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Abstract

We introduce Z-SASLM, a Zero-Shot Style-Aligned SLI
(Spherical Linear Interpolation) Blending Latent Manip-
ulation pipeline that overcomes the limitations of current
multi-style blending methods. Conventional approaches
rely on linear blending, assuming a flat latent space lead-
ing to suboptimal results when integrating multiple refer-
ence styles. In contrast, our framework leverages the non-
linear geometry of the latent space by using SLI Blending
to combine weighted style representations. By interpolat-
ing along the geodesic on the hypersphere, Z-SASLM pre-
serves the intrinsic structure of the latent space, ensuring
high-fidelity and coherent blending of diverse styles—all
without the need for fine-tuning. We further propose a
new metric, Weighted Multi-Style DINO VIT-B/8, designed
to quantitatively evaluate the consistency of the blended
styles. While our primary focus is on the theoretical and
practical advantages of SLI Blending for style manipula-
tion, we also demonstrate its effectiveness in a multi-modal
content fusion setting through comprehensive experimental
studies. Experimental results show that Z-SASLM achieves
enhanced and robust style alignment. The implementa-
tion code can be found at: https://alessioborgi.github.io/Z-
SASLM.github.io/.

1. Introduction

Text-to-image generation has advanced rapidly, moving
from GANs[1] and its numerous variants[2–7] to power-
ful diffusion-based models [8, 9]. The rapid development
of large-scale text-to-image (T2I) models such as DALL·E
[10], MidJourney [11], Stable Diffusion [12] and others
[13–15] has revolutionized creative industries by enabling
the generation of high-quality, diverse visual outputs from
textual descriptions. Despite these advances, achieving con-
sistent Style Alignment—the ability to maintain a coherent
visual style across multiple generated images—remains a
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Figure 1. Medieval-Cubism SLI Blending (2-styles)

significant challenge. For example, a designer aiming to
blend the distinct aesthetics of cubism and baroque across
visuals must often resort to fine-tuning models on specific
styles. This approach limits the blending of the styles
present in the fine-tuning dataset and confines current meth-
ods to single-style references.

In this work, we propose a novel Z-SASLM architecture
based on Spherical Linear Interpolation (SLI) Blending ap-
proach for multi-reference style conditioning, a technique
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able to interpolate along the geodesic on the hypersphere,
preserving the image manifold’s geometric properties and
ensuring smooth, coherent blending between styles. Impor-
tantly, our method eliminates the need for fine-tuning, en-
abling zero-shot style alignment directly during generation.

Paper Contributions. Our main contributions are the
following:

• Z-SASLM architecure based on SLI Blending for Multi-
Reference Style Conditioning: We introduce a SLI-based
blending technique that leverages the latent space’s non-
linear geometry to combine multiple reference-style im-
ages in a weighted manner. This approach overcomes the
limitations of linear blending and bypasses the need for
fine-tuning.

• Weighted Multi-Style DINO VIT-B/8 Weighted Metric:
We propose a new metric designed to evaluate the consis-
tency of the style in a set of generated images, effectively
quantifying the contributions of multiple blended styles.

• Multi-Modal Content Fusion Ablation: We conduct com-
prehensive ablation studies using multi-modal content fu-
sion—integrating image, audio, and other modalities—to
validate the improvements in style alignment even in a
multi-modal setting.

2. Related Work

Style Alignment in Text-to-Image Models. Despite sig-
nificant advances by models such as DALL·E [10], Sta-
ble Diffusion [12], and Imagen [8], achieving consistent
style alignment remains a challenging task. Most state-of-
the-art T2I models are designed for single-image genera-
tion and optimized for a single style reference, often re-
sulting in inconsistencies when generating a series of im-
ages. Early approaches to style alignment can be broadly
divided into Fine-Tuning-Based and Latent Space Manip-
ulation methods. Fine-tuning techniques, like StyleDrop
[16] and DreamBooth [17], require adapting the model to
specific styles, which is computationally intensive, restricts
the range of achievable styles, and limits scalability. La-
tent space manipulation methods, exemplified by StyleGAN
[18] and Style-FiT [19], enable zero-shot style transfer
but are predominantly designed for single style adaptation
and often struggle with content-style disentanglement when
blending multiple styles. In essence, while these methods
generate individual images conditioned on a style reference,
they do not enforce uniform style consistency across a set of
generated images—as if they were all created by the same
artist. Approaches such as StyleAligned[20] is the most
similar approach to our idea, using shared attention mech-
anisms to enforce style consistency in a zero-shot manner;
however, they remain confined to a single style reference
and do not support weighted blending of multiple styles.

Multi-Reference Style Blending. Traditional methods to
blend multiple reference styles, such as those employed in
StyleGAN2-ADA [21], permit style mixing by directly ma-
nipulating the latent space. This primarily relies on sim-
ple linear combinations designed for GAN-based architec-
tures. This approach suffers from several limitations: it
assumes a flat (Euclidean) latent space that fails to cap-
ture the curved geometry of high-dimensional representa-
tions, often resulting in abrupt transitions, artifacts, and in-
coherent style mixtures. In contrast, our work introduces
a multi-reference-weighted style blend framework tailored
to diffusion-based models, with at its core, SLI Blending,
which interpolates along the geodesic on the hypersphere.
This approach preserves the intrinsic structure of the latent
manifold, ensuring that the weighted combination of style
representations remains within a semantically meaningful
region. By overcoming the inherent limitations of conven-
tional, linear-based methods, our SLI Blending technique
achieves a high-fidelity, coherent fusion of diverse styles,
enabling smooth and consistent multi-style integration.

Multi-Style Consistency Evaluation. Evaluating the
consistency of blended styles poses unique challenges.
While metrics such as DINO ViT [22] have been success-
fully employed to assess style consistency, they are typi-
cally tailored to single-style scenarios and do not account
for the nuances of weighted multi-style blending. To this
end, we propose the Weighted Multi-Style DINO VIT-B/8
metric, an enhanced evaluation tool that extends traditional
DINO ViT metrics to effectively quantify the coherence and
contribution of multiple blended styles.

3. Method Overview
The Z-SASLM architecture, illustrated in Fig. 2, consists
of three primary modules—Reference Images Encoding &
Blending, Text Encoding, and the StyleAligned Image Gen-
eration process—augmented by an optional Multi-Modal
Content Fusion module. When this optional module is not
employed, a simple caption (denoted as Single-Content Tex-
tual prompt) indicating the desired scene we want to gener-
ate can serve as a substitute. The Multi-Modal Content Fu-
sion module, on the other hand, provides a Multi-Content
Textual Prompt that can aggregate diverse inputs such as
images, audio, music, and weather data. It utilizes T5-
based rephrasing to merge these modalities into a unified
textual prompt, which is then forwarded to the Text En-
coding module. Here, the prompt (either coming from the
Multi-Modal Content Fusion module or from a simple cap-
tion) is tokenized and encoded using CLIP, producing em-
beddings for both positive and negative prompts. In parallel,
the Reference Image Encoding & Blending module extracts
latent vectors from multiple reference styles via a VAE en-
coder. These latent vectors are blended using our proposed
SLI (Spherical Linear Interpolation) Blending approach. Fi-
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