Explaining CLIP Zero-shot Predictions Through Concepts

Supplementary Material

A. Implementation Details

This section provides additional details on concept construc-
tion, training procedures, and evaluation settings used for
EZPC. We omit definitions and equations already introduced
in the main paper and focus on implementation-specific clar-
ifications.

A.1. Backbone and Embedding Extraction

We primarily use the CLIP RN50 backbone, with additional
experiments using ViT-B/32, ViT-L/14 (via OpenAl CLIP),
and SigLIP ViT-SO400M/14 (via OpenCLIP). For every
dataset, we precompute:

* {5-normalized image embeddings for all train/validation
images,
* text embeddings for all dataset class names,
* text embeddings for the corresponding concept vocabu-
lary.
All embeddings remain frozen during the training of
EZPC.

A.2. Concept Vocabulary per Dataset

We follow the LF-CBM [22] and use their GPT-3-generated
concept sets.

e ImageNet-1k & ImageNet-100: We use the 4,751
ImageNet-derived GPT-3 concepts from LF-CBM. No
additional concepts are merged.

¢ CIFAR-100, CUB, Places365: The original LF-CBM
concept sets for these datasets are limited. Therefore,
we merge the dataset’s own LF-CBM concepts with the
larger ImageNet concept set to obtain a sufficiently ex-
pressive concept space. After merging, duplicate con-
cepts are removed.

All concepts are encoded once using the corresponding
model’s text encoder.

A.3. Training the Concept Projection Matrix A

The learnable matrix A € R?*™ maps CLIP/SigLIP embed-
dings into the m-dimensional concept space. The matrix is
initialized as

A0 = @, (10)

where ® is the CLIP concept embedding matrix.

The training objective consists of a matching term and a
reconstruction term, as defined in the main paper. The scalar
A (typically A = 1, and A = 5 for CUB and Places365)
controls the relative weight of the reconstruction loss. No
orthogonality or sparsity regularizers are used.

We optimize only A (all backbone parameters remain
frozen) using Adam with learning rate 10~2 for 10,000 itera-
tions. After every epoch we renormalize all concept vectors

A

A =l (1)
T lAll

which stabilizes the concept geometry and prevents drift
during training.

A.4. Zero-Shot and Generalized Zero-Shot Evalua-
tion

Let Vs and Yy denote the seen and unseen class sets.

Zero-shot learning (ZSL). Evaluation is performed over
unseen classes only. For each test image x, the predicted
label is

g = argmax (cg, Ck), (12)
k:yr €YU

and accuracy is computed over the unseen test set Dy as

1
Accy = ——
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1[§ = yxl- (13)

Generalized zero-shot learning (GZSL). Predictions are
made over the combined label set Yo = Vs U Yy. We report
accuracies on seen and unseen classes separately (Accg,
Accy), along with the harmonic mean

2 x ACCS X ACCU

H = . 14
Accg + Accy (4

A.5. Time Analysis Protocol

We measure inference latency on the ImageNet-100 valida-
tion set using a single NVIDIA H100 GPU. For each method,
we report two quantities: (i) the embedding time, which mea-
sures only the concept decomposition step (excluding the
shared CLIP forward pass), and (ii) the full pipeline time,
which includes CLIP encoding plus the method-specific de-
composition.

To obtain stable estimates, we first run warm-up iterations,
then time each method over the full validation set and record
per-image latencies. We report the median latency together
with 95% confidence intervals.

For EZPC, the decomposition reduces to a single matrix
multiplication ¢, = v, A, which adds negligible overhead to
CLIP’s forward pass. To verify this statistically, we apply
a Wilcoxon signed-rank test comparing per-image latencies
of CLIP and EZPC, yielding p = 0.31 (no significant differ-
ence). In contrast, SpLiCE requires iterative sparse coding



per image, and Z-CBM performs a retrieval-based regres-
sion over the concept bank, both of which involve iterative
optimization and result in substantially higher latency.

