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Figure 1. Given a prompt, SliderSpace identifies the principal directions of the visual capabilities of a diffusion model by decomposing the

image distribution over the prompt. By manipulating these directions as sliders, users can control and combine them to explore the creative

possibilities of the model. We visualize the top directions discovered by SliderSpace within Flux Schnell [4] for the concept “Toy”.

Abstract

We present SliderSpace, a framework for automatically de-
composing the visual capabilities of diffusion models into
controllable and human-understandable directions. Un-
like existing control methods that require a user to spec-
ify attributes for each edit direction individually, Slider-
Space discovers multiple interpretable and diverse direc-
tions simultaneously from a single text prompt. Each di-
rection is trained as a low-rank adaptor, enabling compo-
sitional control and the discovery of surprising possibil-
ities in the model’s latent space. Through extensive ex-
periments on state-of-the-art diffusion models, we demon-
strate SliderSpace’s effectiveness across three applications:
concept decomposition, artistic style exploration, and di-
versity enhancement. Our quantitative evaluation shows
that SliderSpace-discovered directions decompose the vi-
sual structure of model’s knowledge effectively, offering in-
sights into the latent capabilities encoded within diffusion
models. User studies further validate that our method pro-
duces more diverse and useful variations compared to base-
lines. Our code, data and trained weights are available at
sliderspace.baulab.info

1. Introduction
Text-to-image diffusion models are capable of generating

remarkable visual variations from a single prompt through

different random initializations. However, this vast creative

potential remains largely opaque to users—while we can

generate diverse images, we lack understanding of the un-

derlying structure of these variations. This presents a fun-

damental challenge: how can we discover and expose the

latent visual capabilities encoded within these models?

The challenge touches on a key limitation in how we in-

teract with diffusion models today. Current control meth-

ods require users to explicitly specify their desired edits in

advance through prompts [16], reference images [8, 24, 29,

41, 42, 52], or attribute vectors [20, 21, 30, 32, 46, 50]. That

contrasts sharply with natural human creative workflows,

where artists dynamically explore creative ideas and jointly

refine them toward meaningful artistic outcomes [23]. The

need for pre-specified controls creates a barrier between

users and the full creative potential of these models.

Interestingly, earlier generative models like GANs [6,

17, 28] naturally developed more interpretable internal

structures. Their compact latent spaces often exhibited
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emergent disentanglement [19, 35, 45, 47], enabling con-

tinuous and compositional control over generated images.

Users could explore these spaces to discover interesting

variations that would be difficult to describe in words [47],

then combine them to achieve their creative goals [18].

Diffusion models have largely superseded GANs in con-

ditional image synthesis [11], achieving greater diversity

through much higher-dimensional latents. And yet an un-

derstanding of the underlying structure of these larger la-

tent spaces has remained elusive. In this work, we ask a

fundamental question: Can we automatically discover the
visual structure within a diffusion model’s knowledge of a
concept? Rather than requiring user-specified controls, we

aim to decompose the model’s internal representations into

expressive directions that users can explore and combine.

To address these needs, we present SliderSpace, a

framework that brings systematic explorability to diffusion

models. Given just a text prompt, SliderSpace discovers a

canonical set of meaningful, diverse, and controllable direc-

tions within the model’s knowledge of that concept. Each

direction is implemented as a low-rank adapter [24] that can

be scaled and composed with others, allowing users to ex-

plore and smoothly combine different aspects of variation,

as shown in Figure 1.

We ground SliderSpace discovery in three key require-

ments for meaningful decomposition of a diffusion model’s

visual manifold:

1. Unsupervised Discovery: The decomposition process

should emerge from the intrinsic structure of the model’s

learned representation, rather than being guided by pre-

defined attributes. This ensures we capture the true

topology of the model’s knowledge space rather than

projecting our assumptions onto it.

2. Semantic Orthogonality: Each discovered control must

represent a distinct semantic direction. This is enforced

in a semantic feature space, like CLIP, where every slider

has an orthogonal effect in embeddings. This prevents

discovering multiple controls that create similar seman-

tic effects [15, 33, 47], making the system more efficient.

