CASPA: Graph-Structured Concept Anchors for Modality-Agnostic Adaptation
in Vision-Language Models

Supplementary Material

S1. Supplementary Overview

We follow the evaluation protocols established in vari-
ous prior works [3, 6, 22]. To assess CASPA’s task-
agnostic capabilities, we adopt multiple experimental se-
tups and compare it with a range of state-of-the-art methods
[3, 6, 8, 13, 16, 17, 21, 22, 24, 31, 40-43, 46-50] across
different benchmarks. The supplementary material is orga-
nized as follows:
1. Methodological Justifications and Complexity Sum-
maries in Subsection S1.1
- More details on the methodological reasoning behind
CASPA.
- Provide summary of computational complexity, such as
parameters, FLOPs, training time in Table 8.
- Present step-by-step pseudo-codes (Algorithms 1 and
2) for CASPA.
2. Experimental Setup and Datasets Used in Subsection
S1.2
- Outline the experimental protocols for reproducibility.
- Offer detailed descriptions (Table 9) of all datasets.
3. Additional plug-and-play benchmarking with SOTA
Methods in Subsection S1.3
- Compare CASPA + CoOp against vanilla CoOp (pop-
ularly used for comparison) [49] and a recent two-stage
state-of-the-art adaptation method [6].
4. Ablation Studies on ImageNet [5] in S1.3
- Provide ablation results for CASPA + CoOp (Table
13) and show that CASPA reduces generalization gaps
caused by source domain overfitting, even as the number
of shots increases.
5. Qualitative Visualizations in S1.3
- Include examples highlighting CASPA’s zero-shot
recognition ability (Figure 7) by showing performance
on most confusing samples where CLIP struggles.
6. Discussion on Advantages and Limitations in Subsec-
tion S1.4
- Conclude with a discussion of CASPA’s strengths and
its potential limitations.

S1.1. CASPA: Conceptual Overview

CASPA is designed around the idea that the downstream
adaptation of vision—-language models [14, 19, 31, 35, 37]
should exploit the shared conceptual manifold already en-
coded in the pretrained CLIP embedding space. Rather
than optimizing a separate learnable prompt for each
class—an approach commonly used in prompt-tuning meth-
ods, CASPA introduces a compact set of semantic anchors

that serve as global basis elements. These anchors are
modality-specific, as defined in (Eq. 2), and also rewritten
below:
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and they are shared across all classes. Classes do not learn
independent textual vectors; instead, each class forms a
mixture over anchors via association coefficients (Eq. 3),
and rewritten as

11',(,5) e AKm—1

which produce adapted prototypes (Eq. 5), and is rewritten
as

Ko
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Let A, = [ag,i), .. ,a%(’"’)] € R4*Km denote the an-
chor matrix. We equivalently write the anchor mixture as
A,y = Zf:l ﬂ,(;)kafﬁ) = M, consistent with the
notation used in the main paper. These prototypes unify
three components: (i) the frozen CLIP embedding bgﬁ),
(i1) the semantic anchor mixture, and (iii) a lightweight
residual SS,? that locally refines class-specific patterns. This
induces a shared semantic space that is smooth, composi-
tional, and aligned across modalities, and provides the foun-
dation for the two major design principles detailed below.

Justification I: Parameter Sharing in CASPA. Com-
pared to methods like CoOp [49], CASPA enjoys substan-
tially better parameter scaling. In class-specific CoOp, each
class learns M, context tokens, each with a d-dimensional
vector, leading to a total parameter cost of O(C M. d),
where C' is the number of classes. This linear growth in
C makes CoOp increasingly expensive.

In CASPA, the situation is different. The model uses
K text anchors and K, image anchors, each of dimension
d, which are shared across all classes and thus incur only
a constant cost independent of C. For each class, CASPA
learns only: (1) a (K;+ K, )-dimensional association vector
that mixes the anchors, and (2) two d-dimensional residual
shifts that refine the class embedding. The resulting param-
eter complexity is

O(K,d+ K,d) + O(C(K, + K,)) + O(Cd),
N——

residuals

anchors associations
where K; and K, are typically small, making CASPA more

scalable in C. Table 8 provides a summary of CASPA’s re-
source usage on ImageNet. The model is lightweight and



efficient, with 1.1M parameters and low GFLOPs per sam-
ple (= 0.07 GFLOPs), along with low memory consump-
tion and competitive training time.

