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Contrastive Language-Image Pre-Training

Shared embedding space for images 
and text
Trained on 400M image-text pairs with a
contrastive objective:

•  Pull matched image-text pairs together

•  Push mismatched pairs apart

After training, classification becomes a
similarity comparison, no task-specific
labels needed.

Open-vocabulary zero-shot recognition

Contrastive matching
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Concept Bottleneck Models

Predictions routed through human 
concepts

Two-stage prediction:

1. Image → concept activations
     (e.g. has_wings, is_red, has_beak)

2. Concept activations → class label

Users can inspect, validate, or even edit
concept activations to understand or
correct model behavior.

Interpretable by design

Two-stage prediction pipeline
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Decisions are traceable through human-readable concepts
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Training Objectives

Matching Loss
Anchor matrix A to known concepts.

Interpretability and 
Classification

Reconstruction Loss
Preserve CLIP similarity structure.
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Quantitative Results

within 1%
of CLIP's harmonic mean

1015%
vs. ZCBM & SpLiCE

5 benchmarks
object · fine-grained · scene

Generalized zero-shot setting. All models use CLIP RN50. Best non-CLIP score per column in bold.



Inference Time

No added 
latency!

EZPC 5.90 ms  ≈  CLIP 5.77 ms (p = 0.31



Faithfulness  



Image-level Analysis

Qualitative Results



Class-level Analysis

Qualitative Results



Concept-based Image Clustering

Qualitative Results



Qualitative Results

Concept-Region Alignment



Want to know more? 

ArXiv GitHubProject Page
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