3. Distribution Consistency: Directions must induce con-

sistent transformations across both random seeds and

prompt variations.

These requirements naturally lead to our proposed

framework, which we formalize in Section 4. As we show

in our experiments, SliderSpace is architecture-agnostic,

working with both conventional U-Net based models like

Stable Diffusion [34, 37, 40, 43, 51] and recent transformer-

based architectures like Flux [4].

We demonstrate the expressiveness of SliderSpace

through three applications: First, we show how SliderSpace

can decompose high-level concepts into diverse and expres-

sive components, revealing the natural axes of variation

in the model’s understanding. Second, we explore artistic

style variation, where SliderSpace discovers directions that

match or exceed the diversity of manually curated artist lists

while being judged more useful by human evaluators. Fi-

nally, we show how SliderSpace can help reverse the mode

collapse commonly observed in distilled diffusion models,

restoring diversity while maintaining generation speed.

Beyond providing practical creative control, SliderSpace

opens new avenues for understanding and utilizing the la-

tent capabilities of diffusion models. By mapping these

models’ visual potential into intuitive, composable direc-

tions, we take a step toward making their creative possibili-

ties more accessible and interpretable to users.

2. Related Works
Recent text-to-image diffusion models have demonstrated

remarkable capabilities in generating diverse visual con-

cepts [40]. While newer foundation models enhance text-

image alignment through LLM-generated captions [13, 26],

the fundamental challenge remains: text-conditioned gener-

ation is inherently under-determined, with multiple distinct

outputs potentially satisfying the same prompt, making pre-

cise control challenging.

Prior work has explored various approaches to enhance

generation control. One direction introduces additional con-

ditioning modalities: spatial signals via adapters (Control-

Net [52]), attention-based regional control [8], and image-

based conditioning for identity preservation [30, 46, 50] or

style transfer via attention manipulation [21]. Another line

of research focuses on refining existing images through dis-

entangled text-driven editing [5, 7, 10, 32, 48, 49], where

specific attributes are modified while preserving others, of-

ten using spatial masks. However, these text-driven ap-

proaches inherit the same under-determination challenges

as the base models.

Notably, disentangled control has been more naturally

achieved in GANs [17], particularly through StyleGAN’s

low-dimensional latent space [28], which exhibits emergent

disentanglement even at scale [27]. This has enabled pow-

erful latent space and image editing capabilities [1, 2, 47].

While diffusion models offer superior generation quality

and diversity, they lack two key advantages of GANs’ latent

space: continuous, compositional edits and emergent dis-

entanglement. This limitation prevents users from making

serendipitous discoveries about visual variations captured

in the training data, instead constraining them to variations

they can explicitly describe through prompts.

Recent works have explored different approaches to dis-

covering interpretable directions in diffusion models. The

weights2weights method [12] learns a manifold of per-

sonalized model weights by fine-tuning individual LoRA

adapters for each identity and applying PCA to discover a

weight space that enables editing. While effective, this re-

quires training separate models per instance. NoiseCLR [9]
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learns text embeddings through contrastive learning on a

data distribution, but the discovered directions can be arbi-

trary and lack semantic interpretability. Similarly, Liu et al.

[31] propose unsupervised decomposition of images into

compositional concepts by learning multiple embeddings,

but their approach often yields redundant or non-semantic

directions. In contrast, our work directly learns a small set

of semantically grounded sliders that decompose the dis-

tribution into interpretable and composable directions, en-

abling infinite creative variations through systematic explo-

ration of the visual manifold.

Concept Sliders [16] addressed continuous control by

leveraging LoRA adaptors [24] to learn user-defined at-

tributes. Our work complements this by tackling emergent

disentanglement through self-supervised decomposition of

the model’s inherent variations into composable control di-

mensions, enabling systematic exploration of the model’s

creative capabilities.

