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Abstract. While large-scale text-to-image models excel at generating
high-fidelity content from semantic descriptions, users often lack pre-
cise control over the of non-semantic abstract elements and the model’s
expressive freedom. Existing structural conditioning methods typically
impose rigid spatial layouts or global style constraints, failing to address
the need for fine grained creative control via mixture of visual primitives.
We introduce a novel self-supervised framework that enables granular
control over image generation through a visual abstraction set—a collec-
tion of disjoint shapes, textures and composition details. By fine-tuning a
pre-trained flow model, we allow users to construct diverse semantic con-
cepts from the same underlying visual kit. Our method offers control over
the level of abstraction: by leveraging a training strategy based on vary-
ing geometric augmentations and per-part modulation, users can dictate
whether the model should preserve input shapes or interpret them loosely
to fit the narrative. Furthermore, we enable control over the generation’s
expressiveness, allowing for the creation of minimal compositions. We
demonstrate that our method provides a richer, more flexible paradigm
for creative design compared to state-of-the-art baselines across diverse
styles and compositions.
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1 Introduction

Beauty is that reasoned harmony of all the parts within a body, so that
nothing may be added, taken away, or altered, but for the worse.

Leon Battista Alberti, 1485

In his classic ten-book treatise on architecture, Alberti considers beauty as
the building’s most noble attribute; an inherent property of the body itself,
distinct from ornament, which he characterizes as an auxiliary attachment or
complement to the form [2]. Alberti’s sentiment has resonated throughout art
history, extending from the Renaissance to the present day. In particular, it pre-
figured the ethos of modern movements [5,28,43], characterized by a drive toward
ornament-free abstraction where essential elements are locked in a balance from
which nothing can be removed [16].

Modern large-scale text-to-image (T2I) generative models [32, 39, 45] have
demonstrated remarkable capabilities in synthesizing high-fidelity images that
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Fig. 1: Controlling abstract image generation. Our method enables image genera-
tion of different concepts from a provided visual abstraction set. Moreover, we provide
further fine-grained control over the abstractness level of the generated image (top
row), and over the composition of the visual elements using additional provided visual
details (bottom row).

adhere to input text descriptions. However, achieving the “reasoned harmony”
Alberti describes remains a significant challenge. Beyond the difficulty of control-
ling individual visual parts and their interrelations, users distinctively lack the
ability to govern the model’s expressiveness. Current methods do not allow the
user to specify whether the result should embody a minimal form, free from the
“ornaments” inherent to generative priors—or, conversely, if the model should be
granted the freedom to elaborate and fill the canvas. While text prompts provide
high-level semantic guidance, they fail to specify this desired granular level of
abstraction. Similarly, existing visual conditioning methods typically operate on
distinct semantic entities [22, 60, 62] or impose global style and spatial condi-
tions [17, 54, 64, 65] yet they lack the ability to flexibly compose and harmonize
abstract visual inputs or explore novel visual expressions.

We introduce FlowLess, a novel framework that moves beyond traditional
style transfer by utilizing a visual abstraction set. By guiding a flow model [27]
to rely solely on this set, we ensure it generates less unnecessary visual clutter by
strong generative priors. Our method enables the synthesis of diverse semantic
concepts from the same underlying visual elements; for instance, the different
concepts generated from the watercolors shapes in Fig. 1 (top). Furthermore,
FlowLess allows users to control the level of abstraction with respect to these
elements, as demonstrated by the varying abstractness of the “bird–saxophone
player” example in that figure. Users can also guide the generation process by
providing visual details that illustrate relations between elements, for example,
the transparent overlay relation shown in Fig. 1 (bottom). Finally, FlowLess
supports image completion, allowing users to provide an initial drawing to guide
the generation of specific content, such as the various animals drawn around a
fixed yellow triangle in Fig. 1 (bottom).

Our method employs a self-supervised training scheme to fine-tune a flow
model [23], utilizing a simple pipeline that decomposes training images into a
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“A submarine exploring a coral.”

“A rocket launching into space”

Rasterized

“A rocket is depicted in a vertical launch position.”