A.6. Concept-Region Alignment

Generating spatial heatmaps. To produce concept-level
spatial activation maps, we extract patch-level representa-
tions from the CLIP RN50 backbone. We register a for-
ward hook on layer4 of the ResNet visual encoder to
capture the spatial feature map before attention pooling,
yielding N, = 7 x 7 = 49 patch embeddings. Each
patch is passed through CLIP’s attention pooling projec-
tions (v_proj, c_proj) and ¢2-normalized to obtain patch
embeddings {pv}fvz”l in R<,

Each patch embedding is then projected into the concept
space via A to obtain z; = p; A € R™. We normalize each
z; by its maximum absolute value and mean-center across
concepts to ensure comparable activation scales. For a given
concept j, the spatial heatmap is formed by extracting the
7-th coordinate of each normalized patch, applying ReLU,
and reshaping to the 7 x 7 grid. The result is bilinearly
upsampled to the original image resolution for visualization.

Quantitative evaluation metrics. We evaluate spatial
alignment on CUB-200-2011 using ground-truth segmen-
tation masks. For each class, we manually specify a positive
concept (e.g., a blue-gray body for Indigo Bunting) and a
negative concept (e.g., a red face), compute heatmaps for
both across all images of that class, and compare against the
binary segmentation mask M (resized to the patch grid). We
report:

* Pointing Accuracy: fraction of images where the maxi-
mally activated patch falls inside M.

* Inside Activation Ratio: proportion of total activation
mass falling inside M.

* IoU@7%: intersection-over-union between M and the
binary mask obtained by thresholding the heatmap at
the (100—7)-th percentile. We report IoU@10% and
IoU@20%.

For each metric, we report the mean and standard devia-
tion across all images in the class. As shown in Table 5 of
the main paper, positive concepts consistently localize on
the object region, while negative concepts produce near-zero
alignment scores.

B. Faithfulness & Causal Validation

A core requirement for concept-based interpretability is faith-
fulness: the degree to which the concepts identified as impor-
tant are causally responsible for the model’s predictions. In
this section, we evaluate whether the learned concept space
A discovered by EZPC produces faithful explanations of
CLIP’s zero-shot classifier.

All experiments are conducted on ImageNet-100 using
the CLIP RNS50 backbone. Because ImageNet-100 is large,
we evaluate faithfulness on a randomly sampled subset of
validation images, ensuring stable estimates while keeping
computation tractable.

B.1. Concept Removal for Causal Testing

As defined in the main paper, the concept-wise interaction
score between image x and class yi is s = c; © ¢,
where the j-th entry 3;] L measures how strongly concept
j contributes to the prediction. Let 7, (x, ;) denote the
indices of the top-n concepts ranked by sgf 3{ To test causal
influence, we ablate the top-n influential concepts by remov-

ing their contribution from the scoring function

Pl =fep) - > 9, a3

JETn(2,yx)

where f(x,yr) = {cs, cx) is the concept-space logit recon-
structed via EZPC.
Faithfulness is quantified as the expected logit drop

Ay =By [f (@, y) = f/(2,98)]- (16)

Higher A,, values imply stronger causal reliance on the
discovered concepts.

B.2. Faithfulness Results

Mean Logit Drops. Table 7 reports the mean logit drop
and prediction flip rate after ablating the top-n most influ-
ential concepts, averaged across the sampled ImageNet-100
validation images.

Table 7. Faithfulness results on ImageNet-100 (CLIP RN50).
Mean logit drop and prediction flip rate after ablating the top-n
most influential concepts.

Top-n  Logit Drop  Flip Rate
1 0.0306 0.059
3 0.0816 0.099
5 0.1263 0.132
10 0.2256 0.169

Both metrics increase monotonically with n: ablating
more high-ranked concepts results in larger logit drops and
higher flip rates, confirming that the learned concept direc-
tions are causally involved in reconstructing CLIP’s similar-
ity structure.