Justification II: Semantic Factorization and Recon-
struction. CASPA is built on the assumption that down-
stream class semantics occupy a low-dimensional, shared
conceptual subspace embedded within the CLIP joint man-
ifold. To formalize this, let the adapted textual prototypes
be collected as

(z))T
Z;, = : € RE*4,
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and define the corresponding Base embeddings as

(by)T

B, = e RE*4,
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We further define the textual anchor bank as

A, = [agn agKt)} c RI*K:
From the CASPA formulation (Eq. 5), each prototype is
produced as

ch) = Norm (bgc) + Aﬂrt(c) + stc)) i

When the learned residuals s§°) remain small, as encour-

aged by anchor sharing, each prototype becomes well-
approximated (up to a small residual) by the normalized
combination Norm(b{” + A,7{”)). Stacking terms over all
C classes, therefore, yields the approximate factorization

Z,~B+ILA] < 29 ~Norm (b,ﬁc) + Amt@)
(16)
where IT; stacks all association vectors.
The reconstruction quality is quantified by the Frobenius
deviation

a7

If this deviation is small, then the anchors A4; span a shared
conceptual basis for the dataset’s semantics, meaning that
a small K, suffices to approximate the (potentially high-
dimensional) class structure.

Lemma 1. Let
Z, € R9,

At c ]RdXKt7 Ht c RCXK}’

1/2
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and define the residual matrix as
E(Z;, — B;) —II,A/.

If |E||r < ¢, then every prototype lies within the Euclidean
distance at most € from the anchor subspace:

Vee{l,...,C}: dist(zgc),Span(At)) <e.

Thus, small Frobenius deviation guarantees that the an-
chors form an (approximate) shared semantic basis for all
classes. Here, € denotes an upper bound on the Frobenius
reconstruction error.

_rel] so that e, = (z{”) —

Proof. We write E = [e] ;..
b{?) — Ay7(). The Frobenius norm decomposes row-wise
into a sum of squared Euclidean error over classes, since it

is the /5 aggregation of all row residuals. Then

C
BI7 = llecls <&
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Since each term is non-negative, every row satisfies
llec|l2 < e. Because Aymw'”

bound follows:

lies in span(A), the distance

dist (2", span(A,)) < [l2;” — A |z = [lec]l2 < .
O

Discussion. (Eq. 16) shows that CASPA effectively seeks
a low-rank approximation of the adapted textual prototypes
using a shared anchor dictionary A, and class-specific mix-
ing coefficients II;. By formalizing the reconstruction error
through the Frobenius norm, (Eq. 17), the lemma estab-
lishes a direct geometric interpretation: small global recon-
struction error implies small per-class distance from each
prototype to the anchor subspace.

The discussion stated above utilizes two facts: (i) the
Frobenius norm is the square root of the sum of squared
row norms, and (ii) each anchor reconstruction At7r§6) lies
in span(A;). From ||E||r < ¢, it follows that every proto-
type lies in an e-neighborhood of the subspace. Thus, the
lemma formalizes that CASPA does not merely compress
the class representations, it ensures a uniform upper bound
on how far any individual class embedding can drift from
the shared semantic basis. Conceptually, this validates the
central claim: if the learned anchors capture the core seman-
tic directions of the dataset, then the class-specific compo-
nents need only fine-tuning within a small neighborhood,
keeping the adaptation stable, data-efficient, and resistant
to overfitting. This provides theoretical support for the em-
pirical observation that small anchor banks (K; < d) suf-
fice to model high-dimensional class semantics across di-
verse datasets. For clarity, we present the factorization on



the text side; the image-side derivation is entirely analo-

gous by replacing (Z¢, A, IT;) with their visual counter-

parts (Z,, A,,IL,).