SVG

“A submarine with circular windows.”

(a) Training examples from the SVG dataset (left)
and the rasterized dataset (right).
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(b) Distribution over the number of elements
in the training examples’ abstraction sets.

Fig. 2: FlowLess dataset mixture. Our training examples includes pairs of images
and corresponding decomposed elements derived from both SVG vector images and
raster images (a). The number of elements varies across different samples; SVG images
tend to consist of lower number of elements (b).

visual abstraction set comprised of disjoint elements and a complementarity
set of composition details that specify the relation between elements. To achieve
granular control, we introduce a training strategy based on varying levels of aug-
mentation and random element dropout. We subject the decomposed elements
to a variety of augmentations while simultaneously varying the proportion of
the original set provided to the model. By mapping the augmentation level and
coverage of the input elements into the modulation layers of the flow model, the
model implicitly learns to interpret visual inputs with varying degrees of freedom
and expressiveness.

In summary, we propose a self-supervised framework for abstract image gen-
eration that enables granular control over image composition without the need
for manual annotated supervision. By integrating abstraction sets directly into
the flow model via a per-part modulation scheme, FlowLess allows for mixed-
constraint generation, enabling users to rigorously preserve specific shapes while
allowing the model to interpret others more freely. Our approach enables flexi-
ble, detailed creative control, enabling users to move beyond strict layouts and
instead guide the image generation through abstract visual elements and details.
We demonstrate the effectiveness of our method through extensive qualitative
results and quantitative comparisons to state-of-the art stylization and context
aware image generation methods.

2 Related Works

Text-to-Image generation and editing. Diffusion and flow-based models [23, 39,
42,45] have demonstrated remarkable capabilities in generating high-fidelity im-
ages from textual descriptions. Consequently, these models have become the core
engine for diverse creative tasks, including masked editing [4, 32, 55], spatially
conditioned generation [52,64] and others [14,15,29,56]. While recent large-scale
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models [7, 24, 33, 58] offer versatile editing capabilities through multi-task con-
textual training, they often struggle with abstract representations that deviate
significantly from their training distribution.

Compositional image generation. Compositional generation from disjoint visual
elements or concepts has been studied in several adjacent forms, particularly
focusing on extracting and composing different semantics from various input
images. A growing body of work achieves unified semantic composition and con-
trol through image conditioning [8,9,30] or learned concept tokens [3,13,31,51].
More closely related to our work is Piece-it-Together [41], which fine-tunes a dif-
fusion model to compose specific object categories, such as imaginary characters
or products. While differing inputs and objectives mean none of these are direct
baselines for our approach, they highlight the vast potential of part-based gen-
eration. Our framework extends this paradigm by composing disjoint abstract
elements rather than explicitly defined semantics.

Style control. Our work is also related to exemplar-based stylization. Since paired
datasets (original vs. stylized) are generally unavailable, stylization research typ-
ically relies on unsupervised or self-supervised frameworks. Unsupervised meth-
ods [17,44] often employ shared attention mechanisms [1] to inject reference style
features into the generation process. Alternatively, self-supervised approaches
fine-tune low-rank adapters [19] on small datasets [46], or on a few examples
of a specific style [54, 63]. Our approach follows a similar self-supervised logic
by fine-tuning a flow model where both the condition and the ground truth are
derived from the same sample (see Fig. 2a). However, unlike traditional styliza-
tion, our framework provides granular control over individual abstract elements,
enabling a higher degree of creative freedom and abstraction.

