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Overview

In this supplementary material document, we provide ad-
ditional implementation and experimental details to ensure
the full reproducibility (Section A). We also provide ad-
ditional analyses and qualitative examples of our linear
editing approach, along with experiments on an additional
dataset (Section B).

A. Reproducibility

Code and the NoiseZoo dataset are available here. Full im-
plementation details are also available in the code reposi-
tory.

A.1. NoiseZoo construction details

We constructed the NoiseZoo dataset by extracting latent
representations for all 19,867 images in the CelebA [4] val-
idation split, without any filtering. The dataset includes la-
tents from three Stable Diffusion variants (SD 1.5, SD 2.1,
and LCM [5, 10]), two CLIP variants (ViT-B/16 and ViT-
L/14) [8], two OpenCLIP variants with the same architec-
tures [6], and DINOv3 (ViT-L/16) [12]. Additionally, the
NoiseZoo dataset was randomly split into 15,893 training
samples and 3,974 test samples.

Stable Diffusion latents. Latent representations for diffu-
sion models were obtained via DDIM inversion using the
HuggingFace diffusers library. All images were center-
cropped and bilinearly resized to 512x512 prior to inver-
sion. Inversion was performed with an empty text prompt,
classifier-free guidance enabled, a guidance scale of 3.5 and
a fixed random seed (42). SD 1.5 and SD 2.1 were in-
verted with 50 DDIM steps, while LCM used 150 steps and
a DDIMScheduler (as the default LCM scheduler is DDPM-
based and does not support inversion). For all Stable Diffu-
sion models, we saved only the initial latent obtained from
the inversion procedure. All Stable Diffusion latents have
shape (4, 64, 64) and are flattened before all the experi-
ments.

*These authors contributed equally to this work.
Corresponding author: roybe@campus.technion.ac.il
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Figure 1. Editing in different latent spaces. The figure compares
linear attribute editing across three latent spaces: two diffusion
models and CLIP. The diffusion latents preserve the structure of
the original image, so shifting along an attribute direction produces
a modified version of the same image. In contrast, CLIP’s latent
space is not invertible to the pixel domain, so reconstruction yields
a newly synthesized image that matches the target attribute but
does not reconstruct the input. This highlights the trade-off: CLIP
offers strong semantic control but poor original image faithfulness.

Encoder latents (CLIP, OpenCLIP, DINO). Encoder-
based representations were obtained by passing each orig-
inal CelebA image through the corresponding model us-
ing the model’s default preprocessing pipeline. For DI-
NOv3 (ViT-L/16), images were center-cropped and resized
to 224x224 before encoding. No additional normalization
was applied. The embedding dimensions for each model
are:

CLIP ViT-B/16: 512

CLIP ViT-L/14: 768

* OpenCLIP ViT-B/16: 512

OpenCLIP ViT-L/14: 768

DINOv3 ViT-L/16: 768

Encoder embeddings were not normalized to unit norm.

A.2. Experimental details

Classification in latent space. For each feature set, the lin-
ear classifier consisted of a PCA projection, standard scal-
ing, and an attribute-wise logistic regression stage. PCA
was applied first (500 components for generative models
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Figure 2. Quantitative editing tests. All measures are presented as a function of the edited attribute intensity, a normalized measure
derived from the distance between the resulting latent and the appropriate classifier’s decision plane. Edits are performed on SD 1.5 latents.
Note that an x-axis value of 0 does not indicate no editing, but corresponds to editing the latent to the classifier’s decision plane. Cosine
similarities are measured between CLIP ViT-L/14 embeddings. (a) Cosine similarity between an edited image and the original image. (b)
Cosine similarity between an edited image and CLIP text embeddings of the attribute’s name.
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Figure 3. Classification AUC. Left: CelebA across different latent spaces. Right: AFHQ binary classification using SD 1.5 latents (AUC

values).

and 310 for encoders), followed by standard scaling. Then,
for each of the 40 attributes, a separate linear classifier
was trained using scikit-learn’s LogisticRegression with the
saga solver, L2 regularization, a maximum of 25 iterations,
and 30 parallel jobs. Each attribute’s model forms one row
of the overall weight matrix, with its corresponding bias
term in the bias vector.

