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Abstract

While Vision Language Models (VLMs) like Contrastive
Language Image Pre training (CLIP) demonstrate re-
markable zero-shot generalization, their internal decision-
making processes remain highly opaque. Current post-
hoc interpretability methods typically provide holistic ex-
planations by correlating the entire image with the full text
prompt. This approach tends to highlight only the most
dominant object, failing to answer a fundamental question:
what exactly does CLIP see for each individual word? To
bridge this gap, we propose Token CLIP (TCLIP), a train-
ing free, gradient free interpretability method that estab-
lishes a direct, dense relevance mapping between individual
text tokens and image patches. By intercepting intermedi-
ate representations and leveraging multi-scale translation,
our approach suppresses background noise to yield sharp,
focused spatial heatmaps for any specific text token. Exten-
sive quantitative and qualitative experiments demonstrate
that TCLIP achieves SOTA scores on standard benchmarks.
TCLIP is orders of magnitude more computationally effi-
cient than previous baselines and offers a deeper, transpar-
ent understanding of CLIP’s conceptual grounding.

1. Introduction
Vision-Language Models (VLMs) like CLIP [17] demon-
strate remarkable zero-shot performance by aligning images
and text in a shared latent space. However, this alignment
relies on a single, global cosine similarity score computed
from the final [CLS] and [EOS] tokens [8]. This holis-
tic metric reduces the model to a black box, concealing a
fundamental question: When given a complex prompt, what
exactly does CLIP see for each individual word? Prior
research shows CLIP struggles with compositionality and
spatial reasoning [10, 11], often operating less like a true
language system and more like a sophisticated “bag-of-
words” [21].
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Uncovering this token-level visual grounding is chal-
lenging. Classic interpretability methods adapted for VLMs
(e.g., GradCAM [18], gScoreCAM [15], HilaCAM [3]) typ-
ically produce a single, aggregated heatmap for the en-
tire text prompt, failing to spatially differentiate the vi-
sual grounding of an adjective from its corresponding noun.
Conversely, recent attempts to extract finer-grained align-
ments, such as CLIPSurgery [12] or Grad-ECLIP [23],
require complex architectural modifications or memory-
intensive backpropagation, limiting their practical utility.

To answer the question of what CLIP sees per token
without the overhead of gradients or retraining, we pro-
pose Token CLIP (TCLIP). Instead of relying on global
summary tokens, TCLIP intercepts the intermediate hid-
den states to compute a fine-grained relevance matrix di-
rectly between individual text tokens and image patches.
By leveraging a multi-scale translation technique, we gen-
erate high-fidelity spatial heatmaps for any specific word
in a prompt, requiring zero backward passes and remaining
computationally efficient.

The main contributions of this work are as follows:
1. We introduce TCLIP, a novel, gradient free method that

establishes a direct, dense relevance mapping between
individual text tokens and image patches.

2. We generate high fidelity spatial heatmaps that success-
fully isolate the specific visual grounding of individual
words within a complex prompt.

3. We achieve state-of-the-art scores on zero shot object de-
tection, localization and segmentation tests on standard
benchmarks providing transparent, token-level insights
into CLIP’s conceptual grounding capabilities.

2. Methodology
In a ViT-based CLIP model [5], an input image is divided
into Npatches patches, yielding intermediate hidden states
Himg ∈ R(Npatches)×Di at the final transformer layer. Con-
currently, the tokenized text prompt yields hidden states
Htext ∈ RL×Dt . To ensure our local embeddings inhabit
the identical D-dimensional multimodal space optimized
by CLIP, we project the full hidden state sequences using



Figure 1. TCLIP works on the latent space to enable dense, fine-grained text-token to image-patch analysis. By intercepting the full
sequences of patch and token hidden states and mapping them into the shared multi-modal embedding space, we compute a direct rele-
vance matrix. Gaussian Mixture Model (GMM) thresholding suppresses background noise, yielding high fidelity spatial heatmaps for any
individual word without requiring gradients or retraining.

the model’s pre-trained linear projection heads (Wimg and
Wtext):

I′ = Himg ·Wimg , T′ = Htext ·Wtext (1)

