role in human
expression of the visual world (Aubert et al. 2014; Karmiloft-
Smith 1990; Hoffmann et al. 2018; Gombrich and Gombrich
1995; Jongejan et al. 2017; Eitz, Hays, and Alexa 2012).
Unlike previous systems that require compulsory holistic
scene drawings, VersaGen admits four types of visual con-
trols (Fig. 1): i) single visual subject; ii) multiple visual
subjects; iii) scene background; iv) any combination of the
three above or merely no control at all, falling back to pure
text-to-image generation. By providing this flexibility and
allowing users to choose the level of control that best suits
their needs and preferences, VersaGen aims to make gener-
ative control more inclusive, accessible, and enjoyable for
all, transforming the creative process into a fun and engaging
experience. Achieving VersaGen is technically demanding,
with two major challenges to overcome. The first challenge
lies in simulating the various types of drawing inputs that
VersaGen is designed to accommodate, given the scarcity of
such data for training. To address this, we extract and opti-
mise edge maps from images to imitate human drawing input.
Although edges are not perfect substitutes for real drawings
(e.g., human free-hand sketches), they provide a scalable way
to obtain relevant training data. Additionally, we design an
Adaptive Control Strength mechanism (Sec. 4.4) to mitigate
the disparity between edge maps and real drawings during
inference. The key insight is that while drawing artifacts in
realistic human input can degrade generation quality, their
impact can be minimised by limiting their contribution to
later steps in the diffusion chain.

The second challenge is visual localisation. Unlike ex-
isting works that require users to precisely position visual
controls, VersaGen simplifies this process by automatically
locating user-provided visual controls within the appropriate
local context. To achieve this, we leverage recent advances
showing that T2I models inherently function as semantic
segmenters, capable of generating bounding boxes encircling
objects based on their corresponding tokens at certain diffu-
sion timesteps (Hertz et al. 2023; Zhang et al. 2021; Patashnik
et al. 2023). To further address potential localisation inaccura-
cies during inference, we introduce the Multimodal Conflict
Resolver in VersaGen (Sec. 4.3). This component employs
both token-level and pixel-level objectives to closely align the
corresponding regions in the latent space across both modal-
ities, thereby reducing conflicts and preventing unexpected
generation results.

We conduct extensive evaluations using both edge maps
and human free-hand sketches on the COCO (Lin et al. 2014)
and Sketchy (Sangkloy et al. 2016) datasets. Our results
demonstrate that VersaGen outperforms well-established T2I
(Rombach et al. 2022) and controllable T2I models (Mou
et al. 2024; Zhang, Rao, and Agrawala 2023) in both quan-
titative and qualitative comparisons. Furthermore, a human
study reveals that 48% of users identify VersaGen as the most
user-friendly interactive generation model compared to alter-
native approaches, underscoring the importance of providing
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flexible control options that cater to diverse user preferences
and creative intents. Finally, a comprehensive ablation study
highlights the crucial role of our three proposed strategies in
enabling VersaGen to produce high-quality, user-controlled
visual outputs across a wide range of input conditions in
real-world scenarios.

2 Related Work

Recent advancements in diffusion models, such as Imegen
(Saharia et al. 2022), Stable Diffusion (SD) (Rombach et al.
2022), and DALL-E (Ramesh et al. 2021), have revolu-
tionised text-to-image generation tasks. These models excel
at producing high-quality images but often lack fine-grained
control over the generated content. To address this limitation,
researchers have explored various approaches to enhance
user control in generative Al. One line of research focuses on
text-driven control methods, which involve adjusting prompts
(Gal et al. 2022; Gani et al. 2023; Kim, Kwon, and Ye 2022;
Wang et al. 2023; Lee et al. 2023; Liu and Chilton 2022;
Marcus, Davis, and Aaronson 2022; Wang et al. 2022) or
improving cross-attention maps (Feng et al. 2022; Chefer
et al. 2023; Li et al. 2023a; Rassin et al. 2024; Xu et al.
2024). While these methods have shown promise in guid-
ing the generation process, they often struggle to provide
precise structural guidance, as text prompts alone may not
fully capture the user’s intended visual composition. Another
approach to controllable image generation involves incorpo-
rating additional input modalities, such as sketches or layouts.
Layout Guidance Diffusion (Chen, Laina, and Vedaldi 2024),
GLIGEN (Li et al. 2023b) and InstanceDiffusion (Wang et al.
2024) leverage user-defined tokens and bounding boxes to
guide cross-attention maps, while (Balaji et al. 2022) im-
poses structural constraints on the generated images using
similarity gradients between target sketches and intermediate
model features. ControlNet (Zhang, Rao, and Agrawala 2023)
and T2I-Adapter (Mou et al. 2024) introduces a adapter to
combine internal knowledge from text-to-image models with
external control signals. UniControl (Qin et al. 2024) builds
on ControlNet and integrates task instructions into condition-
specific networks to adapt to various visual inputs. Despite
these advancements, existing methods often focus on single
scene-level control, which can limit the degree of control
available to users. In contrast, VersaGen takes a more flexible
approach, accommodating both object-level and scene-level
visual conditions without requiring the depiction of entire
scene conditions. By offering a range of drawing options and
allowing users to choose the level of control that best suits
their needs, VersaGen empowers users with versatile control
over the generative process.