Cross-space transfer. We used ridge regression (scikit-
learn’s Ridge class) to learn a linear mapping between latent
representations. The model was trained on paired samples
in the training set, and evaluation (reported in Table 2 in the
paper) was performed by applying a classifier trained in the
target space to the translated test representations.

To ensure consistent regularization across different latent

representations, the ridge penalty was scaled by the energy
of the source features. The effective ridge penalty was set

Xource || . ..
to Qo = a%, where « is the base regularization
parameter, X ource 1S the source feature matrix and d is its
dimensionality. We used o = 1.0 in the reported results.

Shared latent spaces. The splits marked as X 1-X5 in Fig-
ure 6 in the main paper are as follows:

* X1:SD 2.1, LCM, CLIP B/16, DINOv3

X2:SD 1.5, LCM, OpenCLIP B/16, DINOv3

X3:SD 1.5, SD 2.1, CLIP L/14, OpenCLIP B/16
X4:SD 1.5, SD 2.1, CLIP L/14, DINOv3

X5:SD 1.5,SD 2.1, LCM, CLIP L/14, OpenCLIP B/16,
DINOv3
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Figure 4. Linear latent editing of animal faces. We apply the
method from Section 4.3 to the AFHQ dataset, which contains
three categories: Cat, Dog, and Wild.

B. Editing Examples

B.1. Comparison of editing in different models

In Figure | we compare linear editing performed in the la-
tent spaces of SD 1.5, LCM and CLIP ViT-L/14. As shown,
diffusion latents allow faithful modification of the original
image, whereas CLIP edits produce new images that satisfy
the target attribute but do not preserve the input. The in-
version of CLIP embeddings was done using the UnCLIP
variant of Stable Diffusion [1, 9].

B.2. Quantitative analysis of editing

Figure 2 shows quantitative results of our editing method.
The x-axis represents attribute intensity, a normalized mea-
sure derived from the distance to the classifier’s decision

plane (x = 0 corresponds to editing to the decision plane, not
no editing). Edits are performed on SD 1.5 latents. Panel
(a) shows cosine similarity between the edited and original
images, while panel (b) shows similarity between the edited
image and the CLIP text embedding of the attribute name.

As intensity increases, similarity to the target attribute
text embedding increases, indicating successful controlled
editing. The similarity to the original image peaks at zero
intensity.

B.3. Effect of model scale, conditioning, and pixel
space

In Figure 3 (left), we compare linear attribute classification
across different representations. As a baseline, we evalu-
ate pixel space, as well as latent spaces from several dif-
fusion models: Stable Diffusion 1.5 (SD 1.5), a version
fine-tuned on CelebA (SD CelebA [11]), a smaller uncondi-
tional model trained only on CelebA (CelebA Diff [3]), and
a larger model (SDXL [7]).

Pixel-space representations yield substantially lower per-
formance compared to generative latent spaces. The smaller
model exhibits a clear degradation in linear separabil-
ity, while increasing model scale (SDXL vs. SD 1.5/2.1)
leads to only marginal improvements. Notably, fine-tuning
on CelebA reduces linear separability even on the same
dataset, highlighting the importance of broad and diverse
training. Although CLIP influences training, it affects all
samples uniformly at inference due to the use of empty-
prompt DDIM inversion and generation.

B.4. Evaluation on additional datasets

To assess generalization beyond CelebA, we evaluate on
AFHQ, which contains diverse animal faces [2]. The collec-
tion of animal-face images spans three categories: Cat, Dog,
and Wild. We add more granular labels to the Wild category
using CLIP score with dominant class labels. As shown in
Figure 3 (right), semantic categories remain structured and
linearly separable across species. We perform pairwise clas-
sification, with sub-categories defined via CLIP prompts.

To demonstrate that our latent editing procedure gener-
alizes beyond human faces, we apply the method from Sec-
tion 4.3 to this dataset. We shift the latents of images along
the classifier’s direction, following the procedure described
in the main paper. This produces realistic edits that pre-
serve the structure of the original image, indicating that the
learned directions capture shared high-level semantic infor-
mation despite the dataset’s visual diversity. Figure 4 shows
representative edits (towards the Dog class), illustrating at-
tribute manipulation and confirming that the linearity as-
sumption holds well in this domain.
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