Distributional Effects. Figure 7 shows the full empirical
distributions of logit drops for n = {1, 3,5, 10}.

As n increases, the distributions shift consistently to the
right, indicating that the effect is not limited to a few outlier
images but holds broadly across the dataset.
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Figure 7. Faithfulness distributions for n=1, 3, 5, 10. Removing
more highly ranked concepts yields consistently larger drops in
model confidence.

B.3. Causal Intervention: Top-10 vs. Random-10

To distinguish causal influence from mere correlation, we
compare removing the top-10 influential concepts with re-
moving 10 random concepts

Aramd—10~ (17)

Table 8 reports prediction flip statistics when removing
the top-10 most influential concepts compared to remov-
ing 10 random concepts. Removing the top-10 concepts
changes the predicted class for 16.9% of the evaluated sam-
ples, whereas removing 10 random concepts causes flips in
only 1.4%. The large gap between these two settings indi-
cates that the discovered concepts correspond to directions
that are causally used by CLIP for decision making rather
than reflecting spurious correlations.

Atop—lO VS.

Table 8. Top-10 vs Random-10 concept removal. Prediction flip
counts and flip rates on ImageNet-100 (5000 samples).

Removal type Flip Count  Flip Rate
Top-10 concepts 845 0.169
Random-10 concepts 70 0.014

Figure 8 shows that top-10 removal induces a much
larger logit decrease than random removal, whose distri-
bution remains tightly centered near zero. This separation
is a strong indicator of true causal involvement: if concept
scores merely reflected correlations or dataset priors, random
removal would produce similar changes, which it does not.

B.4. Discussion and Takeaways

Across all faithfulness and causal tests, the learned concept
space A demonstrates:
* Causal responsibility: Removing top-ranked concepts
reliably degrades classifier confidence.
 Stable, monotonic attribution: Logit drops increase
smoothly with n, consistent with the additive structure
of the concept-space logit.

Top-10 vs Random-10 Removal (ImageNet-100, RN50)
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Figure 8. Causal intervention analysis. Removing the top-10
influential concepts produces a substantially larger drop in the
predicted class logit than removing 10 random concepts.

* Robustness to dataset variability: Distributions shift
consistently, indicating that effects are widespread and
not image-specific.

* No need for sparsity: Despite dense activations, expla-
nations remain faithful. Concept rankings are sufficient
for causal attribution.

These results confirm that the discovered concept axes
form a faithful and causally meaningful basis for explaining
CLIP’s zero-shot decisions. The concept directions are not
merely descriptive; they directly mediate model predictions
in a measurable and controllable manner.

C. Concept Space Structure Analysis

This section provides an extended analysis of the geome-
try and activation behavior of the learned concept space A
compared to the original CLIP concept space ®. All analy-
ses are conducted on ImageNet-100 using the CLIP RN50
backbone, matching the quantitative setup of the main pa-
per. Our goal is to understand how optimization alters the
concept space, whether semantic identity is preserved, and
whether the learned space is geometrically stable, coherent,
and suitable for interpretation.

C.1. How the Concept Spaces Are Obtained

The original CLIP concept matrix & is created by encoding
each concept name j using the CLIP text encoder:

®,; = normalize( fiex:(“a photo of j”)). (18)

The learned concept space A is obtained from our opti-
mization objective, using the same concept vocabulary.
For an image x and class label y;,, we compute the image
embedding v, € R? and text embedding ¢;, € R?
vg = normalize( fing(2)), ty, = normalize( fiexi(Yk))-
19)



Following the explanation model of the main paper, the
image-side, label-side, and joint concept activations are
e =V A, cp=1tA, Sy =cyOc. (20)
These activations form the basis for all structure mea-
surements in this section, ensuring full consistency with the
interpretability mechanism.