Abstract image generation. Abstraction in visual synthesis involves the strate-
gic simplification of form while maintaining semantic essence. Early work in
this domain, such as CLIPDraw [12] and VectorFusion [21], demonstrated that
complex concepts could be synthesized by optimizing sparse geometric primi-
tives via differentiable vector graphics [25]. More recently, abstraction control
has been explored in specialized creative tasks. Word-As-Image [20] applies se-
mantic abstraction by morphing letter forms into representative shapes; Icon-
Shop [59] focuses on the generation of stylized, abstract icons; and DeepVec-
Font [57] addresses the synthesis of minimalist typographic forms. While these
methods achieve impressive results within their respective domains, they often
rely on domain-specific training or per-instance optimization. In contrast, our
framework introduces a generalizable visual abstraction set. Rather than opti-
mizing fixed paths or restricting domains, our method interprets disjoint visual
elements with varying degrees of freedom, harmonizing them into a versatile
creative design.
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3 Preliminaries

Rectified Flow. Flow-based text-to-image generative models [26, 27] are trained
to construct a velocity function vθ between a random known distribution X1,
e.g., Gaussian noise, to the unknown distribution of natural images X0, using
the following loss:

Lθ = Et,x0,p,x1

[
∥vθ(xt, t, p)− (x1 − x0)∥2

]
, (1)

where t ∈ [0, 1] is sampled according to a training scheduler function (e.g.
Cosine), p is a text prompt corresponds with the sampled image x0 ∼ X0,
x1 ∼ N (0, I) is a sampled noise and xt is given by xt = (1− t)x0 + tx1.

The inference sampling process, starting from x1 ∼ N (0, I) and conditioned
on text p, is given by integrating the predicted velocity:

x0 = x1 +

∫ 0

t=1

vθ(xt, t, p)dt (2)

using any ordinary differential equation solver (e.g., an Euler solver).
In practice, many flow-based generative models, including the one we use [23],

operate within a compressed latent space [42]. During training, x0 is encoded
from a real RGB image, and during inference, the final image is generated by
decoding the sampled x0 using a pre-trained auto-encoder.

Diffusion transformer (DiT). The DiT architecture [35] has become a popu-
lar choice for diffusion and flow-based generative models [11, 23, 53]. A DiT
jointly processes a sequence of text and image embeddings, denoted by Z =
{zitext}

#text
i=1 ∪ {ziimage}

#image
i=1 , where #text is the number of text embeddings,

encoded from p [37], and #image is the number of image embeddings, patchi-
fied [10] from xt. In addition to the to standard transformer’s attention and
feed-forward (FF) layers [50], the DiT block includes modulation layers that in-
corporate an additional, non-sequential modulation embedding y = MLP(t, c),
where c is the CLIP pooled embeddings [36] of the input text p.

Modulation layers. Each modulation layer regress a scale vector α = MLP⊙(y)
and a shift vector β = MLP+(y) which are applied per-channel over an interme-
diate activations sequence: ẑi = α⊙ zi + β. These modulation layers are applied
before and after each attention and FF layer.

Modulation space. Adding residual directions to the modulation vector, y +
∆attribute, has been shown to provide semantic control over generated images [13];
carefully selected directions can guide the generation process toward specific at-
tributes, such as identity, style, or pose. Moreover, learning distinct directions
for different members of the input sequence results in a disentangled represen-
tation: formally, the per-embeddings modulation is given by ŷi = y +∆attribute
where ŷi is used to modulate zi. Applying different scales and shifts across spe-
cific sequence embeddings can affect individual elements within the image or
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Fig. 3: Method Overview. We extract a visual abstraction set comprising disjoint
elements and inter-relation details from real training images, which undergo varying
levels of geometric augmentation (a). During training, we fine-tune a flow model by
passing these augmented elements into a DiT alongside standard text and image em-
beddings; each augmentation type dictates a learned residual vector that modulates
its corresponding abstraction embedding, while a global coverage score modulates the
image embeddings (b). Finally, during inference, the user can define the specific gener-
ative role of individual abstraction elements (e.g., free use, preserve, or complete) and
adjust the overall abstraction level to constrain the model’s expressiveness (c).

provide global, multi-attribute control. Specifically, the effectiveness of learning
per-embedding modulation has been demonstrated through the manipulation of
text embeddings [13].

4 Method Overview

We propose a self-supervised training framework for a pre-trained text-to-image
flow model that conditioned the image generation process on an additional visual
abstraction set comprised of non-semantic elements. In the following sections, we
detail our data preparation pipeline, the conditioning modifications introduced
during training, and the methods for controlling image generation via these
abstractions during inference.

