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Abstract

Prompt learning adapts vision-language models such as
CLIP by optimizing continuous prompt vectors, but the
learned prompts are difficult to interpret in natural lan-
guage. We present PromptSpLiCE, a post-hoc method
that expresses each class-conditioned text embedding as
a sparse combination of concepts from a fixed natural-
language dictionary. Using the same dictionary before
and after prompt learning allows us to compare changes
in their concept profiles. We evaluate PromptSpLiCE
on CoOp, a representative prompt-learning method,
across 11 image-classification datasets. The concept
profiles change substantially: on average, only 1.6 of
the initial top-10 concepts remain in the top 10 after
learning. Across datasets, profile change is positively
associated with accuracy gain. We also derive a local
gradient expression that provides geometric intuition
for why image-aligned concept directions distinct from
the current prompt can have greater loss sensitivity.

Keywords: vision-language models, prompt learning,
interpretability, concept decomposition, CLIP

1 Introduction

Vision-language models map images and text into a
shared embedding space, enabling flexible adaptation
through natural-language prompts [1, 2, 3]. Contrastive
Language-Image Pre-training (CLIP) [4], for example,
aligns image and text representations and supports
strong zero-shot transfer to tasks such as image classi-
fication and captioning [5]. The performance of CLIP,
however, depends strongly on prompt design. Manual
or large-language-model-based prompt design generally
requires costly trial and error. Prompt learning avoids
this process by optimizing a prompt as a sequence of
continuous vectors [1, 6, 7, 8], but makes the resulting
prompt difficult to interpret. For example, a known
prompt such as “A photo of a {class}” may have an
embedding z = (0.30,0.20,...), while prompt learn-
ing produces 2z’ = (0.29,0.21,...). These coordinate
changes do not reveal which concepts have changed, and
2’ need not correspond to any human-readable sentence.

Existing methods improve interpretability by guid-
ing prompt learning with human-readable attributes or
concepts [9, 10]. They encourage interpretable prompts
during training, but do not provide a general post-hoc in-

terpretation of an arbitrary learned prompt. Other work
decomposes learned representations using sparse autoen-
coders or natural-language concepts [11, 12]. Patch-
SAE [13], for example, shows that multimodal prompt
learning [14] adjusts existing visual features rather than
acquiring entirely new ones. However, many of the
resulting features remain difficult to label in natural
language.

To examine these changes in human-readable terms,
we represent class-conditioned text embeddings before
and after prompt learning in a shared natural-language
coordinate system. Using the same concept coordinates
before and after learning makes otherwise opaque em-
bedding changes directly comparable and readable in
natural-language terms. We call this approach Prompt-
SpLiCE, a prompt-level application of Sparse Linear
Concept Embeddings (SpLiCE) [12]. PromptSpLiCE
expresses each prompt embedding as a nonnegative
sparse combination of natural-language concepts, allow-
ing changes induced by learning to be described through
the resulting concept profiles.

We evaluate PromptSpLiCE on prompts learned by
Context Optimization (CoOp) [1], a representative
prompt-learning method, across 11 image-classification
datasets. The analysis reveals substantial reorganiza-
tion of the natural-language concept profiles: on average,
only 1.6 of the initial top-10 concepts remain in the top
10 after learning. Qualitative results show that some
recognizable class concepts persist even as less intu-
itive terms rise in rank. Across datasets, larger profile
changes tend to accompany larger accuracy gains. A
local gradient analysis further provides geometric intu-
ition for why image-aligned concept directions distinct
from the current prompt can have greater local loss
sensitivity than directions parallel to it.

Our main contributions are as follows:

e We present PromptSpLiCE, a text-side post-hoc
analysis that places initial and learned prompt
embeddings in a shared coordinate system defined
by a fixed natural-language dictionary.

e We provide a systematic analysis of CoOp across
11 datasets, revealing substantial reorganization of
fitted concept profiles and illustrating this behavior
across all datasets.

e We derive an embedding-level sensitivity expression
that provides geometric intuition for loss-sensitive
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concept directions and distinguish it from the ac-
tual CoOp parameter gradient.