C.2. Summary of Quantitative Results

Table 9 summarizes the key geometric properties of A and ®.
We provide detailed explanations in the subsections below.

Table 9. Summary of concept space statistics. All measurements
are computed on ImageNet-100 using CLIP RN50. The learned
space A preserves semantic identity while becoming more compact
and uniformly correlated.

Metric CLIP (®) Learned (A)
Alignment Mean / Median 0.651/0.648
Alignment Std - 0.036
Alignment Min / Max - 0.559/0.822
Total PCA Variance 0.1396 0.1047
Top-10 Variance Fraction 0.4586 0.4364
Off-diagonal Mean (® ' ® vs. AT A) 0.6920 0.7461
Off-diagonal Std 0.0705 0.0593

These results support the main claim that our learned con-
cept space remains semantically meaningful and structurally
well-behaved.

C.3. Alignment Between A and ®

We evaluate how much each learned concept direction A;
deviates from its original CLIP counterpart ®; using cosine
alignment

A [oN
li A, D) = J J . 21
align(4;, 2;) <||Aj|’||<1>j||> @b

Figure 9 shows that alignment scores are tightly clus-
tered around 0.65, with a standard deviation of only 0.036
and minimum/maximum values of 0.559 and 0.822. This
distribution demonstrates two important facts:

e The learned concept directions preserve semantic
grounding.

¢ Optimization introduces controlled refinements rather
than large distortions.

Thus, each learned concept remains strongly related to its
original semantic meaning, ensuring stable and interpretable
explanations.

C.4. PCA Geometry

To assess global geometry, we perform PCA on A and &,
treating concepts as data points in the embedding space.

Alignment: cos(A;, ;)
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Figure 9. Alignment distribution between learned concept direc-
tions A; and original CLIP directions ®;. High alignment values
indicate semantic consistency between the learned space and CLIP.
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Figure 10. PCA comparison between CLIP concept space (P)
and learned space (A). The learned space is more compact yet
preserves the structural layout of concept groups.

The PCA results show:

* Lower total variance: A has 0.1047 vs. 0.1396 in ®.
¢ Comparable top-10 variance fraction: 0.4364 vs.

0.4586.

This means that A is more compact, but not low-rank or
collapsed. The PCA scatter in Figure 10 shows that concept
clusters and their relative positions are preserved, indicating
that the refined space maintains CLIP’s semantic organiza-
tion while smoothing its geometry.

C.5. Activation Density and Why Sparsity Is Not
Required

We examine the density of concept activations using the
joint interaction vector s, = ¢, © cj. For each image, a
concept j is counted as active if s;] L > 1, where 7 = 0.01.
Figures 11 and 12 show the distribution of active concepts

per image and the number of images activating each concept.
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Figure 11. Activation density: number of active concepts per
image.
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Figure 12. Activation coverage: number of images activating each
concept.

Across ImageNet-100:

» Each image activates 490 concepts on average (median
190).

* Each concept is activated for 516 images on average
(median 494).

These dense activation patterns are expected because
CLIP embeddings are intrinsically distributed. Importantly,
sparsity is not required for concept-based interpretability
in our method. Explanations rely on identifying and rank-
ing the most influential concept directions (top-n), not on
enforcing a few active dimensions. Dense signals still yield
clear, semantically aligned top concepts, as demonstrated in
the qualitative results of the main paper.

D. CLIP-EZPC Fidelity

We evaluate how closely EZPC reproduces the predictions
of the original CLIP model. This measures the faithfulness
of the learned concept space to the teacher model. We report

Table 10. Prediction-level fidelity between CLIP and EZPC
(RN50 backbone) with label consistency, ranking preservation,
and KL. Top-1 agreement measures label consistency. Spearman
and Kendall correlations quantify ranking preservation. Kendall
correlation is computed over the top-50 CLIP-ranked classes.