This yields the complete projected image tensor I′ and
text tensor T′. While standard CLIP computes similarity
exclusively between the global [CLS] and [EOS] rep-
resentations, TCLIP intercepts these entire tensors to for-
mulate a dense, fine-grained relevance map. To compute
this map, we filter I′ and T′ to isolate content-bearing em-
beddings by discarding the [CLS], [SOS], [EOS], and
padding tokens. This yields the final patch matrix I ∈
RNpatches×D and token matrix T ∈ RNtokens×D. Following
CLIP’s objective, we L2-normalize all row vectors to pro-
duce Î and T̂. The dense relevance matrix S is generated
via a single matrix multiplication:

S = T̂ · ÎT (2)

Each element Sij quantifies the relevance between the
i-th text token and the j-th image patch, decomposing the
global CLIP score into a transparent grid of visual-linguistic
alignments. To visualize this alignment, the vector Si,: for
a token i is reshaped into its spatial grid and upsampled.
To overcome the coarse ViT patch resolution and suppress
background noise, we employ a multi-scale translation ag-
gregation technique. We generate K (25) augmented im-
ages by applying translations at multiple pixel scales across
eight directions. A relevance map is computed for each,
geometrically realigned, and aggregated using a pixel-wise
trimmed mean.

To distinguish salient foreground activations, we fit a
two-component Gaussian Mixture Model (GMM) to the ag-
gregated similarity scores {St,p}

Npatches
p=1 . The intersection τ

of the two learned probability density functions serves as
a data-driven threshold to create a focused relevance map
Mt:

Mt,p =

{
St,p if St,p ≥ τ

min(St,:) if St,p < τ
(3)

Suppressing values to min(St,:) pushes background
patches to the baseline minimum rather than zero. Finally,
a Gaussian filter is applied to reduce minor blocky artifacts.
Note that this GMM thresholding is utilized strictly for
generating these continuous soft heatmaps, whereas Otsu’s
method is applied exclusively for generating discrete hard
bounding boxes during our zero-shot evaluation.

3. Experimental Evaluation

To validate TCLIP, we conduct evaluations using the pre-
trained ViT-B/32 model to demonstrate its fine-grained
interpretability. We perform our analyses on standard
benchmarks, including the MS COCO 2017 [13] and
ImageNet-S [7] validation sets, which provide challeng-
ing samples across diverse semantic, primitive, and abstract
concepts.

3.1. Qualitative Evaluation
Comparison with Interpretability Methods: TCLIP is
compared with prior interpretability methods like Grad-
CAM [18], gScoreCAM [15], and HilaCAM [3]. As
demonstrated in Figure 2, TCLIP consistently produces
more precise heatmaps. For prompts like “cat” and “lap-
top”, TCLIP’s activation is tightly focused on the object of
interest, while baselines produce diffuse or misaligned re-
sults.



Figure 2. Comparison of TCLIP with established interpretability
methods: GradCam [18], gScoreCAM[15], and HilaCAM[3].

Figure 3. TCLIP accurately grounds primitive concepts like
shape and color and demonstrates semantic consistency, localiz-
ing “mountain” and “lake” across diverse images, often with better
object coverage than other baselines.

Grounding of Fundamental Visual Attributes:
TCLIP demonstrates a strong capacity for grounding prim-
itive concepts beyond high-level objects. As shown in
Figure 3 (c,d), the heatmaps precisely localize “circular”
and “square” shapes while ignoring other geometric forms.
Similarly, color tokens like “green” and “blue” (Figure 3
a,b) show unambiguous correspondence, avoiding the in-
correct activations common in prior methods. TCLIP
also maintains semantic consistency, accurately localizing
“mountain” or “lake” across diverse images despite signifi-
cant variations in scale or viewing angle (Figure 3 e,f,g,h).

Disentangling Compositional Prompts: A key strength
of TCLIP is deconstructing multi-entity prompts. For spa-
tial relations like (Figure 4 a,b), TCLIP correctly localizes
the noun tokens to their respective entities while producing
distinct heatmaps for spatial tokens like “left” and “right”.
Reversing the prompt preserves the correct noun-entity lo-

Figure 4. This figure demonstrates TCLIP’s ability to deconstruct
complex prompts showing Spatial Relations, Order Invariance and
Human Object Interaction in CLIP.

