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1. Setup and reproducibility
1.1. Translator training
As described in the paper, each translator trained on a specific classifier and its task is to map features from the penultimate
layer f ∈ Rd to a CLIP image feature e ∈ Rde . Nonlinear translators were trained directly in PyTorch [16], while linear
translators were fitted by ridge regression using scikit-learn [17] and then ported to PyTorch for unified inference. The hy-
perparameters were chosen using sweeps logged in Weights & Biases [2]. We compared three training objectives:

1. Mean squared error (MSE) loss:
LMSE(f, e) = ∥Tθ(f)− e∥22 . (1)

2. Cosine similarity loss:

Lcos(f, e) = 1− Tθ(f) · e
∥Tθ(f)∥2 ∥e∥2

. (2)

3. MSE + Cosine loss

For all three cases, we applied L2 regularization. In practice, minimizing LMSE alone proved sufficient to achieve high co-
sine similarity, whereas optimizing Lcos alone does not reliably reduce MSE, suggesting an asymmetric relationship between
the two objectives. This trend is illustrated in Figure 1.

(a) Cosine-only loss Lcos. (b) MSE-only loss LMSE. (c) Joint loss Ljoint.

Figure 1. Training losses for the different translator objectives. Minimizing the MSE loss also improves cosine similarity, whereas cosine-
only training leaves the MSE substantially higher.

Our baseline translator is a linear map chosen for stability. To compare linear and non-linear translators, we evaluate three
additional. As for Nonlinear architectures, we tried the following combinations:

1. A 3-layer MLP with blocks of the form LayerNorm–GELU–Dropout-FC [1, 8, 21]
2. A 4-layer MLP with the same block.
3. A residual MLP with one residual blocks and one projection layer.

All nonlinear translators were optimized with AdamW [13]. with learning rate 1× 10−4 and weight decay λ = 0.1.
We report validation results over a 2,000-image subset in Table 1 and Figure 2 showing no significant advantage of any

non-linear variant over the linear translator.

Table 1. Validation results for different translator architectures on a 2 000-image validation subset from 16 classes. None of the non-linear
architectures shows a significant advantage over the linear translator.

Architecture Mean cosine similarity Validation MSE

3-layer MLP 0.9049 0.082246
Residual MLP 0.9045 0.082366
4-layer MLP 0.9023 0.084346
Linear 0.8946 0.091355



Figure 2. Cosine similarity distribution of different architectures between the translated and the original CLIP features, over 2k ImageNet
features from 16 classes. All the histograms are leaned towards high correlation

2. Null space validation
Let f denote the penultimate classifier feature and ℓ(f) ∈ RC the corresponding vector of logits for C classes. We define the
logit change induced by a perturbation δ as

∆ℓ(f, δ) = ∥ℓ(f + δ)− ℓ(f)∥2 . (3)

We compare three types of perturbations with matched ℓ2-norm: (i) a null perturbation δnull in the approximate null space
of the classifier head, satisfying

W δnull ≈ 0, (4)

where W are the head weights; (ii) a random perturbation δrand sampled from an isotropic Gaussian and rescaled to the
same norm; and (iii) a principal perturbation δprincipal chosen along a direction that strongly affects the logits (e.g. a leading
sensitive direction for the predicted class) rescaled as well to the null perturbation magnitude. For each type we compute the
logit change in L2-norm over a validation set and summarize the distribution in Figure 3.

As expected, null-space perturbations produce negligible logit changes, while random and principal perturbations have
a noticeable shifts. In Figure 7 we illustrate the corresponding UnCLIP generations for a single feature under these three
perturbations and multiple seeds.

(a) Logit change under null vs. random perturbations. (b) Logit change under principal vs. random perturbations.

Figure 3. Distribution of logit changes ∆ℓ(f, δ) for null-space, random, and principal perturbations. Null-space perturbations leave logits
almost unchanged, whereas principal perturbations induce large logit shifts.



Image AS (◦) IS (◦)

I0 0.00 0.0
I1 1.58 4.0
I2 3.80 10.8
I3 4.70 23.0
I4 9.48 29.0
I5 11.29 36.2

Figure 4. Example images with different attribute scores (AS) and image scores (IS), illustrating the relationship between angular distance
and perceived semantic change. Small angles correspond to nearly identical images, while larger angles reflect more significant semantic
changes.

3. Image-level and visualization details
3.1. Angle visual interpretation
For the readers convenience, we provide a visual interpretation of the angles we measured along the paper. For two non-zero
vectors u and v we define the angle in degrees

θ(u, v) = arccos

(
u · v

∥u∥2 ∥v∥2

)
· 180

π
. (5)

The attribute score (AS) and image score (IS) used in the main paper are instances of θ(·, ·) applied in CLIP image-embedding
space. Figure 4 provides a concrete mapping between AS/IS values and visual changes for a single example. Angles
below roughly 3◦ in AS and 10◦ in IS correspond to barely perceptible changes, while larger angles produce clear semantic
differences such as pose or shape variations.

3.2. Visualization with UnCLIP
UnCLIP is a two-stage image generator: a prior maps text to a CLIP image embedding, and a diffusion-based decoder with
super-resolution modules synthesizes the corresponding image [19]. CLIP encoders normalize image and text embeddings to
unit length and compare them using cosine similarity, so semantic information is primarily encoded in the angular component
on the unit hypersphere [18].

We use trained translators TΘ to map classifier features f and their perturbed variants f̃ into the CLIP image-embedding
space. Given a feature and its equivalent feature set translated to CLIP, TΘ(f) and TΘ(f̃), we rescale the translated equivalent
feature to match the norm of the original:

T̂Θ(f̃) = TΘ(f̃)
∥TΘ(f)∥2∥∥∥TΘ(f̃)

∥∥∥
2

. (6)

This preserves the angular relationships while restoring the radial component, preventing distortions in the visualizations due
to radial drift.