4.1 Data preparation

The objective of our data preparation pipeline is to pair training images with a
visual abstraction set containing non-semantic elements that collectively define
the image’s appearance. This set may include textures, shapes, spatial relation-
ships between elements, or any other visual elements that provide information
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about the appearance of the image without revealing semantic content. Since
such paired data is expensive to obtain, we propose an auto-decomposition and
augmentation pipeline to extract a proxy for such abstraction sets.

Abstraction set extraction. Given an input training example, we first decompose
it into individual elements. We handle two image formats: i) SVGs which in-
herently store decomposition information as paths or shape primitives, and ii)
standard rasterized images, which require a more involved decomposition pro-
cess using an off-the-shelf segmentation model [40] followed by an inpainting
model [23] to fill occluded regions. The number of decomposed elements per
training example is summarized in Fig. 2b, and individual decomposed exam-
ples are shown in Fig. 2a. Note that while rasterized images feature more diverse
artistic styles and textures compared to vectorized images, they typically con-
sist of more elements, and their decomposition is often suboptimal. For instance,
the flames element of the rasterized rocket (Fig. 2a right) reveal semantic infor-
mation, and the rasterized submarine is possibly over-decomposed, whereas the
SVG decompositions are of higher quality. We later ablate the importance of
each dataset, see Sec. 5.2.

After obtaining the set of disjoint elements, we construct a relation graph
where each edge eij represents an inclusion, intersection, or proximity relation-
ship between two elements, as illustrated in Fig. 3a. We render each inter-relation
edge as a single close-up detailed view, serving as a visual proxy for the relation-
ship between the two parts.

Level of augmentation. To enrich our abstraction proxy and mitigate the effects
of imperfect decomposition, we augment each part in the set using one of three
increasing levels of distraction (Fig. 3a). In the lightest , we provide the segment
at its original fixed location and scale. In the intermediate level, we apply random
rotation and scaling, and place the segment in the center of its layout. In the most
aggressive augmentation, we further omit the segment’s contour information by
applying a random crop. The final abstraction set includes four types of elements:
the three augmentation levels and the complementary extracted relation close-
ups. More implementation details are provided in Section 5.1.

4.2 Training

We fine-tune the Flux.1–dev DiT model [23] over extended sequences that include
embeddings of the abstraction set, given by:

Z = {zitext}
#text
i=1 ∪ {ziimage}

#image
i=1 ∪ {ziabs}

#abs
i=1 , (3)

where #abs is the number of embeddings encoded from the abstraction set (see
colored outline circles in Fig. 3b). The loss function in Eq. 1 remains unchanged.

Per-part modulation. To incorporate the different abstraction types associated
with the elements in the set we optimize modulations residuals parameters. These
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Fig. 4: Level of abstraction. By increasing the coverage, from left to right, we reduce
the number of elements in the generated and images, constraining the model to use
only the abstraction set input (left columns).

residuals are added in a per-embedding manner (as described in Sec. 3): ŷi =
y+∆aug, where ∆aug are the learned residuals associated with the augmentation
type applied to element i. This operation is illustrated in Fig. 3b (right), where
augmentation modulation residuals affect to the corresponding outline color-
matched abstraction set embeddings in the modulation layers.

Coverage score. As shown in Fig. 2, different abstraction sets contain a vary-
ing number of elements A. Consequently, during training, we randomly select
a subset of n elements, where 0 ≤ n ≤ N and N is the minimum between A
and the maximum number of elements that fit into memory. As a result, the
input parts embeddings cover only a fraction ⃝∼ =

n

A
of of the complete set.

We employ DiT’s modulation space to incorporate this coverage score into the
velocity prediction vθ. The continuous value ⃝∼ ∈ [0, 1] is encoded into Fourier
features [48], followed by an MLP that projects these features to the modulation
dimension. As seen in Fig. 3b (bottom-right), these score residuals affect only
the image embedding modulations.