3 Pilot Study

To assess how well current off-the-shelf generative mod-
els meet user needs for generating target images, we de-
signed this pilot study featuring Stable Diffusion (Rombach
et al. 2022), a T2I model, and ControlNet (Zhang, Rao, and
Agrawala 2023), a controllable T2I model, as illustrated in
Fig. 2(a). Users are provided with a reference image and a
corresponding textual prompt, tasked with using SD and Con-
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Figure 2: (a) The illustration of pilot study: users are tasked with generating an image similar to the given reference image using
SD and ControlNet. (b) Quantitative evaluation of SD and ControlNet.

trolNet to generate a matching image. In both experiments,
participants are instructed to copy the prompt verbatim to
maintain fairness. When using SD, users copy the given tex-
tual prompt, click “Generate”, and then select a satisfactory
generated image to “Submit”. With ControlNet, additional
preparation of visual conditions was required. Then, they
copy the textual prompt, click “Generate”, and wait for gener-
ated results, from which they select one to “Submit”. Notably,
i) a “Regenerate” button is provided, allowing users to regen-
erate images multiple times until they find a satisfactory re-
sult, at which point they can click “Submit”. ii) Users cannot
access the reference image after selecting the test generation
model and must rely solely on their memory to complete the
process. iii) Each time they click “Submit” during ControlNet
trials, they are asked if providing an effective input condition
for the current reference image is easy.

We employ four metrics to evaluate the two generative
methods: i) Pre-Time (s]): The duration from when the user
clicks the button to select a specific generative method to
when they complete the preparation of input conditions and
click the “Generate” button. This metric indicates the ease of
use for end users. ii) Post-Time (s]): The time from when
the method finishes generating a set of images to when the
user clicks “Submit”. Notably, users can regenerate results if
they are unsatisfied with the current images. The Post-Time
is accumulated, excluding the time spent waiting for model
generation. iii) Objective Similarity (OS]): We use FID
as a quantitative metric to evaluate the similarity between
the given reference images and the user-submitted results.
iv) Subjective Similarity (SS1): We invited five experts to
evaluate the user-submitted results generated by the two meth-
ods. During each trial, the experts were presented with three
images: reference, SD-generated, and ControlNet-generated.
They were then asked to choose the one closer to the refer-
ence. The selection rate is referred to as SS.

In Fig. 2(b), the findings show: i) There is no Pre-Time for
SD as it solely relies on textual inputs, following instructions
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for participants to directly copy the given prompt. Conversely,
considerable time is spent preparing visual conditions for
ControlNet to enable more controlled generation. ii) Interest-
ingly, participants spent more Post-Time on ControlNet than
on SD. This indicates that for controllable generation models,
good input conditions are crucial for achieving the desired re-
sults. It is not easy for participants to quickly find appropriate
visual input conditions for ControlNet. iii) For the similarity
evaluation, we observed that SD performs better in objec-
tive high-dimensional semantic feature measurement, as it
is trained to generate semantically aligned images. However,
for human perceptual visual similarity, ControlNet excels be-
cause the input visual conditions reflect the user’s subjective
interpretation of the reference image.