Dataset Top-1 Agree. (%) Spearman Kendall KL

CIFAR-100 80.26 0.959 0.733  6.79 x 1076
IN-100 92.92 0.994 0.904  6.10 x 1076
CUB 84.03 0.994 0.876  6.83 x 1076
ImageNet-1k 72.37 0.924 0.536  7.98 x 107°
Places365 79.92 0.972 0.715 146 x 107°

the following metrics: Top-1 agreement, Spearman rank
correlation, Kendall rank correlation, and KL divergence.
Results are shown in Table 10.

Fidelity remains high across datasets, indicating that
EZPC preserves the ranking structure of CLIP predictions
while enabling concept-based explanations. Lower agree-
ment on larger datasets, such as ImageNet- 1k, reflects the
increased semantic ambiguity rather than the failure of the
concept model.

E. Additional Ablation Studies
E.1. Impact of Concept Vocabulary Size

We analyze how the number of concepts affects both predic-
tive performance and explanation fidelity. We randomly
subsample the concept vocabulary and train EZPC with
m € {250,500, 1000,2000, 3000,4751} concepts. For
each size, we repeat training with three random seeds. Re-
sults are shown in Table 11.

Table 11. Effect of concept vocabulary size m on performance,
tested on IN-100 under the generalized ZSL setting using the
RNS50 backbone.

m Top-1 Agree. (%) Seen Acc. Unseen Acc. H

250 69.05 £ 0.34 0.5527 +0.0027  0.5637 +0.0105  0.5581 + 0.0054
500 80.95 £ 1.35 0.6252 +0.0064  0.6423 +0.0090  0.6336 + 0.0072
1000 89.09 £ 0.33 0.6622 +0.0028  0.6827 +0.0032  0.6723 £ 0.0030
2000 91.73£0.17 0.6702 +0.0017  0.6890 + 0.0026  0.6795 + 0.0004
3000 92.58 + 0.26 0.6742 + 0.0010  0.6900 + 0.0026  0.6820 + 0.0010
4751 (full) 92.92 0.6745 0.6900 0.6821

Performance improves monotonically with the number
of concepts, with diminishing returns beyond approximately
3000 concepts. This shows that EZPC is robust to moder-
ate reductions in vocabulary size, while larger vocabularies
mainly improve prediction fidelity.

E.2. Impact of Training Objectives

We analyze the contribution of each component of the train-
ing objective used to learn the projection matrix A. Our
method optimizes a combination of a matching 1oss £ pach
and a reconstruction 108S Lrecon-



We compare the following settings:
* No training (A = ®)
* Matching loss only
* Reconstruction loss only
* Full objective (Lmaich + ALrecon)
Results calculated on ImageNet-100 using the generalized
zero-shot setting are shown in Table 12.

Table 12. Ablation study on the training objective of projection
matrix A using RN50 on IN-100 (generalized zero-shot setting).

Training Setting Seen Acc.  Unseen Acc. H
A = @ (0-step, no training) 0.013 0.0 0.0
Matching loss only (Latch) 0.013 0.0 0.0
Reconstruction loss only (Lyecon) 0.680 0.708 0.693
Full objective (Limatch + ALrecon) 0.674 0.690 0.682

Without any training (A = ®) or with the matching loss
alone, the model achieves near-zero accuracy. This is ex-
pected as the raw CLIP concept embeddings do not form a
basis that can reconstruct the original similarity structure,
and the matching loss by itself only regularizes A toward ®
without learning to preserve predictive information. The re-
construction loss alone achieves the highest harmonic mean
(H = 0.693), indicating that it is the primary driver of clas-
sification performance. Adding the matching loss in the full
objective slightly reduces the harmonic mean to 0.682, but
as shown in Figure 2, the matching loss plays a critical role
in maintaining concept interpretability. Without it, learned
concept directions drift from their original semantic mean-
ing, producing less interpretable explanations despite higher
quantitative scores. The full objective, therefore, represents a
trade-off between predictive fidelity and explanation quality.