2 Related Work

2.1 Prompt Learning

Context Optimization (CoOp) [1] is a representative
prompt-learning method for CLIP. CoOp freezes the
pretrained model parameters and learns the token em-
beddings of a text prompt. Training maximizes the
similarity between an input image and the prompt asso-
ciated with its ground-truth class. The learnable token
embeddings are initialized with a manually designed
prompt, such as “A photo of a {class}.”

Most prompt-learning methods [1, 6, 7, 8, 14] are de-
signed primarily to improve classification performance
and do not explicitly address prompt interpretability.
Recent methods further enrich soft prompts with vi-
sual concepts or structured attributes [15, 16], but the
resulting task-adapted prompt generally remains a con-
tinuous vector whose semantic change is not directly
observable.

Interpretability-aware methods instead guide prompt
learning with human-readable knowledge, such as class
attributes or concepts [9, 10, 16]. Related work also con-
structs interpretable classifiers by aligning local visual
regions with language attributes [17]. These methods
build interpretability into training or inference. In con-
trast, we seek to diagnose an already optimized soft
prompt post hoc, without modifying its training objec-
tive or the resulting classifier.

2.2 Concept Decomposition of CLIP
Embeddings

Post-hoc concept decomposition seeks to explain high-
dimensional CLIP embeddings in terms of human-
interpretable concepts while keeping the pretrained
model fixed. A prominent approach uses an SAE [11]
to reconstruct an embedding as a sparse linear combina-
tion of learned basis vectors. Each basis vector can be
interpreted from the common properties of the inputs
on which it activates.

This framework has been extended rapidly to vi-
sion and vision-language models. PatchSAE [13] com-
pares intermediate visual-feature activations before and
after MaPLe adaptation [14], including High—High,
High—Low, and Low—High groups, and tests their in-
fluence through top-k latent masking. Our analysis is
complementary: it studies final text embeddings after
CoOp learning and uses a fixed natural-language dictio-
nary, but does not include an intervention test. Later
work evaluated whether SAE features are monosemantic
and human-aligned [18], aligned concept spaces across
different vision models [19], and used SAE features for
selective concept intervention [20] or post-hoc debiasing
of CLIP text embeddings [21]. Because an SAE learns
its dictionary automatically, assigning a precise natural-
language label to every basis vector remains a separate

interpretation step.

SpLiCE [12] addresses this limitation by using a
concept dictionary explicitly constructed from natural-
language terms. It reconstructs CLIP embeddings as
sparse nonnegative combinations of concept embeddings
and evaluates the resulting representations beyond co-
sine reconstruction. We apply this decomposition proce-
dure to text embeddings produced by prompt learning
and compare the fitted coefficients before and after
optimization.

3 PromptSpLiCE

Prompt learning adapts a vision-language model by op-
timizing continuous prompt embeddings, but changes
in these embeddings are difficult to inspect directly.
PromptSpLiCE decomposes the initial and learned
prompt embeddings using a fixed concept dictionary
and compares their fitted coefficients in a common co-
ordinate system.

3.1 Concept Decomposition of Prompt
Embeddings

We define PromptSpLiCE as a prompt-level applica-
tion of Sparse Linear Concept Embeddings that rep-
resents a prompt embedding as a sparse linear combi-
nation of a fixed natural-language dictionary. Decom-
posing prompts before and after learning in the same
dictionary enables their fitted coefficient profiles to be
visualized and compared.

Concept embedding dictionary. Let a set of M
concepts be specified in natural language. The CLIP
text encoder ¢(-) maps each concept to an embedding
cj € RP. We arrange these embeddings as the columns
of a concept dictionary

C = [C1,CQ,...,CM] S RDX]V[. (1)

Embedding preprocessing. CLIP text embeddings
are anisotropic and tend to share a large component
in a common direction [22]. Under this anisotropy, the
common component shared by concept and prompt
embeddings can dominate the reconstruction objective,
obscuring differences among concepts. We mitigate this
effect by centering and normalizing the embeddings.
Let

| M
MZM;Cj (2)

be the mean concept embedding. We define

= G~ K 5 Z-H
¢ = , Z= , (3)
T e = pll2 Iz = pll2
and replace Eq. (1) by
é:[élvéQa"'aéM]' (4)
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Figure 1: Illustration of fitted concept-coefficient changes and the local geometric intuition considered in this work. A
dictionary direction parallel to the current prompt has a small tangent component, whereas an image-aligned tangent

component can have greater local loss sensitivity.