Figure 5. This figure shows a key novelty of TCLIP, that is we can
deconstruct even the abstract concepts in a text prompt.

calization, demonstrating order invariance. Furthermore,
it disambiguates human-object interactions; for “a woman
with her dog and cat” (Figure 4 c), the model isolates all
three entities. The abstract relational token “with” gener-
ates a focused heatmap bridging the woman and her pets.

Visualizing Abstract and Subjective Concepts:
TCLIP successfully interprets abstract concepts lack-
ing concrete visual referents. For “a minimalist space”
(Figure 5 g,h), TCLIP highlights regions of negative
space, indicating CLIP associates minimalism with visual
sparsity, whereas HilaCAM primarily activates salient
objects. For concepts like “joyful” or “vibrant” (Figure 5
a,b,e,f), TCLIP identifies correlated visual elements (e.g.,
fireworks, city lights). This demonstrates that TCLIP
extends interpretability beyond object localization, offering
a unique window into CLIP’s internal representation of
abstract ideas.



Table 1. Zero-Shot Object Detection on MS COCO. Accu-
racy is Box Accuracy (BoxAcc) at IoU > 0.5. FP/BP = For-
ward/Backward passes per heatmap.

Method BoxAcc (↑) Backbone FP BP

GradCAM [18] 11.59 RN50x16 1 1
xGradCAM [6] 5.60 RN50x16 1 1
GradCAM++ [2] 9.68 RN50x16 1 1
LayerCAM [9] 9.19 RN50x16 1 1
RISE [16] 7.26 RN50x16 8001 0
GroupCAM [22] 13.06 RN50x16 96 1
scoreCAM [19] 20.43 RN50x16 3073 0

gScoreCAM [15] 12.73 ViT-B/32 301 1
HilaCAM [3] 12.82 ViT-B/32 1 1
TCLIP [Ours] 19.07 ViT-B/32 25 0

3.2. Quantitative Evaluation

While TCLIP is primarily designed to reveal the specific
visual grounding of individual text tokens, we must eval-
uate it against prior interpretability baselines to rigorously
validate its spatial accuracy. To achieve this, we conduct
comprehensive quantitative evaluations across two distinct
downstream tasks. First, we perform a zero-shot object de-
tection test on MS COCO, measuring how well our gener-
ated token-level heatmaps align with ground-truth bound-
ing boxes via Intersection over Union (IoU). Second, we
evaluate fine-grained localization and pixel-wise semantic
segmentation on the ImageNet-S dataset, utilizing Pointing
Game metrics and maskIoU to demonstrate TCLIP’s pre-
cise spatial alignment and superior shape adherence.

Zero Shot Object Detection on MS COCO: We eval-
uate Zero Shot Object Detection on the MS COCO valida-
tion set (5,000 images, 80 categories). Crucially, the ma-
jority of COCO categories consist of a single word, which
perfectly aligns with our token-level methodology. For the
few categories that span multiple tokens, their correspond-
ing heatmaps are simply averaged. To convert our contin-
uous heatmaps into discrete bounding boxes, we employ
a multi-step protocol: (1) we aggregate the 25 translated
heatmap instances via a trimmed mean, (2) we binarize the
final heatmap using Otsu’s method [14] to create a fore-
ground mask, and (3) we apply connected-component anal-
ysis to extract a tight, axis-aligned bounding box enclosing
the largest component.

As detailed in Table 1, TCLIP achieves a state-of-the-
art Box Accuracy among ViT-based interpretability meth-
ods, significantly outperforming HilaCAM and gScore-
CAM. Notably, TCLIP is highly competitive with the top-
performing CNN-based method ScoreCAM while being or-
ders of magnitude more computationally efficient. Gen-
erating a TCLIP heatmap requires only one forward pass

Figure 6. Comparison of bounding box results: Red Box is
Ground-truth, Green Box is Predicted. IoU is shown on top-left of
every image. All samples are from the COCO validation dataset.

per image translation (totaling 25 forward passes) and zero
memory intensive backward passes.