F. Additional Qualitative Visualizations

This section presents additional qualitative results that com-
plement the analysis in the main paper, covering image-level,
class-level, concept-clustering, and region-level alignment
visualizations:

* Image-level explanations (Figures 13 to 16) Top acti-
vated concepts for individual predictions.

* Class-level explanations (Figures 17 to 20) Average
concept activations across a random subset of images per
class.

¢ Concept clustering (Figures 21a to 21d) Clusters of
images that strongly activate the given concept.

¢ Region-level concept alignment (Figures 22a to 22c)
Spatial localization of positive and negative concepts
within individual images.
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Most Strongly Contributing Concepts

a black or dark-colored square
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a drum machine
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a dark room

a watch face
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Figure 13. CIFAR-100 image-level explanations.
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Class: drake
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a duck call
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Figure 14. ImageNet-100 image-level explanations.



Most Strongly Contributing Concepts

Class: Cardinal Class: Common Tern

a red crest on the head

a small, sparrow-like bird

a whitish throat

a checkered or solid red sauce
a red head

chili peppers

a large, red vehicle

a pack of dholes

red or wheaten color

a small, thrush-like bird
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0.020
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Class: Eared Grebe able to float on water
aswan

a duckling

built out into the water

water vehicle

extends over water

may be submerged at high tide
lives in or near water

a duck-like appearance

a poodle
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Figure 15. CUB image-level explanations.
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Figure 16. Places365 image-level explanations.
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a sandpiper
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a bait cup
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Most Strongly Contributing Concepts

a small, sparrow-like bird

a whitish throat

a thin, black bill

a small, sparrow-like body

a small knot at the top

a large, black and white bird

a black bill with a yellow tip

a black cap on its head

a black cap on the head

a black head with a white beak
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a red background

the night

liquor

a red color
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a poolside bar
entertainment venue
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Class: caterpillar

Class: clock

Top Concepts

along, green body
a green, leafy base
a crown of green leaves
a large, green body
a long, thin, orange root
lush, green leaves
a green or yellow-green skin
a green, spiky exterior
a blade of grass
a lettuce

Top Concepts

a button to start the timer
a watch face
a button for adding time
timekeeper
a watch
a pause button
a fast-forward button
various buttons or icons
watch
a series of buttons or dials
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Class: couch

Class: leopard

Top Concepts

arm rests on either side
armrests on either side
armrests
a sofa
two brake pads
a seat attached to the frame
a seat affixed to the frame
a soft, upholstered surface
decorative molding or trim
a padded armrest

Top Concepts

a lioness
on an animal
a herd of Alpine ibex
a scratching post
able to climb trees
feline
a spotted coat
a herd of camels
acat
puzzle
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Class: motorcycle

Class: tulip

Top Concepts

a scooter-style design
two wheels of equal size
a bike
a scooter

a motorcycle license

motorized vehicle
a steering handlebar

bodywork enclosing the rider
two wheels
wheels for mobility

Top Concepts

flowers
a flower
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a generally tulip-shaped form
large, showy flowers
a large, showy flower
veins on the petals

a delicate, colorful flower
wildflowers

a floral design
Figure 17. CIFAR-100 class-level visualizations.




Class: black swan

Class: flamingo

Top Concepts

a swan
a cygnet
a duck-like appearance
a father duck
a person feeding the duck
a reddish-brown breast
a brindled or solid color
a duck call
a black ruff around the neck
a short beak

Top Concepts

a tall, pink bird
pink or reddish feathers
a red or orange beak and legs
a swan
a cygnet
a reddish-brown breast
long, orange beak
a bright orange breast
a large, white bird
orange and white stripes

Top Concepts

a shark cage
a shark
other sharks
swimming underwater
a dolphin
a large, underwater structure
a shark fin
a sandpiper
a large, boat-like structure
short, flipper-like limbs

Top Concepts

a snake

a whiptail lizard
snakes
a grouse

a sandpiper
a python
a black ruff around the neck
a long, snake-like shape
a snake charmer
reptile

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

Figure 18. ImageNet-100 class-level visualizations.