3. Background
3.1. Latent Diffusion Models
State-of-the-art text-to-image diffusion models [4, 34, 38,

39] often belong to the class of latent diffusion. Unlike tra-

ditional diffusion models that operate in pixel space, latent

diffusion models work in a compressed latent space, offer-

ing significant computational advantages [40]. The diffu-

sion modelling can be formalized as follows:

Let x0 be an initial image and xT be pure Gaussian

noise. The forward diffusion process gradually adds noise

to the image. The generative process aims to reverse this

diffusion, starting from xT and progressively denoising to

reconstruct x0. At a timestep t the model takes xt as input

and predicts a noise εt such that the next step xt−1:

xt−1 ← xt −
√
1− αtεt√
αt

(1)

We can estimate the final image x̃0,t by taking the same

direction εt for remaining diffusion steps. This can be

achieved by recursively applying the denoising from Equa-

tion 1 with the same direction. We label this “Final Image

Extrapolation”:

x̃0,t ←
xt −

√
1− ᾱtεt√
ᾱt

. (2)

This enables us to visualize the final image x̃0,t that the dif-

fusion model is planning of at each timestep t without actu-

ally running denoising forward passes through all timesteps.

3.2. LoRA: Low Rank Adaptors
Low-rank adaptator (LoRA) [24] are a class of light-weight

adaptors that are attachable to the weights of the model.

Given a pre-trained model layer with weights W0 ∈ R
d×k,

LoRA decomposes the weight update ΔW as:

ΔW = BA, B ∈ R
d×r, A ∈ R

r×k, (3)

where r � min(d, k) is a small rank that constrains the

update to a low-dimensional subspace. This decomposition

allows for efficient parameter updates and has shown suc-

cess in various downstream tasks. However, the application

of LoRA to unsupervised discovery of semantic directions

in diffusion model weight space remains unexplored.

4. Method

We present SliderSpace, a framework for decomposing a

diffusion model’s visual capabilities into semantically or-

thogonal control dimensions (Fig. 1). Given a pre-trained

text-to-image diffusion model θ and a prompt c, our goal is

to discover n independent directions that capture the princi-

pal modes of variation in the model’s learned distribution.

4.1. Problem Formulation

Let Mθ(c) denote the manifold of possible images that

model θ can generate for prompt c. We aim to identify a set

of controllable directions {Ti}ni=1 that: (1) span the major

modes of variation in Mθ(c), (2) maintain semantic consis-

tency across different initializations, and (3) are mutually

orthogonal in semantic space.

Building on recent advances in model adaptation [16],

we formulate each control dimension as a LoRA adap-

tor [24], updating Ti, where i ∈ {1, ..., n}. These

lightweight adapters introduce targeted modifications to the

model’s cross-attention layers, enabling precise control over

specific generative attributes.

4.2. SliderSpace: Unsupervised Visual Discovery

SliderSpace discovery process consists of three key steps as

depicted in Figure 2:

Distribution Sampling First, we generate a diverse set of

samples {xj}mj=1 from Mθ(c) by varying the random seed

(for stability, m ≈ 5000). For each sample, we extract the

estimated final image x̃0,t at each timestep t using Eq. 2.

Semantic Decomposition We map each sample to a se-

mantic embedding space, like CLIP, φ(x̃0,t) and compute

the principal components V = {vi}ni=1 of the resulting

distribution. These components represent orthogonal direc-

tions of maximal variation in semantic space:

V = PCA({φ(x̃0,t)}j,t) (4)
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Figure 2. Given a prompt, SliderSpace first generates images and extracts the CLIP features. We then compute the spectral decomposition

of the CLIP features and align the each slider with extracted principle components. Each slider is therefore trained to represent a unique

semantic direction that are relevant in the diffusion model’s knowledge of the prompt.

Slider Training For each principal direction vi, we train

a corresponding adapter Ti to induce transformations that

align with vi in semantic CLIP space. The training objective

for each slider is:

Lsliderspace =

n∑

i=1

1− cos(Δφi, vi), (5)

where Δφi = φ(x̃i
0,t)− φ(x̃0,t) represents the transforma-

tion induced by slider i in embedding space and x̃i
0,t is the

estimated final image with the slider Ti attached. This en-

sures that each slider’s effect is semantically aligned with

its corresponding principal direction while maintaining or-

thogonality with other sliders, building on established work

showing that embedding differences encode semantic rela-

tionships [15, 33].