Concept-coefficient estimation. We approximate
Z by a linear combination of the centered concept em-
beddings. Let w € R% be a nonnegative vector of
decomposition coefficients. We solve

. 1 -
w* = arg min §||C"w—z\|§4—)\||w||17 (5)
w>0

where A controls the trade-off between reconstruction
error and sparsity. The ¢; penalty sets many coeffi-
cients to zero. The coefficients are fitted post hoc and
are not activations measured inside CLIP. Because the
dictionary is overcomplete and contains correlated word
embeddings, similar reconstructions may admit different
coefficient supports. Equation (3) removes the length
of the centered residual. In particular, if

pz =z —pll2, z=p+p2z, (6)

then an exact inversion requires both the direction z
and the scale p,. The formulation used here retains the
direction and fixes the residual scale to one. Assum-
ing that z has unit norm, the resulting direction-only
reconstruction is

Cw* +p

an 22 TR (7)
[Cw* + pll2

Appendix A.1 gives the corresponding scale-aware ex-
pression and makes explicit the approximation intro-
duced by this convention.

3.2 Local Sensitivity in Concept Coor-
dinates

We next analyze a hypothetical local sensitivity of a
cosine-similarity-based classification objective in con-
cept coordinates. We regard w; as a local coordinate
vector for the reconstructed text embedding of class i,
while holding the image embedding and the other class
embeddings fixed. In this setting, prompt learning does

not optimize w; directly; it optimizes prompt parame-
ters, and PromptSpLiCE fits w; afterward. Thus, the
following derivative is an embedding-level sensitivity
rather than the gradient with respect to the prompt
parameters or the total derivative of the fitted Lasso
solution. For the prompt associated with class i, the
chain rule gives

oL oL 0s;
8wij o 881 8w2—j’ (8)

where L is the cross-entropy loss, w;; is the fitted co-
efficient of dictionary term j for class i, and s; is the
cosine similarity for class i.

Under the direction-only reconstruction convention
in Eq. (7), let £ € R” be a unit-normalized image
embedding and define

u; = Cw; + p, L, si=f"zi. (9

zZi =
[lwill2
The class probabilities are
exp(s;/T
pi= T) (10)

LS exp(sk/T)’

where 7 is the softmax temperature. For a one-hot
target t and cross-entropy loss £ = — ", t; log py, the
softmax derivative is

0L  pi—t;
== 7 11
as; T (11)
The remaining derivatives are
0s; + 0z; 1 v Ou; ~
= s = I — k& 5 = C5. 12
Bzi f a’ll,Z ||UZ||2 ( #iZ ) awij CJ ( )
Combining Eq. (8), Eq. (11), and Eq. (12) gives
i — i -
or _» Fr(I-z2)e;. (13)

Qwij 7wl

The complete differential calculation and its relation
to the underlying prompt parameters are provided in
Appendix A.2.



The factor p; — t; in Eq. (12) reflects the prediction
error. For the ground-truth class, it is p; — 1, whose
magnitude is larger when the correct-class probability
is low and approaches zero as the prediction becomes
confident. The temperature 7 and the norm ||u;||2 scale
the update without changing its qualitative dependence
on the concept direction. The direction-dependent term
in Eq. (13) can be written as

FTI—zz2)é =f"é —siz] ¢ (14)

The matrix I — zizlT projects onto the subspace orthog-
onal to the current prompt embedding. Equation (14)
therefore measures how strongly the component of dic-
tionary direction j orthogonal to the prompt aligns with
the image embedding. If ¢; is nearly parallel to z;, its
projected component and the hypothetical derivative
with respect to w;; are small.

Figure 1 illustrates when concept changes can be small
or large in this local view. For comparable prediction-
error and scale factors, a concept changes little when
its dictionary direction is nearly parallel to the current
prompt embedding z;, because its component orthogo-
nal to z; is small (upper). In contrast, a concept can
change substantially when its orthogonal component
aligns with that of the image embedding f, resulting in
high local loss sensitivity (lower).

4 Experiments

We evaluate PromptSpLiCE as a post-hoc natural-
language decomposition of prompt embeddings before
and after learning. We first assess reconstruction of the
full coefficient vector and then examine changes in its
ranking and distribution.