Remark. The lemma is purely conditional: it as-
sumes only the reconstruction bound ||E|r < ¢ and does
not require E to lie in span(A;). When prototypes are
fo—normalized in practice, this /5 distance bound directly
implies a small angular deviation, and ensures that the geo-
metric interpretation remains valid.

This factorization perspective yields several emergent
behaviors:

* Compositionality. New or rare categories are repre-
sented as mixtures of anchors, enabling a more robust
zero-shot transfer.

* Multi-class consistency. Semantically related classes ac-
quire similar mixture weights TI't(C), promoting smooth-
ness over the class manifold.

« Geometric regularization. Since 7\ € AK:=1, the
anchor component Atﬂ',gc) lies in the convex hull of an-
chors, constraining updates to a bounded region of the
embedding space and promotes stable, non-degenerate di-
rections.

Anchor quality is further enforced by the diversity regu-
larizer (Eq. 6), and is rewritten as

Lav="Y |ALAn,
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which encourages anchors to be approximately orthogonal,
preventing “anchor collapse” and improving the effective
rank of the conceptual basis.

Finally, the cross-modal alignment term (Eq. 9):

xcr:CZ

ensures that both modalities employ the same conceptual
coordinate system. Together, these properties imply that
CASPA performs a regularized, multimodal matrix factor-
ization of class semantics that underpin its transferability.

— cos( M(() M(c)))

Table 8. CASPA resource consumption on ImageNet

Metric Value
Total Parameters 1.1 M
FLOPs per forward pass 0.07 GFLOPs
Forward pass memory 4.09 MB
Peak memory requirement 1501 MB

Total time 9 mins (A6000)

S1.2. Experimental Setup

Datasets and Experimental Setup. We evaluate CASPA
across eleven widely adopted visual recognition bench-

Algorithm 1 CASPA: Few-Shot Adaptation Pipeline

Require: Pretrained encoders fy,ge, Base embeddings
{b{? b{?1C | dataset {(z;, y;) ;. anchors K, K,
hyperparameters Ay, A, batch size B

1: Initialize anchors A; € R4*Et A e RI*Kv
2: Tnitialize residuals {s{”'}, {s\”)} < 0
3: Initialize learnable logit scale s
4: for each training step do
5: Extract normalized image features:
6: X < [Norm(fy(z1)), ..., Norm(fs(zp))]"
7: Compute anchor association weights:
8: forc=1...C'do
9: 7% softmax(A;] bl?)
10: 71'1(,0) — softmaX(AIbg,C))
11: end for
12: Compute anchor mixtures:
13: forc=1...Cdo
14: M A,rl
15: (C) — Al
16: end for
17: Compose adapted prototypes:
18: forc=1...Cdo
19: z\) « Norm (bgc) + M+ stc))
20: 2 « Norm (bq(f) + M+ sq(f)>
21: end for
22: Form prototype matrix:
w3 Zy 29, 29T

24: Compute logits:
5. L+ s-XZ[
26: Compute losses:

L; ..
27 Lop = —<plig)

B
_% > iz log 5O

1 exp(Li,c)
28: Ly =& ZCCZI (1 — COS(MEC), MS,C)))

290 Lav = Vpeqroy [AmAm —Ix, |7
30: Total loss:
L= £CE + )\zﬁxcr + )\dﬁdiv
31: Update parameters:
3. Update Ay, Ay, {s!9},{s\”}, s via gradient de-
scent
33: end for

marks (Table 9) spanning generic object recognition (Im-
ageNet, Caltech), fine-grained categorization (OxfordPets,
StanfordCars, Flowers102, Foodl101, FGVC Aircraft),
scene and texture understanding (SUN397, DTD), satellite
imagery (EuroSAT), and human action recognition (UCF).
These datasets cover a broad range of visual domains, class
cardinalities, and sample sizes, and provide a comprehen-
sive test bed for measuring transferability, few-shot adapta-



Table 9. Summary of datasets used for our experimentation. A detailed decription is also provided.

Prompt

Fine-grained flower classification

“a photo of a [CLASS].”