Our formulation satisfies the three key requirements out-

lined in Section 1. First, unsupervised discovery is achieved

by deriving directions directly from the model’s intrinsic

variation through PCA in a semantic embedding space,

without imposing predefined attributes or external supervi-

sion. Second, distribution consistency is enforced by our

training objective Lsliderspace, which ensures each slider’s

transformation maintains consistent direction in embedding

space across different seeds and timesteps. Finally, seman-

tic orthogonality is guaranteed through the PCA-based ini-

tialization of directions as each principal components are

mutually orthogonal, ensuring each slider captures a distinct

mode of variation. Together, these components enable the

discovery of interpretable and reliable control dimensions

that effectively decompose the model’s learned distribution.

In majority of this paper, we use CLIP [36] as our primary

semantic encoder.

4.3. Interpretability & Control

SliderSpace provides a dual contribution: it serves as both a

framework for discovering expressive dimensions of control

and as a mechanism for decomposing the model’s learned

concept space into semantically meaningful components.

Each adapter functions as a “slider” controlling a specific

attribute of the generated image, enabling fine-grained ma-

nipulation of the output while maintaining semantics.

The resulting set of adapters provides valuable insights

into the model’s conceptual understanding, revealing nu-

anced semantic relationships that may not be immediately

apparent from the text prompt alone.

Moreover, the low-rank structure of our adapters en-

sures computational efficiency and minimal memory over-

head, making them particularly suitable for real-time inter-

active applications. This enables users to explore the con-

cept space dynamically by modulating the influence of each

adapter, facilitating intuitive creative control over the im-

age generation process while maintaining the underlying se-

mantic integrity of the original prompt.

5. Experiments

We conduct our main experiments to evaluate SliderSpace

using SDXL-DMD [51], a 4-step distilled diffusion model.

Our implementation requires less than 24GB VRAM and

can discover 64 semantic directions in under 2 hrs on a sin-

gle A100 GPU. When concepts exhibit severe mode col-

lapse, the discovery process can be enhanced by generat-

ing data using undistilled base models or LLM-expanded

prompts for increased sample diversity. We demon-

strate SliderSpace’s generalization to SDXL [34], SDXL-

Turbo [43], and transformer-based FLUX Schnell [4] in

appendix. Our analysis focuses on three key applications:
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Figure 3. SliderSpace decomposes the visual variation of diffusion model’s knowledge corresponding to a concept. These directions can

be perceived as interpretable directions of the model’s hierarchical knowledge. We show the decomposed slider direction for a concept

using SliderSpace and the corresponding labels generated by Claude 3.5 Sonnet.

concept decomposition, art styles exploration, and diversity

enhancement in distilled models.

5.1. Concept Decomposition

We first demonstrate how SliderSpace can serve as an ex-

ploratory tool by decomposing high-level concepts into se-

mantic directions that align with the diffusion model’s inter-

nal representations. Summarizing and exposing the domi-

nant variations a model is capable of for a particular prompt.

Given a concept prompt (e.g., ”picture of a monster”),

we discover SliderSpace directions.Figure 3 shows discov-

ered sliders for “Monster”, and “car” concepts. We label

the sliders using Claude 3.5 Sonnet [3] by showing multiple

image pairs showing the effect of each slider and prompt-

ing to identify the semantic transformation being applied.

Through these discovered directions, we demonstrate the

manipulation of individual attributes. As these directions

are intended to capture the model’s visual possibilities for

a prompt, we naturally ask the question, “How much vari-
ation is enabled by these directions?”. To quantitatively

evaluate the diversity enabled by SliderSpace against base

model, we compute DreamSim [14] distance to measure

inter-image variation across 2500 generated samples per

concept (Figure 4). For SliderSpace-augmented generation,

we generate the images by randomly activating a sparse sub-

set of 3 sliders (out of 32 discovered directions) for each

generation. Our analysis reveals that SliderSpace-generated

samples exhibit significantly higher inter-image diversity

compared to the baseline model outputs. We measure the

CLIP-Score [22] between the input prompts and the gener-

ated images to measure text-alignment with the prompt. We

find that they have similar CLIP Scores to the images gen-

User Study (Win Rate %)
Method vs. “Diverse” “Useful” “Creative”