To ensure that observed visual differences are solely attributable to changes in the classifier feature f , we remove
the stochasticity in the diffusion sampling process. We fix the random seed, draw a single Gaussian noise tensor with
randn tensor, scale it by the scheduler’s init noise sigma, and reuse this tensor for all images in the batch and for
both the decoder and super-resolution stages. For a fixed CLIP image embedding, this procedure yields deterministic outputs.

Our implementation uses the Karlo-v1.0.alpha UnCLIP model [5], which follows the original OpenAI framework [19].
The system includes frozen CLIP text and image encoders, a projection layer into the decoder space, a UNet2DConditionModel
decoder, two UNet2DModel super-resolution networks, and UnCLIPScheduler instances for both stages. A generation
example of the same feature translated by different translators is shown in Figure 5.



Figure 5. UnCLIP generations from a single classifier feature translated by different translator architectures. Despite small quantitative
differences in cosine similarity, the resulting visualizations are qualitatively consistent.

(a) 5-model ratio comparison in EVA02 space. (b) Extended ratio comparison over 12 models.
(c) Translator robustness on principal features
(Pearson 0.972).

Figure 6. Additional model-level validations used in the camera-ready update.

4. Model-level result extensions
We include three additional checks requested during rebuttal integration. First, we repeat the 5-model ratio comparison with
EVA02 as the target multimodal space. Second, we expand the ratio comparison from 5 models to 13 models pretrained
on ImageNet [4] to increase architectural variety. the list of all models can be found in 2. Third, we evaluate translator
robustness by training classifier heads on 500k principal features before and after translation to CLIP space, and computing
the model-wise Pearson correlation of classification accuracy. 6. The resulting Pearson score is 0.972, indicating strong
consistency between the original-principal and translated-principal feature spaces.



Table 2. List of models from CNNs to ViTs that we used as our test subjects.

Model ImageNet Top-1 Acc (%)
VGG-16 [20] 71.6
VGG-19 [20] 72.4
DenseNet-121 [9] 74.4
ResNet50 [7] 76.1
DinoViT [3] 84.0
EfficientNet-B0 (NS) [23] 78.7
BiT-ResNet (M-R50x1) [10] 80.4
ResNeXt-101 32x8d (WSL) [14] 82.6
ConvNeXt-Base [12] 85.8
Swin-L [11] 86.3
DINOv2-L [15] 86.5
DeiT-3-L/16 [22] 87.7
EVA-02-L [6] 89.9

5. Class-level analyses
We provide violin plots for all models that participated in our experiments (Figures 8a to 8c). Each violin summarizes
the distribution of semantic angle changes (in degrees) under null-space perturbations for a given class. Figures 9 and 10
provide extended open-vocabulary concept lists used in the class analyses of the “Arabian Camel” and “Jellyfish” classes in

Figure 7. UnCLIP generations of a single feature under three perturbation types (null, random, principal) across four random seeds.
Null-space perturbations preserve the global class semantics, while random and principal perturbations produce more noticeable semantic
changes.



(a) BiT-ResNet [10]. (b) ResNeXt [14].

(c) EfficientNet [23].

Figure 8. Per-class distribution of null-space semantic angle changes across three architectures. Each violin corresponds to a single class;
narrow distributions around zero indicate classes largely invariant to null-space perturbations. The consistent pattern across architectures
with different inductive biases confirms the generality of our observations.

DinoViT. Nodes correspond to text prompts and the target class, and edge strengths reflect CLIP similarity between image
and text embeddings. These plots show that the concepts we highlight in the main paper are representative of broader open-
vocabulary neighborhoods.

6. DinoViT feature wrapper
We use a wrapper around a pre-trained DinoViT backbone [3] to expose the penultimate feature f and the classifier head
weights W . We extract the sequence of tokens from the layer immediately before the classifier head (denoted "encoder.ln"
in our implementation), take the class token as f , and apply the original head to obtain logits ℓ(f) = Wf .



class SelectClassToken(nn.Module):
def __init__(self, f):

super().__init__()
self.f, self.B = f, 1

def forward(self, x):
# x: (B * num_tokens, f); reshape and select class token (index 0)
return x.reshape(self.B, -1, self.f)[:, 0, :]

def set_B(self, B=1):
self.B = B

class DinoHookable(nn.Module):
def __init__(self, base: nn.Module, extractor, feature_dim=1024):

super().__init__()
self.extractor = extractor
self.fc = base.heads.head # classifier head; weights are WˆT
self.penultimate = SelectClassToken(f=feature_dim)

def forward(self, x: torch.Tensor) -> torch.Tensor:
self.penultimate.set_B(x.size(0))
# token sequence before the classifier head
x = self.extractor.extract(x, "encoder.ln")
# penultimate feature f (class token)
x = self.penultimate(x)
# logits; penultimate feature f is available for analysis
return self.fc(x)

This wrapper allows us to reuse the original DinoViT classifier while directly accessing the feature space in which we
construct translators and null-space perturbations.
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Figure 9. Open-vocabulary analysis for the “Arabian Camel” class in DinoViT. We show a larger set of prompts and their CLIP similarities
to the class, illustrating the semantic neighborhood used in our analysis.



Figure 10. Open-vocabulary analysis for the “Jellyfish” class in DinoViT. The graph highlights related concepts and their CLIP similarities,
showing that the concepts discussed in the main paper are part of a consistent semantic cluster.
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