“a photo of a [CLASS].”

“a photo of a [CLASS], a type of pet.”

“a photo of a [CLASS].”

“a photo of a [CLASS], a type of flower.”

Dataset Classes Train Validation Test Description

ImageNet [5] 1000 1.28M - 50k Recognition of generic objects
Caltech [7] 100 4128 1649 2465 Recognition of generic objects
Oxford Pets [29] 37 2944 736 3669 Fine-grained pet classification
Stanford Cars [20] 196 6509 1635 8041 Fine-grained car classification
Flowers102 [28] 102 4093 1633 2463

Food [1] 101 50,500 20,200 30,300 Fine-grained food recognition
FGVC Aircraft [27] 100 3334 3333 3333 Fine-grained aircraft classification
SUN397 [39] 397 15,880 3970 19,850 Scene classification

DTD [4] 47 2820 1128 1692 Texture classification
EuroSAT [11] 10 13,500 5400 8100 Land use & satellite imagery
UCEF [36] 101 7639 1898 3783 Human action recognition

“a photo of [CLASS], a type of food.”

“a photo of a [CLASS], a type of aircraft.”
“a photo of a [CLASS].”

“[CLASS] texture.”

“a centered satellite photo of [CLASS].”
“a photo of a person doing [CLASS].”
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Figure 7. Zero-shot predictions on confusing ImageNet Novel samples. CLIP zero-shot predicts incorrectly, while CASPA correctly
classifies the difficult Novel images with high confidence. For instance, the first image shows a desktop computer sitting on a desk. CLIP
incorrectly predicts ‘desk’ because it over-relies on the dominant contextual object in the scene rather than the smaller, specific object (the
computer). CASPA, correctly identifies the ‘desktop computer’ with 27.7% confidence by focusing on the object features rather than the
surrounding context. The same is the case with the envelope and espresso machine images. Green denotes true label.

tion, and zero-shot capabilities of an adapter.

For all datasets, we use handcrafted prompt templates to
construct text queries like prior methods [31, 46, 49]. All
reported results in the main paper use ViT-B/16 as the de-
fault backbone. To maintain parity with prior methods, we
consistently adopt this backbone across all experiments un-
less otherwise stated. All experiments employ the AdamW
optimizer with an initial learning rate of 1 x 10~* across all

setups. For optimization, we use K = 48 learnable anchors,
with a diversity regularization weight of Ay = 0.05 and a
consistency regularization weight of A\, = 150. We adopt
the cosine consistency mode throughout. A short warm-
up phase is applied at the beginning of training for 10% of
the total epochs. For ASAM, we set fixed p = 0.1 and
1 = 0.01 consistently across all experiments and datasets.
The batch size is set to 4 for all experiment regimes, ex-



Algorithm 2 CASPA: Zero-Shot Adaptation to Novel

Classes
Require: Learned textual anchors A, =
[agl) agK”)] € R¥xK:

I: Base class embeddings {b\”}C_,, Novel class embed-
ding "™ € R¢,

2: Normalized image feature x € R4, Confidence over
base classes confp,ge € [0, 1],

3: Scaling parameters min, Omax, Sharpness y

4: Compute anchor association weights (vectorized
softmax):

wew) softmax(A:bgneW)) € R¥

> Softmax ensures convex combination over anchors
5: Compose adapted prototype via anchor mixing:

Zgnew) - Norm(b)(:new) T A, 7.‘_(new))

> Normalized prototype lies on unit hypersphere
6: Compute confidence-adaptive scaling factor:

Qadaptive < Gmin + (amax - amin) : 0(7(05 - Confbase))

>o(z) = 1/(1 4 exp(—=z)) is the sigmoid
7: Compute scaled logit for Novel class:

(new)
Lnew — (ladaptive * (X T2y )

8: Output: Scaled logit /.., for the novel class

Table 10. Training epochs across datasets for different setups.