SDXL-DMD 72.4 66.0 68.1

LLM + SDXL-DMD 62.5 62.5 62.5

SDXL 65.3 61.2 59.2

Table 1. Users perceive SliderSpace generated images to be more

diverse, useful, and interesting. We show win-rate percentages of

SliderSpace samples against baselines.

erated by the base model. This suggests that SliderSpace

effectively expands the achievable variation in the model’s

knowledge, while maintaining semantic consistency. To

validate our findings through human perception, we con-

ducted pairwise comparisons of image grids generated by

SliderSpace versus baseline methods. As shown in Table 1,

users consistently preferred SliderSpace outputs across di-

versity, utility, and creative potential.

5.2. Art Styles Exploration

We also evaluate to what degree SliderSpace can expose

“all” of the art styles that the diffusion model has learned

from its training data. As a proxy for “all”, we use a di-

verse set of art styles, manually discovered and documented

by ParrotZone [25]. We explore the visual artistic space

by decomposing the prompt “artwork in the style of a fa-

mous artist” into 64 directions. This process enables us to

discover the SliderSpace of art and create a comprehensive

dictionary of discoverable art styles in a diffusion model.

To compare how this measures up against supervised

methods like Concept Slider [16], we train 64 manu-

ally curated concept sliders using LLM generated training
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prompts. We compute FID scores against the generated

samples conditioned on actual artist names from Parrot-

Zone [25] dataset. The dataset contains 4388 artists mim-

icked by SDXL, are discovered through exhaustive manual

search. We also establish two other baselines. First, we use

GPT/Claude to generate 4388 different artistic style names

(e.g., “cubism”, “Warhol”). Second, we use a generic

prompt like “[subject] in the style of a famous artist”. Using

our discovered SliderSpace, we randomly sample a sparse

set of 3 sliders to generate an equivalent number of images.

Specifically, for each baseline, we match the provided sam-

ples of [25] by creating two images per style for “building

landscape” and “character portraits” each (total of four im-

ages per style) to ensure same semantic structure across the

datasets and that FID measures the artistic spread. Figure 5

shows random, non-cherry picked images from all the meth-

ods and their corresponding FID scores. We find that Slid-

erSpace generates a distribution significantly more closely

matches the manually curated artist names than the base-

lines, including supervised methods like Concept Sliders.

Figure 6 shows qualitative comparison of art styles discov-

ered by SliderSpace and styles discovered manually [25].

To validate the practical utility of our “artistic” Slider-

Space, we conduct a user study examining both usefulness

and diversity of generated samples (Table 2). We conduct

comparitive study with 2 grids of 9 images (total of 1000

pairs), one with slider generated images and other with

baselines. Users find the SliderSpace-generated images are

far more diverse and useful than the baseline methods. We

also find that users would prefer using SliderSpace images

over images prompted with the real artist names [25], while

finding these both to be equally diverse. We provide user-

study details and qualitative examples in Appendix.

5.3. Diversity Enhancement
Finally, we explore SliderSpace’s ability to addressing

mode collapse in distilled models. Instead of discovering

SliderSpace for narrow distributions, we train it on a larger

spread of 8000 randomly selected COCO-30k prompts and

enhance them with LLM. We use DMD model for gener-

User study (win rate %)
Method “Diverse” “Useful”

vs. Real Artist Prompts [25] 54 63

vs. LLM Prompts 73 67

vs. Generic Prompts 87 88

Table 2. Pairwise comparison user study (win rates in %) reveals

that SliderSpace-extracted artistic styles achieve comparable di-

versity to manually curated artist [25], while being significantly

preferred for creative utilization.

