


CLIP Interpretability and Concept Alignment. Recent
work [5, 10] quantifies how CLIP-like models align with
human-understandable concepts using attention and text de-
composition. In contrast, our work is focused on uncovering
why these models fail at binding—by tracing failure cases
to specific neurons and spatial attention behaviors. We use
techniques from tools like Prisma [4, 7] for analyzing the
CLIP models.
Superposition. Elhage et al.[3] explores polysemanticity
of neurons using small ReLu networks and by limiting the
data to sparse input features. Olah et al.[13] expands su-
perposition to vision tasks and proposes that superposition
exists across circuits within the network. Our work focuses
on neuron-level superposition and also studies how it af-
fects Object binding and compositionality problems for vi-
sion and multimodal tasks.

3. Methodology
3.1. Datasets
Following are the datasets we use throughout our experi-
ments:
1. CIFAR-10 dataset that contains 60000 images that be-

long to 10 different classes. [8]
2. A toy Shapes dataset we created, containing 500 images

with simple shapes of different colors.

3.2. Model
We use the pretrained CLIP-ViT-L/14 [14] model and
its associated pre-processor due to the wide use of CLIP and
its variants as the vision encoder in most VLMs. We pick
the simplest variant to allow easier examination of internal
representation. The vision encoder component takes a sin-
gle RGB image of size 224x224 and outputs an embedding
of length 768.

3.3. Visual Grounding with CLIP and Gradient-
Based Localization

Although CLIP [14] has a strong performance on tasks like
image retrieval and zero-shot classification, it often strug-
gles to bind attributes to objects (e.g., confusing ’a red
square’ with ’a red circle’) or correctly interpret spatial and
relational signals. One possible reason for these failures is
misalignment in the model’s attention mechanisms. That is,
even if CLIP correctly identifies relevant features, it may
not bind them to the correct object instance. To investigate
this, we use gradient-based attribution—specifically Grad-
CAM [16]—to visualize which parts of an image CLIP at-
tends to when making a prediction for a given text prompt.

3.3.1. Activation and Gradient Extraction
To understand which visual features influence CLIP’s pre-
dictions, we register hooks on the final MLP layer of the vi-
sion encoder to capture both activations and gradients. Dur-

ing the forward pass, we record the activation maps for the
image. Then, we perform a backward pass on the proba-
bility corresponding to a specific text prompt, which gives
us the gradient of the prediction with respect to the image
features.

3.3.2. Grad-CAM Computation
We compute a Grad-CAM heatmap for each prompt using
the following steps:
1. A forward pass computes the similarity score St between

the image and a text prompt t.
2. A backward pass computes the gradient of St with re-

spect to the activation map A ∈ RH×W×C from a cho-
sen layer in the vision transformer:

∂St

∂A
∈ RH×W×C

3. We average the gradient across spatial locations to com-
pute importance weights for each channel:

αc =
1

H ×W

H∑
i=1

W∑
j=1

∂St

∂Ac
ij

4. These weights are used to compute a weighted combina-
tion of the channels in the activation map:

LGrad-CAM = ReLU

(∑
c

αcA
c

)
This procedure reveals the spatial regions that contribute

the most to the CLIP decision for a given text prompt. By
analyzing these attention patterns across different prompts
and images, we gain insight into how CLIP binds - or fails
to bind - semantic attributes to objects in its visual represen-
tation.

3.4. Analyzing CLIP Activations
To better understand the behavior of the CLIP vision en-
coder and to search for evidence of superposition, we focus
our analysis on the activations of the MLP layers. MLPs
are a natural target for such investigation, as they consti-
tute the majority of a transformer’s parameters. Prior work
has shown that MLPs in large language models function as
key–value stores [6, 12], and are responsible for encoding
factual and compositional knowledge. We hypothesize that
MLPs in the CLIP vision encoder may play a similarly im-
portant role in storing visual concepts and their associations.

3.4.1. Toy Shapes Dataset
To facilitate this analysis, we construct a toy dataset of
500 synthetic images. Each image contains 1 to 5 ob-
jects, with features randomly sampled from a controlled
set of attributes: 5 shapes (circle, triangle, square, pen-
tagon, hexagon), 6 colors (red, green, blue, pink, black,
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Algorithm 1 Identifying Feature-Selective Neurons in
CLIP Vision Encoder

1: for each neuron n in all MLP layers do
2: Rank all images by activation of neuron n
3: Select top-k images with highest activation
4: for each feature fi in the dataset do
5: Count occurrences oi of fi across the top-k im-

ages
6: end for
7: for each feature fi in the dataset do
8: Compute feature affinity value ai =

oiPN
j=1 oj

9: end for
10: Compute Shannon entropy
11: end for
12: Sort neurons by ascending entropy
13: return Neurons with lowest entropy as highly selective

neurons

yellow), and 5 spatial locations (top-left, top-right, bottom-
left, bottom-right, center). A few example images from this
dataset are shown in Figure 2.

The low visual and semantic complexity of this dataset
enables more direct correlation between object-level fea-
tures and neuron activations in CLIP. This setting allows us
to isolate and interpret the behavior of individual neurons,
making it easier to identify feature selectivity and potential
cases of superposition.

3.4.2. Methodology
For our analysis, we record the activation of every neuron in
the final linear layer of each MLP block within the CLIP vi-
sion encoder. The CLIP-ViT-L/14 model [14] consists of 24
transformer blocks, and each block contains an MLP with
two layers with 1024 neurons each. For this study, we con-
sider only the neurons on the output layer. This results in
a total of 24,576 MLP neurons whose activations are moni-
tored across the dataset.

We perform Algorithm 1 to get highly selective neurons.
The Shannon Entropy [17] metric helps us identify inter-
esting neurons that respond selectively to a small subset of
features while remaining inactive for others. Entropy ef-
fectively quantifies the degree of bias a neuron exhibits to-
ward particular features. A lower entropy indicates a peaked
distribution implying strong preference for a few features
while higher entropy suggests a uniform distribution, mean-
ing the neuron responds similarly across diverse features
and is therefore less informative for our analysis.

The Shannon entropy of the feature-occurrence distribu-
tion for a neuron is computed as:

Entropy =

N∑
i=1

−ai log ai

Figure 1. t-SNE plot of CLIP pooler outputs on CIFAR-10. Each
point represents a single image embedding colored by its ground-
truth class label.

where ai =
oi∑N
j=1 oj

Here, ai denotes feature affinity of the neuron to a fea-
ture i and it is computed from oi which denotes the average
number of occurrences of feature i among the neuron’s top-
k activating images, and N is the total number of features.
In our experimental setting, k = 30 and N = 16, corre-
sponding to 5 shapes, 6 colors, and 5 spatial positions.

Neurons with the lowest entropy values are prioritized
for further analysis, as they are more likely to encode dis-
entangled, semantically meaningful features.

4. Experiments
4.1. CLIP on CIFAR
To understand how CLIP’s vision encoder represents image
categories, we extract the pooler outputs (final [CLS] em-
beddings) for a subset of CIFAR-10 images and projected
them into 2D space using t-SNE, a non-linear dimensional-
ity reduction technique, to visualize the embedding space.
This visualization is shown in Figure 1.

The figure reveals several key observations:
1. Class-specific clusters are clearly separable for most cat-

egories, indicating that CLIP’s frozen vision encoder re-
tains discriminative features even when trained without
supervision on CIFAR-10.

2. Some overlap is observed among semantically similar
categories (e.g., dog, cat, horse, deer), hinting at poten-
tial superposition in the latent space, where related con-
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