4.1 Experimental Setup

Datasets. We use 11 image-classification datasets:
ImageNet [23], OxfordPets [24], Caltech101 [25], Stan-
fordCars [26], Food101 [27], Flowers102 [28], FGVCAir-
craft [29], SUN397 [30], DTD [31], EuroSAT [32], and
UCF101 [33]. Together, they cover generic object recog-
nition, fine-grained classification, scene recognition, ac-
tion recognition, texture recognition, and satellite-image
classification.

Vision-language model and prompt learning.

We use CLIP [4] with a ResNet-50 image encoder [34];
both the image and text encoders are pretrained and
frozen. We apply CoOp [1], initialize its context with
“A photo of a {class},” and train it with 16 images per
class. The context tokens are optimized by SGD for 200
epochs with a batch size of 32 and a base learning rate
of 2 x 1073, The first epoch uses a warm-up learning
rate of 1 x 1072, followed by cosine annealing. As shown
in Fig. 2, this setting improves classification accuracy
on every dataset. The largest gain is 60.3 percentage
points on EuroSAT. All reported analyses use this single
RN50-CoOp configuration.

EuroSAT +60.3
Flowers102
DTD

UCF101
StanfordCars
FGVCAircraft
SUN397
Caltech101
ImageNet
OxfordPets

Food101 ff +1.1

0 10 20 30 40 50 60
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Figure 2: Improvement in classification accuracy obtained
by CoOp relative to the initial CLIP prompt.

Concept decomposition. Following SpLiCE [12],
we construct the concept dictionary from the 10,000
most frequent words extracted from LAION-400M cap-
tions [35]. The frequency-derived vocabulary contains
misspellings and other noisy lexical items, which limits
the readability of some fitted labels. The mean of the
concept embeddings is used to center both concept and
prompt embeddings. We solve Eq. (5) using the alter-
nating direction method of multipliers (ADMM) [36]
and set the ¢; regularization coefficient to A = 0.01
unless otherwise stated.

4.2 Embedding Reconstruction Fidelity

We first evaluate how closely the full PromptSpLiCE
decomposition reconstructs an original prompt embed-
ding z. The evaluation metric is the cosine similarity
between z and its reconstruction from Eq. (7):

Qs
cos|lz,—=—— ).
[Cw* + pl|

A value close to one indicates directional agreement
between the original embedding and the reconstruction
from the full coefficient vector. It does not establish
that the top-ranked terms alone faithfully represent the
prompt or preserve its predictions.

Figure 3 reports the average over the 11 datasets
for prompts before and after learning. We vary
the regularization coefficient in Eq. (5) over A €
{0.5,0.4,0.3,0.2,0.1,0.05,0.01}. The horizontal axis
shows the number of nonzero coefficients for each value
of A\. At A = 0.01, the learned prompts have approx-
imately 450 nonzero coefficients and achieve a cosine
similarity of 0.98. Although this is sparse relative to
the 10,000-term dictionary, 450 terms do not constitute
a concise explanation. The top-10 displays below are
illustrative subsets of this larger solution; their cumula-
tive mass and reconstruction fidelity are not evaluated
here.

Figure 4 shows example decompositions for the Eu-
roSAT class “Annual Crop Land” and the StanfordCars
class “2012 FIAT 500 Convertible.” For Annual Crop

(15)
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Figure 3: Cosine similarity between original prompt em-
beddings and their full PromptSpLiCE reconstructions, av-
eraged over 11 datasets. Sparsity is controlled by A €
{0.5,0.4,0.3,0.2,0.1,0.05,0.01}.
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Figure 4: Top-10 dictionary terms and their fitted coeffi-
cients before and after prompt learning. The top row shows
EuroSAT’s “Annual Crop Land” class, and the bottom row
shows StanfordCars’ “2012 FIAT 500 Convertible” class.

Land, farmland and crops have high fitted coefficients
for the initial prompt, whereas defend and baseman
rank highly for the learned prompt.

4.3 Changes in Coefficient Profiles

We compare the fitted coefficient rankings before and
after prompt learning. These rankings are obtained
with a fixed dictionary, solver, and regularization value
and should not be interpreted as direct measurements
of internal concept activation.

