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Appendix001

Reconstruction of the various encoders002

As an ablation study, we train the reconstructor for sev-003
eral of the most well-known vision encoders that are widely004
used in computer vision applications. Specifically, we se-005
lect multiple families of ViT-based encoders that vary in006
parameter count, architectural details, training objectives,007
and pretraining datasets. In Tab. 1, we present the architec-008
tural analysis of the evaluated vision encoders. Tab. 3 and 4009
show training peculiarities of the analyzed encoders.010

Additional visualizations011

Fig. 2 shows additional examples of changing the anals012
with myestas, Fig. 3 shows additional examples of suppress-013
ing the blue channel, and Fig. 4 examples for colorization.014

Training Details015

Reconstructors were trained with Adam and a cyclic016
learning-rate schedule. Hyperparameters are listed017
in Tab. 2. Training on 3×A100 (80 GB) GPUs took 6–24018
h, depending on resolution.019
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Figure 2. Color-swap via simple transformations in SigLIP2 fea-
ture space. Each row presents: (1) the original image, (2) its re-
construction from encoder features, (3) the image after swapping
red and blue channels in pixel space, (4) the reconstruction of the
pixel-swapped image, (5) the reconstruction obtained by apply-
ing the corresponding orthogonal self-conjugated channel-swap
directly in feature space, (6) the reconstruction obtained by ap-
plying the corresponding orthogonal channel-swap directly in fea-
ture space, (7) the reconstruction obtained by applying the corre-
sponding linear channel-swap directly in feature space. The near-
identical results in columns 4 and 5, 6, 7 confirm that simple trans-
formations in latent space induce coherent, interpretable color ed-
its in the reconstructed images.

[7] Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, 052
Chloe Rolland, Laura Gustafson, Tete Xiao, Spencer White- 053
head, Alexander C. Berg, Wan-Yen Lo, Piotr Dollár, and 054
Ross Girshick. Segment anything. arXiv:2304.02643, 2023. 055
2 056

[8] Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy V. 057
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Table 1. Comparison of Image Encoders: input resolution, sequence length, parameter count, embedding dimension

Model Resolution Sequence dength #Params
Vision tower

Out di-
mension

CLIP
timm/EVA-02 [4] 224×224 px 196 (14×14) 86 M 768
OpenAI CLIP [9] 224×224 px 196 (14×14) 86 M 768
LAION CLIP 1 224×224 px 196 (14×14) 86 M 768
Facebook MetaCLIP [11] 224×224 px 196 (14×14) 86 M 768
Apple DFN2B-CLIP [3] 224×224 px 196 (14×14) 86 M 768

SigLIP
SigLIP [12] 224×224 px 196 (14×14) 93 M 768
SigLIP [12] 256×256 px 256 (16×16) 93 M 768
SigLIP [12] 384×384 px 576 (24×24) 93 M 768

SigLIP2
SigLIP2 [10] 224×224 px 196 (14×14) 93 M 768
SigLIP2 [10] 256×256 px 256 (16×16) 93 M 768
SigLIP2 [10] 384×384 px 576 (24×24) 93 M 768
SigLIP2 [10] 512×512 px 1024 (32×32) 93 M 768

SAM
Facebook SAM [7] 1024×1024 px 4096 (64×64) 90 M 768

DinoV2
DinoV2 [8] 518×518 px 1369 (37×37) 87M 768

InternViT
InternViT-V1.5-300M [5] 448×448 px 1024 (32×32) 304 M 1024
InternViT-V2.5-300M [2] 448×448 px 1024 (32×32) 304 M 1024

Table 2. Reconstructor Training Hyperparameters

Hyperparameter Value

Optimizer Adam [6]
Learning Rate 3e-4
Learning Rate Scheduler Cyclic
Adam Beta1 0.9
Adam Beta2 0.999
Batch Size (per device) 10
Training Epochs 40
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Table 3. Comparison of Image Encoders: training objective and architecture

Model Training Objective

CLIP
timm/EVA-02 Contrastive image–text alignment. Weights inited from EVA model

trained on Masked image modeling: reconstructing CLIP features from
masked patches (negative cosine loss)

OpenAI CLIP Contrastive image–text alignment (InfoNCE)
LAION CLIP Contrastive on LAION-2B (2 B image–text pairs)
Facebook MetaCLIP Contrastive on CommonCrawl 2.5 B data
Apple DFN2B-CLIP Contrastive on DFN-2B filtered data

SigLIP
SigLIP Pairwise sigmoid contrastive loss

SigLIP2
SigLIP2 Multitask: sigmoid contrastive, captioning, self-distillation, masked

modeling

SAM
Facebook SAM Promptable segmentation: predict masks from sparse or dense prompts

DinoV2
DinoV2 Discriminative self-supervised pretraining: self-distillation from Dino

[1] and masked image modeling from iBOT [13]

InternViT
InternViT-V1.5-300M Contrastive pre-training, LLM alignment, distillation
InternViT-V2.5-300M Contrastive pre-training, LLM alignment with progressive scaling, dis-

tillation
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Table 4. Comparison of Image Models by Pretraining Objectives

Model Contrastive Captioning Masked
Modeling

Segmentation LLM
Align-
ment

Self-
Distillation

CLIP
timm/EVA-02 ✓ ✓
OpenAI CLIP ✓
LAION CLIP ✓
Facebook
MetaCLIP

✓

Apple
DFN2B-CLIP

✓

SigLIP
SigLIP ✓

SigLIP2
SigLIP2 ✓ ✓ ✓

SAM
Facebook SAM ✓

DinoV2
DinoV2 ✓ ✓

InternViT
InternViT-V1.5-
300M

✓ ✓

InternViT-V2.5-
300M

✓ ✓
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Figure 3. B-channel suppression via linear transformations in
SigLIP2 feature space. Each row presents: (1) the original image,
(2) its reconstruction from encoder features (3) reconstruction ob-
tained by quadrupling the corresponding linear blue channel sup-
pression operator directly in the feature space, (4) reconstruction
obtained by applying the corresponding linear blue channel sup-
pression operator eight times directly in the fisheye space, (5) re-
construction obtained by twelvefold the corresponding linear blue
channel suppression operator directly in the feature space, (6) the
image after blue channel nulling in pixel space. The near-identical
results in columns 5 and 6 confirm that simple transformations in
latent space induce coherent, interpretable color edits in the recon-
structed images.

Figure 4. Examples of solving the colorization problem by apply-
ing a linear transformation in the feature space.
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