4 Methods

Overview The goal of VersaGen is to evolve human interac-
tion with generative models from a strictly scene-level visual
condition to a hybrid approach that supports multiple levels of
drawing control. Users can freely select their preferred levels
of visual conditions, eliminating the need for comprehen-
sive scene-level conditions and bypassing the technical chal-
lenges associated with precise scene-level control. VersaGen
accepts diverse drawing inputs: single visual subject draw-
ing s;, multiple visual subjects drawings {s1, $2, " , Sm }»
and background drawing sp4. By synergising these elements
with a simple textual prompt, users can realise highly flexi-
ble and controllable image generation. VersaGen comprises
three core modules, as illustrated in Fig. 3: i) Foundation
Generation Model (FGM) incorporates the trainable copy
provided by UDE to “finetune” its frozen weights, thereby
aligning VersaGen’s output with the user’s drawings. ii) User
Drawing Encoder (UDE) processes drawings inputted by
users, encoding these hybrid drawings into a latent represen-
tation that serves as a condition to update a trainable copy of
the Foundation Generative Model for fine-tuning. iii) Multi-
modal Conflict Resolver (MCR) addresses inconsistencies
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Figure 3: The illustration of VersaGen. At denoising timestep 7 during inference, MCR functions to update the original noisy
latent 2, to z., to alleviate potential conflicts across modalities.

between modalities (user drawings and textual prompt) dur-
ing inference, enhancing the quality of the generated images.

4.1 Foundation Generative Model

Here we adopt SD (Rombach et al. 2022) as our FGM &, a
state-of-the-art text-to-image generation model. The process
begins with an input image zp, to which random noise is
processively added, resulting in a noisy image z;. With given
textual condition C, a network ¢y is trained to predict the
noise added to the noisy image z; with:

ey

Here £ represents the overall learning objective of the
entire diffusion model. Notably, the parameters in SD (Rom-
bach et al. 2022), denoted as O¢, are kept fixed in the subse-
quent steps to preserve its foundational and powerful text-to-
image generation capabilities.

L=E. ;cecnolle— ezt C)3).

4.2 User Drawing Encoder

Given visual subjects’ drawings S = {s1, $2, "+ , S} and a
textual prompt C, the initial step is to determine the potential
locations of s; within the generated image /. We utilise the
cross-attention mechanism in foundation generative model ®
to achieve this. Assuming the textual tokens correspond to s;
are ¢;, the cross-attention map A! is computed as follows,

N n(e. n( ..
Al(si,ci) = % Z softmax(cg(sz\)f[;(m). )
n=1

Here, n refers to index of head in multi-heads mechanism,
while ¢ denotes the timestep in diffusion process, notably, the
Al is calculated only at t = 7. Q"(s;) € RE*HW*d gpplies
a linear function on s;’s latent to generate “query” vector in
cross-attention, where H, W denote the height and width of
latent, and d is embedding dimension. Similarly, K" (¢;) €
RE*@77 involves a linear function followed by a transpose
operation to produce “key” vector for cross-attention.

To identify the potential location of s; within generated
image 1(.5, C'), we first apply OTSU (Otsu et al. 1975) on A’
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to compute the object-aware attention threshold, then extract
potential mask R; of s;, as Eq.3 shown:

1 Al(u) > OTSU(AY)
0 otherwise

Ri(u) = { ; 3
where u is the spatial location of the element in R;. Subse-
quently, the square bounding box B; of non-zero region in
R; is used to guide the relocation of s;, resulting in s;, which
is input into drawing encoder Z parameterised by 6.1. The
latents of user drawings S are concatenated, and then passed
through a small fusion network G to produce a combined
drawing latent zg, as shown in Eq.4:

25 = G(Concat[Z(sy; 0:1), Z(s: 0:1),
2 (53 021), Z (5093 021)]; 6,).