4.3.1 Quantitative Analysis

Each dictionary term is assigned to one of three groups:

o High—High: ranked in the top 10 both before
and after learning;

e High—Low: ranked in the top 10 before learning
but below the top 100 after learning; and

e Low—High: ranked below the top 100 before
learning but in the top 10 after learning.

Table 1: Average number of dictionary terms in each rank-

transition group.

Dataset High—High High—Low Low—High
EuroSAT 0.3 9.2 9.4
DTD 0.8 8.3 8.5
FGVCAircraft 1.1 7.3 7.2
UCF101 1.2 7.8 7.8
Caltech101 1.5 7.1 7.2
Food101 1.6 6.3 6.5
Flowers102 1.9 6.0 5.9
ImageNet 1.9 6.2 6.9
SUN397 1.9 6.6 6.6
StanfordCars 2.5 4.8 4.7
OxfordPets 3.1 4.7 4.5
Average 1.6 6.8 6.8

The top-10 and below-100 cutoffs provide a simple de-
scriptive summary, but they are threshold choices; cross-
ing a boundary does not by itself imply that a model-
internal concept was suppressed or newly acquired.

Table 1 reports the average group size across classes
for each dataset. High—High terms are few on most
datasets, while High—Low and Low—High transitions
are common. Averaged over all 11 datasets, only 1.6 of
the initial top-10 terms remain in the top 10; 6.8 fall
below rank 100, while 6.8 rise from below rank 100 into
the top 10.

EuroSAT exhibits the largest change in the fitted
coefficient rankings, with averages of 0.3, 9.2, and 9.4
for High—High, High—Low, and Low—High, respec-
tively. Limited coverage of satellite-domain terms in
the general-purpose LAION-derived dictionary may con-
tribute to this result. Across datasets, the fitted rank-
ings change substantially. However, because correlated
dictionary terms can replace one another in the Lasso
solution, these changes may arise from both CoOp-
induced changes and instability in the decomposition.

4.3.2 Qualitative Analysis

Figure 5 compares fitted coefficient rankings before and
after learning, showing larger changes for EuroSAT
than for StanfordCars. For EuroSAT’s “Annual Crop
Land” class, directly related terms such as farmland and
crops move from the top 10 to below rank 100, whereas
defend and baseman make the opposite transition. For
StanfordCars’ “2012 FIAT 500 Convertible” class, class-
related terms such as fiat and convertible remain highly
ranked, while less intuitive terms such as poles and
typewriter move upward.

Figure 6 shows two complementary cases. For Flow-
ers102’s “moon orchid” class, orchids remains highly
ranked, but moon, orchid, and bulb move downward;
checkers, joined, and peel move upward instead. For
SUN397’s “videostore” class, a coherent set of scene-
related terms, including dvd, store, retailer, and cinema,
retains high coefficients, while shops and films move
downward and less intuitive terms move upward.

Taken together, these examples show that the selected
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Figure 5: Changes in fitted decomposition coefficients for
representative classes. Each point is a dictionary term; the
horizontal and vertical axes show its coefficient before (CLIP)
and after (CoOp) prompt learning, respectively. Selected
High—High, High—Low, and Low—High terms are labeled.

dictionary profile does not necessarily preserve the rank
of terms that humans regard as semantically related
to a class, nor does it uniformly move them downward.
Appendix B provides corresponding examples for the
remaining seven datasets.

4.4 Exploratory Association with Accu-
racy Gain

We next quantify the magnitude of the coefficient-
distribution change and compare it with the accuracy
gain from prompt learning. Let P and @ be the nor-
malized nonnegative PromptSpLiCE coefficient distri-
butions before and after learning, respectively. We
measure their difference with the Jensen-Shannon (JS)
divergence:

ISP Q) = 5 KL(P || M)+ S KLQ| M), (16)
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where M = (P + Q) and KL denotes the Kullback—
Leibler divergence.

Figure 7 plots, for each of the 11 datasets, the mean JS
divergence between initial and learned prompts against
the corresponding accuracy gain from CoOp. The
dataset-level Pearson correlation is r = 0.64 (nomi-
nal p = 0.035, n = 11). We treat this as an exploratory
association in the present configuration. The small sam-
ple and the prominent EuroSAT endpoint make the
estimate potentially sensitive to individual datasets.