Class: American Goldfinch

Class: Brandt Cormorant

Top Concepts

a yellow throat and breast
a whitish throat
a red crest on the head
a small, sparrow-like bird
a small, thrush-like bird
a small, greenish-gray bird
chili peppers
a checkered or solid red sauce
a rusty-red throat and breast
a yellow bill with a red spot

Top Concepts

egret
heron
other whales
a swan
built out into the water
a seabird
a duck-like bird
a rusty-red throat and breast
a long, curved bill

a large, underwater structure

Class: Crested Auklet

Class: Green Violetear

Top Concepts

a red crest on the head
Scotland
a seabird

a large blue-grey bird
a grouse

a gray back with black streaks
a duck-like bird
Ireland

a mane of black hair

plankton

Top Concepts

a whitish throat
a small, thrush-like bird
a brindled or solid color
a green or purple color
a red crest on the head
iridescent blue-green back
a colorful exterior
a checkered or solid red sauce
a rainforest
chili peppers

Top Concepts

a medium-sized duck
a duck-like appearance
a duck-like bird
built out into the water
a duckling
a father duck
able to float on water
a duck house
a large, underwater structure
a checkered or solid red sauce

Top Concepts

a rusty-red throat and breast
heron
a black crest on the head
a red crest on the head
a yellow throat and breast
a penguin chick
egret
a yellow bill with a red spot
a tide pool
a Doberman

Figure 19. CUB class-level visualizations.




Class:

amphitheater

Class: amusement arcade

Top Concepts

ancient architecture
ancient ruins
a pilgrimage site
a major pilgrimage site
a theater
Italian dish
lots of dirt and rubble
a scenic location
usually made of stone or brick
theater

Top Concepts

game
game center
a variety of games
agame
gambling
a place to play games
a video game console
a sports game
a slot on the top for coins
A toy

Class: grotto

Top Concepts

a leather or fabric pouch
plants growing in the water
a room in a house or apartment
memorial plaque
large room with high ceilings
property
a flat, open area
indoor
a light, airy feel
paintings

Top Concepts

acave
a dark, hidden cave or recess
a canyon
a gorge
a deep, narrow valley
Ireland
a lightbulb at the top
a light at the top
a dark interior
under a rock

Class: supermarket

Top Concepts

tall buildings
large buildings
a view of the cityscape
often surrounded by buildings
a city
a group of buildings
a skyline
china
high towers
place

Top Concepts

goods
stores
retailer
shopping
product displays
a brightly colored label
a checkout area
a place to store food
aisles between the shelves
a wide variety of merchandise

Figure 20. Places365 class-level visualizations.



Concept: a hard, armored shell Concept: aquatic animal Concept: lots of windows
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(a) CIFAR-100 concept clustering examples.

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

(b) ImageNet-100 concept clustering examples.

Concept: a Scarlet-red body Concept: blue wings Concept large black bird

(c) CUB concept clustering examples.

Concept: a blue or denim color Concept: colorful decorations

(d) Places365 concept clustering examples.

Figure 21. Concept clustering examples across datasets.



Cardinal
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(a) Region-level concept alignment for Cardinal class from CUB dataset. Top row: positive concept (red feathers). Bottom row: negative concept (white
office

body).
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(b) Region-level concept alignment for Office class from Places365 dataset. Top row: positive concept (computer screens). Bottom row: negative concept
(green grass).

NEG: green grass POS: computer screens

albatross
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(c) Region-level concept alignment for Albatross class from ImageNet-100 dataset. Top row: positive concept (large wings). Bottom row: negative
concept (yellow feathers).

Figure 22. Region-level concept alignment examples across datasets.



