Explaining CLIP Zero-shot Predictions
Through Concepts
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Contrastive Language-Image Pre-Training

. . Contrastive matching
Shared embedding space for images

and text

"adog" '"acat" "abird"
Trained on 400M image-text pairs with a
contrastive objective: Text encoder

o Pull matched image-text pairs together

« Push mismatched pairs apart A .

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

labels needed. g

Open-vocabulary zero-shot recognition

Image encoder

I matched (pull)

mismatch (push)



Concept Bottleneck Models

. .. Two-stage prediction pipeline
Predictions routed through human

concepts

Concepts

Two-stage prediction: has_wings

1. Image - concept activations Fi is_red N
(e.g. has_wings, is_red, has_beak) has_beak -

2. Concept activations = class label furry [
has_feathers [

Users can inspect, validate, or even edit
concept activations to understand or

correct model behavior. Decisions are traceable through human-readable concepts

Interpretable by design



Method
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CLIP Architecture
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Reconstruction Loss
Preserve CLIP similarity structure.

1 «<B
Lrecon = E Zi:l KL (softmax(c; Cy,) || softmax(v; T "))



Quantitative Results

within 1%

of CLIP's harmonic mean

+10-15%

vs. Z-CBM & SpLIiCE

5 benchmarks

object - fine-grained - scene

| CIFAR-100 ImageNet-100 CUB ImageNet-1k Places365
Model ‘ Seen  Unseen H Seen  Unseen H Seen  Unseen H Seen  Unseen H Seen  Unseen H
CLIP ‘ 0.370 0.454 0.408 0.680 0.707 0.693 0.468 0.481 0.474 0.513 0.548 0.530 0.350 0.375 0.362
Z-CBM | 0.319 0425 0.365 0.592 0.579 0.585 0.183 0.195 0.189 0439 0486 0.462 0349 0.365 0.357
SpLiCE | 0.248 0.298 0.270 0.371 0.409 0.389 0.100 0.053 0.070 0.275 0.331 0.300 0.276 0.288 0.282
EZPC 0365 0.449 0.403 0.675 0.690 0.682 0457 0473 0465 0468 0494 0481 0.339 0366 0.352

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



Inference Time

Inference time (ms /image)

EZPC | 5.9

CLIP 5.77

0 100 200 300 400 500 600

No added
latency!

EZPC:5.90 ms = CLIP: 5.77 ms (p = 0.31)




Faithfulness

Top-10 vs Random-10 Removal (ImageNet-100, RN50)
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Removal type Flip Count  Flip Rate
Top-10 concepts 845 0.169
Random-10 concepts 70 0.014

0.4

0.5



Qualitative Results

Image-level Analysis

Class: agama Most Strongly Contributing Concepts Class: drake Most Strongly Contributing Concepts
a whiptail lizard a duck-like appearance
a lizard a father duck
a lizard-like body a Japanese garden
a snake a duck house
a grouse alawn
reptile a croquet set
gecko used in the game of croquet

a sandpiper
a desert animal
iguana

a duck call
a person feeding the duck
a brindled or solid color

0.00 001 002 003 004 0.5 0.000  0.005  0.010  0.015
Concept Score Concept Score



Qualitative Results

Class-level Analysis

Class: macaw

Class: magpie

Top Concepts

parrot
a large, colorful bird
red, blue, and yellow feathers
brightly colored feathers
bright plumage
a short beak
a rainforest
a peahen
a brightly colored face

iridescent feathers

Top Concepts

a large, black and white bird
a loud crow
black plumage
a large, stocky bird
a bird
a small songbird
black or dark brown feathers
a small to medium-sized bird
other birds
bright plumage




Qualitative Results

Concept-based Image Clustering

Concept: a duck-like appearance Concept: long grass Concept: yellow feathers




Qualitative Results

Concept-Region Alignment

Cardinal

NEG: white body

POS: red feathers
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