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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 [528,43|, 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) Training examples from the SVG dataset (left) (b) Distribution over the number of elements
and the rasterized dataset (right). 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 di erent 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 ow 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 ow model via a per-part modulation scheme, FlowLess allows for mixed-
constraint generation, enabling users to rigorously preserve speci c shapes while
allowing the model to interpret others more freely. Our approach enables exi-
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 e ectiveness 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. Di usion and ow-based models [23, 39,
42,45] have demonstrated remarkable capabilities in generating high- delity 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] o er versatile editing capabilities through multi-task con-
textual training, they often struggle with abstract representations that deviate
signi cantly 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 di erent semantics from various input
images. A growing body of work achieves uni ed 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 ne-tunes a dif-
fusion model to compose speci ¢ object categories, such as imaginary characters
or products. While di ering 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 de ned 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
ne-tune low-rank adapters [19] on small datasets [46], or on a few examples
of a speci c style [54,63]. Our approach follows a similar self-supervised logic
by ne-tuning a ow 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 simpli cation 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 di erentiable 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-speci c training or per-instance optimization. In contrast, our
framework introduces a generalizable visual abstraction set. Rather than opti-
mizing xed 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

Recti ed Flow. Flow-based text-to-image generative models [26, 27] are trained
to construct a velocity function v between a random known distribution X4,
e.g., Gaussian noise, to the unknown distribution of natural images X, using
the following loss:
h i
L =Etxopx: kv Xi;tp) (X 1 X o)k2 ; (1)

where t 2 [0;1] is sampled according to a training scheduler function (e.g.
Cosine), p is a text prompt corresponds with the sampled image x X o,
x1 N(O;1) is a sampled noise and X ¢ is given by x = (1 t)x o +1tX ;.

The inference sampling process, starting from x N(O; 1) and conditioned
on text p, is given by integrating the predicted velocity:

z 0
Xo=X1+ V (X¢;t; p)dt (2)
t=1
using any ordinary di erential equation solver (e.g., an Euler solver).

In practice, many ow-based generative models, including the one we use [23],
operate within a compressed latent space [42]. During training, ¥ is encoded
from a real RGB image, and during inference, the nal image is generated by
decoding the sampled % using a pre-trained auto-encoder.

Di usion transformer (DiT). The DIT architecture [35] has become a popu-
lar choice for diusion and ow-based generative models [11, 23,53]. A DIiT
jointly processes a sequence of text and image embeddings, denoted by Z =
fZlex 92 [Z lnage Ot o , Where #text is the number of text embeddings,
encoded from p [37], and #image is the number of image embeddings, patchi-
ed [10] from X;. 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; ¢),

where c is the CLIP pooled embeddings [36] of the input text p.

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

Modulation space. Adding residual directions to the modulation vector, y +
atibute , has been shown to provide semantic control over generated images [13];
carefully selected directions can guide the generation process toward speci ¢ at-
tributes, such as identity, style, or pose. Moreover, learning distinct directions
for di erent members of the input sequence results in a disentangled represen-
tation: formally, the per-embeddings modulation is given by # =y +  auribute
where ¥ is used to modulate z. Applying di erent scales and shifts across spe-
ci ¢ sequence embeddings can a ect individual elements within the image or
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(a) Data preparation (b) Training

(c) Inference

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 ne-tune a ow 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 de ne the speci c 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. Speci cally, the e ectiveness 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
ow 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 modi cations 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 de ne
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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