4.3 Enhanced Abstraction Control

During inference, the user provides an abstraction set (Fig. 3c, left). Chang-
ing the abstraction type of individual elements alters their generative role: (i)
Aggressive augmentation (green outline) grants the model freedom to inter-
pret and combine elements loosely (e.g., transforming the blue shape into ele-
phant wheels). (ii) Mid-level augmentation (yellow outline) instructs the model
to strictly preserve the shape within the composition. (iii) Soft augmentation
(red outline) is the most restrictive; the model must maintain the element’s
exact position and generate the surrounding image (third elephant). (iv) Fi-
nally, inter-relation specifications (blue outline) define the spatial relationships
between elements in the generated output.

Flow Less! To control overall adherence to the input abstraction set, the user
can modify the coverage score ⃝∼. As illustrated in Figures 3c (right) and 4,
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Fig. 5: Quantitative analysis. We compare the results of our method when varying
coverage scores, dataset mixes, and abstraction set condition type.

increasing ⃝∼, increases the abstraction level of the generated image, as the flow
model implicitly learns to use less elements outside the provided abstraction set.

5 Experiments

In this section, we demonstrate the effectiveness of our framework through both
qualitative and quantitative evaluations across diverse abstraction sets. We be-
gin by detailing our implementation and data preparation pipeline, followed by
a comprehensive performance analysis. We further compare FlowLess against
state-of-the-art baselines and showcase its utility in creative tasks such as per-
part control, compositional control via inter-relations, and image completion.

5.1 Implementation Details

Rasterized image decomposition. Our decomposition pipeline for rasterized im-
ages proceeds as follows: (i) We extract raw segments from each image by query-
ing the SegmentAnything [40] model on a 128×128 grid followed by non-maxima
suppression. (ii) We construct the relation graph as described in Sec. 4.1. (iii)
We inpaint the occluded regions of each segment by utilizing the relation graph
to define the inpainting mask. Specifically, for segment for segment i, we use
the region of segment j as inpainting mask if it relates to i via intersection or
inclusion.

Inter-relation extraction. Our detail elements are obtained by rendering a cir-
cular crop of a fixed radius for each edge in our relation graph, where the crop
center is sampled along the intersection boundary between the two elements.

Datasets. Our final dataset is composed of 100K SVG illustrations and 50K
synthetic rasterized illustrations. The SVGs were filtered from the MMSVG-
Illustration dataset [61] to include at least three paths. The rasterized illustra-
tions generated using Flux.1–dev from captions generated by Gemini [49].
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“A hovering hummingbird”

“A vintage gramophone”

“A telescope”

“A grand lighthouse by the sea”

SVG Rasterized Mixed SVG Rasterized Mixed

Fig. 6: Training dataset ablation. A FLowless model trained exclusively on SVG
data yields lower-quality images (left columns).Training solely on rasterized data im-
proves text adherence but limits the model’s ability to produce strictly minimalist
compositions (middle results). Our final model (right), trained on a mixed dataset,
demonstrates a superior tradeoff by achieving high image quality while successfully
constraining generation to the input primitives.

Training. We fine-tune the Flux.1–dev flow model for 4K iterations with a learn-
ing rate of 10−4, using a batch size of 512 image–abstraction set pairs where
each set include up to 8 elements. To increase weighting at high timesteps (more
noise), we use a cosine scheduler with log-SNR shift of 2 log(2) [18]. We train
using 64 TPUs-v3 devices with data parallelization and memory-efficient parti-
tioning [38] for both model weights and optimizer states.

5.2 Evaluations

We evaluate our method over 1,000 image samples, generated with various model
configurations and baseline methods. This evaluation set was generated using 100
fixed text prompts and 10 abstraction sets per prompt. The prompts were gener-
ated automatically [49] and consist of simple items such as animals, objects, and
landscapes. Our abstraction sets utilize diverse materials and styles, including
watercolor shapes, marker doodles, ink strokes, vector graphic primitives and
more. Each set consists of 5–8 elements.