Method FID-30k (↓) CLIP (↑)
Real - 30.14

SDXL 11.72 29.41

SDXL-DMD 15.52 28.92

DMD-SliderSpace 12.12 29.13

Table 3. SliderSpace trained on larger range of knowledge can

improve the diversity of the distilled models (FID) while having a

good text-image alignment (CLIP).

ating training dataset since we wish to undo mode collapse

of DMD models. We discover a generic SliderSpace of 64

sliders that captures the generally applicable visual varia-

tions within SDXL-DMD. Figure 7 showcases qualitative

examples of two distributions for the prompts “Car driving

through a forest” and “Picture of a person”. We demon-

strate how generating images by randomly sampling from

these SliderSpace directions effectively increases output di-

versity. This demonstrates that the mode collapse in dis-

tilled model can be reversed by discovering and exploring

the visual structure. We show more examples in appendix.

In Table 3, we evaluate this improvement by measuring

FID and CLIP scores on all COCO-30k prompts before and

after applying SliderSpace to SDXL-DMD. We find that

DMD-SliderSpace improves FID from the distilled version,

almost matching the FID of undistilled SDXL.

5.4. Slider Transferability

Using FaceNet [44] as the semantic encoder, we train Slid-

erSpace on the concept “person” and discover interpretable
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Figure 5. SliderSpace demonstrates broader artistic style coverage, as evidenced by the lower FID scores compared to both supervised

Concept Sliders. Comparison of artistic style diversity using FID scores against reference distribution (a) derived from the complete artist

dataset [25]. We compare against outputs from (b) generic art prompts (b), (c) LLM-generated art prompts, and (d) Concept Sliders.
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Elenore Abbott Miki Asai

Edward GoreyWayne Barlowe

Figure 6. Comparison of artistic styles discovered in SDXL-DMD: (Left) Representative samples from artist-specific prompts manually

curated by the Parrotzone community [25] through extensive exploration. (Right) Automatically discovered artistic directions using Slid-

erSpace, which captures diverse and semantically meaningful variations without requiring explicit artist references.

directions controlling attributes like appearance and age

(Figure 8). These directions not only transfer effectively to

related concepts like “police” and “athlete” but also general-

ize surprisingly well to out-of-domain concepts like “dog”,

suggesting that SliderSpace captures fundamental visual

transformations in the model’s knowledge space.

Additional experiments analyzing hyperparameter

choices (App. B.2), alternative semantic embeddings

(App. B.1), and ablation studies (App. E) are in Appendix.

6. Limitations

Our method can work with several semantic embeddings

- each encoder might introduce different inherent biases

present in its training data. While these embeddings en-

able semantic consistency, they may not capture certain

culturally-specific or nuanced concepts. This highlights the

need for application specific semantic embedding choice.

The current discovery process requires ≈ 65 mins on A100.

We note that our method trains 8 times faster than Concept

Sliders for same number of sliders. To further optimize, it

opens avenues for future research into training time opti-

mizations. For art style discovery, the discovered directions

are not one-to-one matched with the real artists, this can be

limiting based on users’ application. Further work can ad-

dress discovery that nudges the directions to be aligned with

real artists.

7. Conclusion

SliderSpace is a simple framework that automatically de-

composes diffusion models’ capabilities into semantically

meaningful and controllable directions. By leveraging spec-

tral decomposition in semantic space combined with low-

rank adaptation, our method enables systematic exploration

of a model’s latent creative space without requiring manual
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Figure 8. SliderSpace directions for the “person” concept successfully generalize to related “police” and “athlete” concepts. They also

transfer to out-of-domain concepts like “dog”

attribute specification. Through extensive experiments, we

demonstrated SliderSpace’s effectiveness across three key

applications. First, our concept decomposition revealed in-

terpretable variations within the model’s knowledge repre-

sentation, enabling fine-grained control while maintaining

semantic consistency. Second, our exploration of artistic ca-

pabilities showed that SliderSpace can discover directions

matching or exceeding the diversity of manually curated

artist lists, while being rated more useful by human eval-

uators. Finally, we demonstrate how SliderSpace can help

address mode collapse in distilled diffusion models, restor-

ing diversity while preserving computational efficiency.

The ability of SliderSpace to uncover interpretable direc-

tions suggests that diffusion models may develop structured

internal representations of visual concepts during training,

without explicit supervision. By mapping these models’

vast creative potential into intuitive, composable directions,

our work takes a step toward making their capabilities more

transparent and accessible.
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