5 Conclusion

We present PromptSpLiCE, a post-hoc method that
places class-conditioned text embeddings before and
after prompt learning in a shared coordinate system de-
fined by a fixed natural-language dictionary. Applied to
CoOp across 11 datasets, the analysis revealed substan-
tial changes in the fitted concept profiles. Larger profile
changes also tended to accompany larger accuracy gains.
A local gradient analysis provided geometric intuition
for why image-aligned concept directions distinct from
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Figure 7: Mean fitted coefficient-distribution change versus
classification-accuracy improvement across the 11 datasets
(Pearson’s r = 0.64). The dashed line is a linear regression
fit. The 11-point association is exploratory.

the current prompt can have greater loss sensitivity.

PromptSpLiCE makes changes in continuous prompts
readable through named concepts without modifying
the prompt-learning procedure. It therefore provides
a practical text-side diagnostic that can be applied
beyond CoOp and complements analyses of visual rep-
resentations.
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Detailed Derivations

A.1 Reconstruction after Centering and

Normalization

The preprocessing in Eq. (3) separates the centered
prompt embedding into a direction and a scale. Define

pz = ||z — pll2- (17)

Provided that p, > 0, multiplying Eq. (3) by p. gives

zZ—p=p2, z=p+p,Z. (18)



Let the decomposition residual be
e=Cw" -2z (19)

If the discarded scale is retained, the unnormalized
reconstruction is

U(pz) = p+ p.Cw* =z + p.e. (20)
Hence, before the final unit normalization,
[6(pz) — zll2 = pzllell2- (21)

The corresponding scale-aware unit vector is

= H+PzC~'U?*
Z(pz) =

= - 22
I+ pa Gl 22)

When e = 0 and z is unit-normalized, Eq. (22) recovers
z exactly. The direction-only reconstruction in Eq. (7)
is obtained by setting p, = 1. It therefore reconstructs
the direction used by the decomposition but is not, in
general, an exact inverse of the preprocessing operation.

A.2 Local Sensitivity in Concept Coor-
dinates

For one training example, let

_exp(sg/T) _ o
Dr = 5, exp(se/7)’ L zk:tkl gpr,  (23)

where >, t; = 1. Substituting the softmax into the
loss gives

1
L= - Ztksk + logZexp(Sg/T). (24)
k ¢

Differentiating each term with respect to s; yields

oL t; 1 i ;i — t;
__t 1 exp(s;/T) _p . @5
0s; T Ty ,exp(se/T) T
Next, set r; = ||u;||2 and z; = w;/r;. The differential

of the norm is

Tdu,
dry = R 2z du,. (26)

Ti
Using the product rule on z; = u;r; ! gives

dui u;
— A =
T 4

— (I — zq;ziT) du;. (27)

Ti

dzi =
%

Because u; = C’wi + u,

8ui

0wij

= é;. (28)

It follows from s; = f ' z; that

6Si 1

Osi_ 1 v LoTye 2
dug " Tul? A 09

K3

Multiplying Eq. (25) and Eq. (29) gives Eq. (13). Equiv-
alently, the gradient with respect to the entire concept-
coordinate vector is

Pi —ti T T
Vo, L = C (I—=zz)f. 30
el ¢ ) (30)

This calculation treats w; as a local coordinate vec-
tor and assumes that it affects only s;. The underlying
prompt-learning method instead optimizes prompt pa-
rameters 6, which may be shared across classes. If
J; = 0z;/00 denotes the text-embedding Jacobian, its
parameter gradient has the more general form

Vol => J'V..L, (31)

where J; includes the text-encoder Jacobian and any
cross-class parameter sharing. Therefore, Eq. (13)
should be interpreted as a class-wise, embedding-level
sensitivity expressed in the PromptSpLiCE coordinate
system. It is not the total derivative of the post-hoc
solution wj(z;(0)), which would additionally require
differentiating through the Lasso solution and account-
ing for changes in active support. At a nonnegativity
boundary w;; = 0, it describes the local unconstrained
derivative; feasible perturbations of the coefficient re-
main one-sided.