These strong quantitative findings are mirrored in our
qualitative bounding box visualizations (Figure 6). TCLIP’s
heatmaps remain visibly more focused, leading to supe-
rior IoU scores and tighter boundary adherence compared
to baseline methods.

Localization and Segmentation on ImageNet-S: We
do further quantitative analysis by comparing TCLIP with
state-of-the-art CLIP interpretability methods on the chal-
lenging tasks of fine-grained localization and segmentation
on the ImageNet-S validation dataset [7].

For the localization test, we employ the Pointing Game
(PG) metric (which counts a hit if the maximum heatmap
intensity falls within the ground-truth mask, otherwise a
miss) and energy-PG (which measures the overall heatmap
energy concentrated within the mask). As shown in Table 2,
TCLIP achieves a new state-of-the-art Pointing Game score



Table 2. Comparison of different methods on localization test us-
ing Pointing Game and Energy Pointing Game Evaluation Metric
on the ImageNet-S validation dataset.

Method Pointing Game (↑) energy-PG (↑)

Raw Attention 0.121 0.132
Rollout [1] 0.137 0.283
GradCAM [18] 0.184 0.315
M2IB [20] 0.264 0.355
MaskCLIP [4] 0.404 0.140
CLIPSurgery [12] 0.575 0.398
HilaCAM [3] 0.470 0.443
TCLIP [Ours] 0.775 0.445

Table 3. Comparison of different methods on Segmentation test
using Pixel Accuracy, Average Precision and mask IoU on the
ImageNet-S validation dataset.

Method Pixel Acc. Avg. Precision maskIoU

Raw Attention 0.0278 0.2877 0.0013
Rollout [1] 0.2524 0.3345 0.0110
GradCAM [18] 0.5457 0.4050 0.1251
GradECLIP [23] 0.7056 0.5662 0.2869
MaskCLIP [4] 0.7180 0.4557 0.2481
CLIPSurgery [12] 0.7546 0.4608 0.3471
M2IB [20] 0.6194 0.4003 0.1474
HilaCAM [3] 0.4765 0.4072 0.0890
TCLIP [Ours] 0.6925 0.6295 0.3817

of 0.775, significantly surpassing the previous best method.
Our leading energy-PG score of 0.445 further demonstrates
that our heatmaps not only point to the correct location but
remain highly concentrated within the object’s boundaries.

Furthermore, we conduct a full pixel wise segmentation
test evaluating Pixel Accuracy, Average Precision (AP), and
mask IoU (Table 3). While CLIPSurgery achieves a higher
Pixel Accuracy, TCLIP is decisively state-of-the-art in the
metrics that evaluate the structural quality of the segmenta-
tion shape. TCLIP establishes a new SOTA in both Aver-
age Precision and maskIoU. This substantial improvement
in maskIoU over the next best method strongly indicates
that TCLIP’s token level relevance maps capture the true
shape and spatial extent of objects with much higher fidelity
than existing baselines.

4. Conclusion and Limitations
In this work, we introduced TCLIP, a training-free and com-
putationally efficient interpretability method that provides
a direct text-token-to-image-patch relevance mapping for
CLIP. Our quantitative evaluations demonstrate that TCLIP
achieves state-of-the-art zero-shot localization and segmen-

tation performance compared to existing baselines. Quali-
tatively, TCLIP moves beyond simple object localization to
provide unique insights into CLIP’s compositional under-
standing and its grounding of abstract concepts.

While highly effective, our approach has certain limi-
tations that present clear avenues for future work. First,
TCLIP is specifically designed for Vision Transformer
(ViT) architectures to leverage their direct patch-token
alignment. Extending this precise mapping to CNN back-
bones would require adapting our framework to compute
relevance over the final convolutional feature maps instead
of discrete ViT patch embeddings. Finally, TCLIP cur-
rently computes relevance based on the final projected em-
beddings, effectively assuming an equal initial contribution
from all text tokens. To address this, future iterations will
explore weighting the initial token embeddings by the mag-
nitude of the model’s internal self-attention weights. This
will account for unequal initial token contributions and fur-
ther refine the interpretability of complex compositional
prompts.
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