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* High Fidelity Token Grounding: TCLIP's activation is tightly
focused on the object of interest (laptop, cat), avoiding the
diffuse results of baseline methods [3], [4], [5].

 Abstract Reasoning: TCLIP extends interpretability beyond
objects, isolating visual stimuli for subjective concepts like cat
"minimalist" (negative space) or "joyful", "vibrant" (lights).

e Zero Shot Object Detection (MS COCO): Achieved 19.07% Box
Accuracy at loU > 0.5, vastly outperforming ViT-based methods.

 Computational Efficiency: Requires 0 backward passes and only elephant
25 forward passes, remaining highly computationally efficient
compared to CNN based baselines.

* Latent Segmentation (ImageNet-S): Achieved SOTA Average
Precision and maskloU scores, proving TCLIP captures true dog

laptop

' *

d building
A |

e TCLIP successfully exposes a transparent
grid of visual-linguistic alignments native to
CLIP.

* |t provides unique insights into CLIP's
compositional understanding and its
grounding of abstract concepts without the
overhead of retraining.

* Crucially, TCLIP deconstructs complex
compositional mechanisms and reveals the

emergent mathematical structures driving
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shape geometry [6], [7], [8], [9]. Input Image HilaCAM ours abstract visual associations.
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