B Additional Qualitative Results

Figures 8-10 show the remaining seven datasets not in-
cluded in Fig. 5 or Fig. 6, giving qualitative coverage of
all 11 datasets. Each panel pairs representative images
with a scatter plot whose horizontal and vertical axes
show fitted coefficients before (CLIP) and after (CoOp)
learning, respectively. Green, red, and orange points
denote High—High, High—Low, and Low—High transi-
tions; gray points show the remaining dictionary terms.
These transitions vary across datasets, consistent with
Table 1. The discussion below focuses on the labeled
terms selected to illustrate the three transition types;
these labels are examples rather than an exhaustive or
unique summary of each coefficient distribution.

DTD and FGVCAircraft. For DTD’s “lined” class,
lines remains highly ranked, whereas lined, photo, rect-
angle, and queue move downward. Terms such as sauna,
baseman, and gilt move upward. For FGVCAircraft’s
“Cessna 172" class, charter and helicopter remain highly
ranked, while aircraft moves downward and moore,
splaying, and establish move upward. Thus, category-
related and less intuitive dictionary terms can undergo
different rank transitions.

UCF101 and Caltech101. For UCF101’s “Bench
Press” class, lifting and bench remain highly ranked, but
press and pressing move downward, while fails, creates,
rowing, and moroccan move upward. For Caltech101’s
“watch” class, watches and smartwatch remain highly
ranked, whereas wrist moves downward and patent and



lined
e High - High
0.30{ © High-Low
Low - High
Other
0.251
8- 0.201
o
e
c
S 0154 ,sauna
©
2
E baseman i
0.101 ° gilt . lines
they
0.051
an photo  queue lined
0.001 o o °
rectangle
0.00 0.05 0.10 0.15 0.20 0.25 0.30
Activation (CLIP)
(a) DTD: “lined”
Bench Press
0.30
e High - High
e High - Low
0.25 Low - High
! Other
0.20
=
Q
o
<
c 0.15
2
® fails L
2 ¢ . creates , lifting
] .
< 0.10 rowing bench
{ moroccan °
|
0.05
thichness
° press
0.00 . .p.re§§sing
0.00 0.05 0.10 0.15 0.20 0.25 0.30

Activation (CLIP)

(¢) UCF101: “Bench Press”

Activation (CoOp)

0.12

0.10

0.08

0.06

0.04

0.02

0.00

Cessna 172

s High - High

e High - Low
Low - High
Other

moore SPlaying

establish

2
|
] ®

charter
°

.
helicopter

test
°

activist aircraft
- ° °

000 002 0.04

006 008 010 0.12
Activation (CLIP)

(b) FGVCAircraft: “Cessna 1727

Activation (CoOp)

watch
0351 . High - High
e High - Low
Low - High
0.301
Other watchef
0.251
0.201
0.15 smartwatch
°
atent
0.101 P
© bathtub
0.051
wrist
°
activated
0.001 weo oo foto

000 005 0.10

015 020 025 030 0.35
Activation (CLIP)

(d) Caltech101: “watch”
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Figure 9: Additional decomposition-coefficient changes for Food101 and ImageNet.

bathtub move upward. These cases show that substantial
coefficient-rank turnover can coexist with the retention
of highly diagnostic terms.

Food101 and ImageNet.
class, desserts and cappuccino remain highly ranked,
while mousse moves downward and social, spinach, and

For Food101’s “tiramisu”
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Figure 10: Additional decomposition-coefficient changes
for the OxfordPets class “sphynx.”

golden move upward. For ImageNet’s “bridegroom”
class, groom remains dominant, whereas brides, vows,
and uniforms move downward and via, curved, squad,
and sedan move upward. These cases again show that a
central category-related term can remain highly ranked
while related and less intuitive terms undergo different
transitions.

OxfordPets. For OxfordPets’ “sphynx” class, cat,
synthetic, and pyramid remain highly ranked. In con-
trast, egyptian and slim move downward, while horny,
fized, generated, and chino move upward. Thus, broad
and fine-grained labels can behave differently in the
fitted coefficient ranking.

Across these seven cases, at least one intuitive term of-
ten remains in the High—High group. At the same time,
related terms can move to High— Low, while Low— High
frequently contains labels with no clear human relation
to the class. This pattern is consistent with Table 1
and illustrates why high full-embedding reconstruction
fidelity does not, by itself, establish stability or semantic
fidelity of the displayed top-ranked terms.
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