To leverage the T2I capabilities of ®, we adopt the Con-
trolNet (Zhang, Rao, and Agrawala 2023) pipeline to add
spatial control capability to ®. ControlNet (Zhang, Rao, and
Agrawala 2023) creates a trainable copy of UNet in ®, which
features zero convolution layers within the encoder blocks
and the middle block. This process is formulated as:

ys = F(2t;08) + Z(F (2t + 25;05);02),
—_——

FGM

“

&)

UDE

where F is UNet, Og is the frozen weight of pretrained ¢, Z
corresponds to zero convolutions with learnable weights 6.9,
Og is the parameters of trainable copy of UNet. The whole
training object of VersaGen is formulated as:

L=E. 1c.qcnolle— ez, t,C z9)[3].  (6)

4.3 Multimodal Conflict Resolver

For multimodal controllable image generation, generating
a high quality realistic image hinges on ensuring that the
latent can coherently integrate conditional information from
different modalities. During the training phase of VersaGen,
the textual prompt C'is carefully aligned with the drawings



Methods o wier cco Sketchy

LoD BBoxes|CLIP1T FID] DINO1 ACC?1|CLIP1T FID] DINO1 ACCY
Stable Diffusion (Rombach et al. 2022) / / 0.2556 0.4026 0.7616 0.6803|0.2509 0.3064 0.7934 0.7710
T2I-Adapter (Mou et al. 2024) X 0.2439 0.3732 0.7722 0.6143]0.2392 0.3290 0.7843 0.7182
ControlNet (Zhang, Rao, and Agrawala 2023) v X 0.2523 0.3560 0.7774 0.6547|0.2517 0.3493 0.8007 0.7622
UniControl (Qin et al. 2024) v X 0.2467 0.3558 0.7475 0.7006|0.2479 0.3165 0.7988 0.8096
GLIGEN (Li et al. 2023b) X v 0.2515 0.3571 0.7740 0.4319]0.2419 0.2961 0.8149 0.5550
InstanceDiffusion (Wang et al. 2024) X v 0.2419 0.3811 0.7644 0.8094 | 0.2399 0.2818 0.8179 0.8942
VersaGen (Ours) v X 0.2537 0.3377 0.8019 0.73220.2524 0.2614 0.8193 0.8328
VersaGen (Ours) X X 0.2542 0.3431 0.7879 0.7229]0.2542 0.3080 0.8088 0.8174

Table 1: Quantitative results. “w/ GT” denotes the locations of drawings (LoD) or bounding boxes (BBoxes) from GT.
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Figure 4: Visualised comparison of SD, T2I-Adapter, ControlNet, UniControl, GLIGEN, InstanceDiffusion and our proposed
VersaGen. Problematic regions are highlighted with [J, and missing entities are indicated by 7.

S because both are derived from the ground truth image
zo. However, during inference, we cannot guarantee that the
user-provided drawings are always coherent with the accom-
panying textual prompt which may result in a modality con-
flict during the generation process. Therefore, we introduce
a Multimodal Conflict Resolver (MCR) during inference to
mitigate the impact of such issues.

Inspired by (Wang et al. 2023), we address this issue by
a test-time optimisation. Our objective is to ensure that the
active region in the cross-attention map A!(z,c;) closely

aligns with the contour M of s; Therefore we involve a

token-level loss and a pixel-fevel loss to achieve this goal, as
formulated by:

1 L m
Elokenzazz

(1 T My <u>A§l<u>>2
)

=1 i=1 2u Aﬁl(u
1 L m . @)
ﬁpixel = E Z Z BCE(MS'L ) Ail)a
=1 1=1
L= )\»Ctoken + (]- - )\)Epixelo

where [ is the layer index of the UNet, BCE(-, -) represents
binary cross entropy loss. Since different layers have different
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t

resolutions of Aj;, we downscale the resolution of M to

match that of A’; using bilinear interpolation, followed by
binarisation of all values. Then we using £ to update z;:

®)
where « is a hyperparameter used to adjust the gradient up-
date step size. It is important to note that MCR only optimises
z¢ at t = 7, resolving the modality conflict at the timestep
immediately following the incorporation of user drawing
control. Once the optimisation is completed, MCR ceases
operation in subsequent timesteps to minimise resource use.

4.4 VersaGen In-the-Wild

In real-world applications of VersaGen, two main challenges
arise: i) when users provide multiple visual subjects drawings,
the correlation between objects causes significant overlap in
the object-aware active region R;s, leading to low-quality,
occluded outputs. ii) Amateur users often struggle to create
precise, high-quality drawings, resulting in unrealistic gener-
ated images. To improve VersaGen’s real-world adaptability,
we propose two strategies during inference: multi-object de-
coupling and adaptive control strength.