Metrics. We measure text alignment of each generated image to its condition text
prompt via the common CLIP score [36]. We measure alignment to the condition
abstraction set via the Chamfer similarity in DINOv2 feature space [6, 34]:

SChamfer(X ,Y) =
1

|X |
∑
x∈X

max
y∈Y

s(x, y) +
1

|Y|
∑
y∈Y

max
x∈X

s(x, y),

Where X and Y are DINOv2 features extracted from the generated image and
the elements of the input abstraction set, respectively; and s(x, y) =

x · y
∥x∥∥y∥

. In-

tuitively, set alignment measures bidirectional similarity: fidelity compares each
generated image feature to its closest counterpart in the abstraction set, while
coverage measures the reverse, mapping abstraction to image features.
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Table 1: Quantitative comparison. Automatic metrics evaluate text alignment
(CLIP score) and set consistency (DINO embedding similarity) between the generated
images and the input text prompt and abstraction set, respectively. For perceptual
human evaluation (User pref.), we report the percentage of times users preferred our
method over the corresponding baseline in a 1-vs-1 setup.

Method Text alignment ↑ Set alignment ↑ User pref.
InstantStyle 0.185± 0.046 0.454± 0.064 78.1 %
OmniControl 0.242± 0.033 0.409± 0.061 88.3 %
DreamO 0.235± 0.033 0.419± 0.062 93.5 %
Qwen-Image-Edit 0.239± 0.029 0.419± 0.067 79.1 %
Flux.2–dev 0.239± 0.029 0.429± 0.062 93.7 %
Flux.2–dev+ MMPE 0.207± 0.043 0.467± 0.078 80.9 %

Ours (Free-use) 0.196± 0.045 0.475± 0.073 74.5 %
Ours (Preserve) 0.172± 0.046 0.495± 0.065 –

Impact of modulation residuals. To evaluate our modulation conditioning, we
repeated the generation process for 1,000 images with coverage scores varying
from 0.1 to 1.0, and adding either preservation or free-use modulation residuals
to the abstraction set embeddings. As shown quantitatively in Fig. 5, varying
the coverage score reveals a tradeoff between text and set alignment. Further-
more, adding the preservation residuals improves set fidelity but decreases text
alignment compared to the free-use residuals. The qualitative examples in Fig. 4
demonstrate this tradeoff where higher coverage scores yield more minimal and
abstract images, e.g., fewer poppies, more abstract dinosaurs and tulips. Finally,
the preservation condition better maintains the geometry of the distinct elements
within the abstraction sets.

Impact of dataset mixture. To isolate the impact of data modality, we evaluated
models trained exclusively on either SVG or rasterized images. The diamond-
marked curves in Fig. 5 reveal a sharp performance degradation for the SVG-
only model, which we attribute to its limited exposure to diverse artistic styles
and materials. Conversely, the model trained only on rasterized images shows
a performance drop when the coverage score exceeds ∼40–50 (square-marked
curves in Fig. 5). This is consistent with the element distribution shown in Fig.
2a; specifically, the rasterized model is exposed to fewer images with low numbers
of elements. Consequently, its ability to abstract and generate meaningful images
from only a few elements is limited. The qualitative results in Fig. 6 illustrate
the same phenomenon: images generated by the SVG-only model are of lower
quality, while the raster-only model is less aligned with the abstraction set. The
mixed-data model achieves superior abstraction and image quality.

Comparisons. To the best of our knowledge, there are no existing methods de-
signed specifically for image generation conditioned on a set of disjoint, non-
semantic visual primitives. Therefore, we compare our framework to state-of-
the-art text-to-image open source baselines capable of conditioning generation
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Fig. 7: Qualitative comparisons. Baseline methods generate high-quality images
that adhere to the text prompt and capture the global style of the input abstraction
set (left). Only our method (right columns) provides explicit abstraction control, yield-
ing minimalist compositions that strictly match the textures (free use) and geometry
(preserve) of the individual input elements under both.