Multi-object Decoupling. Given the user drawings
S = {s1,82, -, S$m}, their corresponding active regions

!
2y =2 —aVy, L,



R; in cross-attention map can be calculated by Eq.2.
Each R; can be simplified as a bounding box B;
(gmin ymin gmaz gmaz) \where (g yMmin) are the coor-
dinates of the top-left corner of B;, (x7"®, y%*) are bottom-
right corner. The goal of multi-object decoupling is to ensure
the Intersection over Union (IoU) of B;s remains within a
reasonable range, avoiding excessive overlapping. Each B;
has its center at (cf, ¢, ), and the overall center of all B;s is
(s, ¢y), which is calculated as the average of all individual
centers. For any two visual subjects drawings s; and s;, we
calculate the IoU between B; and B;. If IoU(s;, s5) > 3, we
apply two operations on both B; and B; simultaneously: 1)
resizing, ii) translation, to adjust their bounding boxes and
reduce overlap.

Resizing shrinks the region of B; by two units towards

(AR

By = ("™ + Ly + 1,2 — 1,y —1).  (9)

Translation moves B; by one unit away from (c,, ¢, ). First,
we calculate the direction vector d = (¢, — ¢4, ¢, — ¢,,), and

then obtain the unit direction vector d. We then translate B,
to Bz/, — (x;’min, y;’mzn ;'maz’ y”maz

, T, ; 107 as follows:
(x;’min’ y;/min) _ (x;min’ ;mzn) _ :
"mazx ,''max "max ,'max 7 (10)
(z; ' Yi ) = (2", y, ) —d.

In practice, we apply these two operations in combination
until ToU(s;, s;) < 8. More details about the combination
strategy can be found in the supplemental material(Chen et al.
2024).

Adaptive Control Strength. For amateur end users, the
goal of providing drawing control is not to make the gener-
ated image strictly follow their strokes, as they understand
their limited drawing skills may not fully represent their in-
tentions. This makes the textual prompt crucial for achieving
their desired results. To address this, we design an adaptive
control strength strategy that reduces the influence of user
drawings as the denoising timesteps progress. In the early
structure-forming stage, user drawings dominate to establish
the basic structure. In the later detail generation stage, the tex-
tual prompt takes over, adding coherent details based on its
well-pretrained text-to-image (T2I) capabilities. This strategy
is implemented by introducing a weight v(¢) to Eq.5:

ys = F(21;00) + 7(t) Z(F (2 + 25; O5); 0:2),
1
M =10 e
where a, b, c are used for timestep-aware adjustment.

an

S Experiments

VersaGen utilises SD as Foundation Generation Model. We
conducted training and testing of VersaGen on COCO (Lin
et al. 2014) and further assessed its performance on Sketchy
(Sangkloy et al. 2016), a human free-hand sketch dataset. De-
tailed information about data processing, evaluation metrics
hyperparameters employed in the experiments, and additional
generated results are provided in the supplementary(Chen
et al. 2024).
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Figure 5: Visualisation of the reference images used in the
human study alongside the user-submitted results generated
by the three methods.

5.1 Qualitative Results

Main results of VersaGen. Fig. 1 shows our results with
various drawing inputs: single visual subject, multiple visual
subjects and subjects+background. The images generated
by VersaGen not only closely align with the text descrip-
tions but also maintain excellent consistency with the appear-
ance of user drawings. VersaGen can automatically place
objects from separate drawings coherently within a back-
ground, guided by the textual prompt.

Comparison with different methods. Fig. 4 presents quali-
tative results corresponding to two types of drawings (Row1
for Edge Map, Row2 & 3 for Free-Hand Drawing). As these
comparative methods are unable to process object-level draw-
ings, we ensure a fair comparison by using the automatically

identified bounding box B " or relocated user drawings S l
from VersaGen as their visual conditions. We can observe
that: i) From column S to B or S, VersaGen effectively
relocates the s;s to positions that align coherently with the
given textual prompt. Moreover, even in scenarios involving
multiple visual subjects, VersaGen successfully avoids over-
lapping locations. ii) For the SD results, when the textual
prompt involves multiple visual subjects, some entities are
frequently omitted, e.g., The “bird” in Row2 and the “cas-
tle” in Row3 are missing. iii) The results from T2I-Adapter,
ControlNet and UniControl adhere too closely to the pro-
vided drawings, often resulting in the generation of unre-
alistic details, such as the “bird” in Row2. iv) The results
from GLIGEN and InstanceDiffusion indicate that employ-
ing layouts B " as a condition does not yield precise object
control. The presence of a large number of irrelevant areas
in the layout diminishes the positive influence of MOD on
reducing object overlap, which leads to a decline in the qual-
ity of object generation, e.g., the “bird” and “pineapple” in
Row2. v) Our proposed VersaGen consistently outperforms
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other methods by generating high-quality images with pre-
cise semantics across a range of user drawing combinations,
such as single visual subject, multiple visual subjects, and
subjects+background.

5.2 Quantitative Results

Tab. 1 shows quantitative results on COCO and Sketchy.

For COCO results, we can see that: i) Compared to SD,
other methods achieved lower FID scores due to the addi-
tional drawings or layouts, enhancing the spatial alignment
between the generated images and the ground truth. ii) Our
VersaGen achieves better FID metrics regardless of whether
ground truth locations or automatically predicted locations
are used, demonstrating the robustness and superiority of Ver-
saGen. iii) SD achieves the highest CLIP score, likely due to
the conflict of multiple conditions or the limitations in edge
map extraction techniques. VersaGen addresses this by sub-
stituting the latter with high-quality user drawings, indicating
the effectiveness of our proposed strategies during inference.
iv) VersaGen achieves the highest DINO score with different
setting, which indicates the generated images are closest to
the real images in visual features, further demonstrating the
utility of our method. v) InstanceDiffusion excels in object
semantics, achieving the highest ACC but at the cost of local
object details. In contrast, using sketches as conditions better
balances local details with global semantics.

For Sketchy, visual subject drawings are human free-hand
sketches, which are less precise and more abstract than edge
maps, reflecting real-world conditions where most users are
amateurs and may struggle to produce high-quality drawings
quickly. Despite these challenges, our method achieves the
highest performance on CLIP score, FID, and DINO score
on Sketchy, demonstrating VersaGen’s effectiveness in real-
world scenarios.

5.3 User Study

To further assess VersaGen’s effectiveness, we conducted a
user study with the same setup as described in Sec.3. The
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study presented user-submitted results from three methods
(Fig. 5), revealing that: i) all methods perform well for sim-
ple prompts with a single entity; ii) however, for complex
prompts with multiple entities, both SD and ControlNet of-
ten miss entities, and strict adherence to input conditions
by ControlNet can degrade output quality. We surveyed 50
participants, asking which method balances ease of use with
reliable generation capability. Results show 48% favor Ver-
saGen, underscoring its practical application potential.

5.4 Ablation Study

To enhance the practicality of VersaGen in real-world appli-
cations, we propose three inference-phase strategies: Multi-
modal Conflict Resolver (MCR), Multi-object Decoupling
(MoD), and Adaptive Control Strength (ACS). We conduct
an ablation study to thoroughly evaluate the impact and effec-
tiveness of these strategies. i) As shown in Fig. 6(a), the ab-
sence of MCR results in inconsistencies between the textual
prompt and the generated images; for instance, the prompt
“A man” yields an image of two men. ii) Without MoD, over-
lapping multiple objects leads to poor-quality generations, as
depicted in Fig. 6(b), such as a creature with a horse’s body
and a duck’s head. Involving MoD effectively resolves this
issue. iii) Fig. 6(c) demonstrates that with ACS, even user-
provided low-quality drawings, VersaGen can also generate
high-quality images with details.

6 Conclusion

In this paper, we present VersaGen, a generative Al agent that
addresses the challenges of incapability and inflexibility in
text-to-image synthesis by providing users with versatile vi-
sual control options. By allowing users to choose the level of
control that best suits their needs and preferences, VersaGen
transforms the creative experience into a more engaging and
fulfilling one. We hope our work inspires further research in
developing user-centric generative Al solutions that prioritise
flexibility, accessibility, and are ultimately people-facing.
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