on reference images. InstantStyle [54], DreamO [30], and OmniControl [47] adapt
text-to-image flow models for customized image generation tasks, conditioning
the Flux.1–dev model on style and subject reference images. Additionally, we
compare our approach to Qwen-Image-Edit [58] and Flux.2–dev [24], which are
general-purpose, context-aware flow models trained on a wide range of reference-
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“Tea and a muffin”“A toy train”“An elephant roller 
skating”

“Great Sphinx of Giza” “A pinball machine” “A turtle flying a kite” “Ice cream”PreserveFree use

Fig. 8: Per part control. Our method enables per part abstraction control. On top,
we specify the preservation of a single shape (yellow outline) while other elements
(green outline) are combined freely into the generated image. On bottom we set high
fidelity with respect to all four elements.
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“A cat playing the 
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“A skyscraper”
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“A cow knitting” “A koala painting” “A snail surfing”

“An astronaut”“A policeman” “A minifigure”“A chef” “A superhero” “A football player”“A firewoman”

Fig. 9: Image completion. Our method can complete input drawings (red boxes) to
generate different concepts using additional (optional) abstract elements (bottom).

based image generation tasks. Flux.2–dev optionally utilizes a Multimodal Prompt
Extension (MMPE) model that provides precise descriptions of how each ref-
erence image should contribute to the generated output. Quantitative results
are summarized in Table 1, and qualitative results are presented in Fig. 7. As
shown, images generated by these baselines capture the global style of the input
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Fig. 10: Control by details. Top row in each group shows generation results using
the abstraction elements in green outlines. In bottom rows: providing visual details
(blue outlines) enables further abstraction control over the interrelations within the
images.

set (e.g., marker strokes or pastel textures). However, they struggle to produce
compositions strictly limited to the input abstraction set. In contrast, FlowLess
enables granular control over the alignment with the individual elements of the
abstraction set.

User study. To complement the automatic metrics, we conducted a perceptual
user study with 20 participants (yielding 480 responses) in a two-alternative
forced-choice setup. For each question, users were shown an input abstraction
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set and a text prompt, followed by two generated images (our method vs. a
baseline). They were then asked to select “which image better represents an
abstract visualization of the desired content using the provided visual elements.”
The user preference scores for FlowLess compared to the baselines are reported
in the final column of Table 1. Our method is consistently preferred over all
other baselines, further validating the improved abstraction control achieved by
our approach.

5.3 Additional results

Per-part control. As shown in Fig. 8, our method allows the user to specify the
level of adherence required for individual elements within the abstraction set.
For example, in the top row, we provide a set of ink elements and specify the
preservation of the circular shape across different generations. By increasing the
number of elements to preserve (bottom rows in Fig. 8), the model compose the
input elements while better maintaining their original geometry.

Inter-relations control. In many cases, the appearance of an image is better
realized via the relationships between elements than by the individual parts
themselves. By providing visual details as part of the input abstraction set,
users can specify these inter-relations and further control the final composition
of the generated image. As shown in Fig. 10, adding different visual details to
a fixed set of base elements enables further creative extrapolation as users can
define specific inter-relations between curves, shapes, or materials to influence
the overall look of the image.

Completion. Another creative use case of our method involves applying the
fixed modulation residual , allowing the model to complete the image around it.
Examples of this completion capability are shown in Fig. 9, where we use various
pastel elements to illustrate different buildings constructed around a fixed blue
wavy shape, complete different animals around an egg-like shape, or generate
characters and objects emerging from the same initial strokes.

6 Conclusions

We have introduced FlowLess, a self-supervised framework for granular image
control using a visual abstraction set. Our method enables the construction of
diverse semantic concepts from disjoint visual primitives, offering precise con-
trol over abstraction levels, composition, and image completion. While FlowLess
provides a powerful new paradigm for creative design, it is not flawless; it may
struggle to synthesize concepts that deviate significantly from the provided ab-
straction set or fail to compose complex arrangements.

Looking ahead, we aim to integrate our framework with context-aware, mul-
timodal generative models to enhance semantic reasoning. Another interesting
and challenging future direction would be exploring abstraction control beyond
static images into the temporal video domain—where one might extract and
non-semantic motion styles, animation patterns, or dynamic temporal effects.
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