3 =

Z = 4] = <

[5) 9 o s 170]

® £ 2 2 2 % E ZE g B
Setup g S & & E & < & An 2 D
Few-shot 10 15 10 30 100 100 100 30 100 100 40
Base-to-Novel | 15 12 10 30 100 100 100 30 100 60 40

cept for larger-scale ImageNet experiments, where we use
a batch size of 32. All learnable parameters are initial-
ized following standard practices. The text and image an-
chors, along with class-specific anchor weights, are initial-
ized from a zero-mean Gaussian distribution with a standard
deviation of 0.02. The shift parameters for both text and im-
age branches are initialized to zero. Additionally, the adap-
tive scaling parameter an,y is fixed at 5 for all experiments.
For Base-to-Novel and all-to-all few-shot settings, we re-
port the training epochs for each dataset in Table 10. All
reported results are averaged over three independent runs.
Adaptive Sharpness-Aware Minimization. To im-
prove generalization for Novel classes, we employ ASAM,
which extends Sharpness-Aware Minimization by introduc-

ing parameter-wise adaptive perturbations. Given model
parameters w and loss £(w), ASAM seeks parameters that
minimize the worst-case loss within a neighborhood:

min max L(w + €), (18)
W lell<p
where p controls the neighborhood size.
Unlike SAM [15, 25], ASAM scales the perturbation
adaptively based on the magnitudes of the parameters. For
each parameter w;, the perturbation is defined as:

& = (lwil +m) - == - i (19)
gll2
where g = Vy, L£(w) is the gradient, ||g||2 its £2 norm, and
7 is a small constant to avoid vanishing scaling.
The optimization proceeds in two steps:
» Ascent step: Perturb parameters along the adaptive di-
rection:
wh=w+e 20)

* Descent step: Revert the perturbation and update the pa-
rameters using the gradient evaluated at w:

W w—aVyL(wT), 2D

where « is the learning rate.
Here, we compute the gradient norm as:

1/2
Igll2 = (Z H%”%) : (22)

ensuring a normalized perturbation direction across all pa-
rameters. The adaptive scaling (Jw;| + 1) biases the pertur-
bation toward parameters with larger magnitudes, and pro-
motes flatter minima in scale-invariant directions.

Role of Initialization in CASPA-A. CASPA-A employs
an initialization strategy by constructing class prototypes
through Gaussian-weighted aggregation [17] of prompt-
based text embeddings. A shared set of prompt templates
is used across all classes, where each template is instan-
tiated with the corresponding class name. The resulting
embeddings are normalized and combined using a Gaus-
sian weighting scheme over the template set, which empha-
sizes central, more stable prompt formulations. Although
the same templates are used for every class, diversity arises
from the different semantic instantiations of the class names
within each template. This reduces prompt-induced vari-
ance and improves the alignment between visual and textual
representations.

Cross-data Transfer Mechanism. We train CASPA on
all 1000 classes of the ImageNet dataset [5] using a 16-shot
setting (ViT B/16). At inference time, for a target dataset
whose distribution differs significantly from natural images,
no additional training, fine-tuning, or access to target data



is performed, which ensures a strict zero-shot setting. In-
stead, text embeddings corresponding to the target classes
are projected into the shared CLIP embedding space and
subsequently adjusted using a learned anchor-induced bias
along with a global shift term. The anchor vectors can be
interpreted as a basis spanning semantically meaningful di-
rections, while the learned class-conditioned weights deter-
mine how these directions are combined to transfer prior
knowledge to unseen classes.

S1.3. Additional Results

CASPA demonstrates favorable plug-and-play compatibil-
ity with CoOp prompt- tuning, under the 16-shot Base-
to-Novel generalization setting. As shown in Table 11,
CASPA + CoOp outperforms 2SFScoop in 24 out of 36
evaluation criteria (Base, Novel, HM), and surpasses CoOp
in 33 out of 36 cases. Concretely, we integrate CoOp
within CASPA by using the learned prompt embeddings to
construct text features, which are then passed through the
CASPA adaptation pipeline. In other words, CoOp oper-
ates at the input level by refining textual prototypes, while
CASPA performs output-space adaptation via anchor banks,
association weights, and residual shifts on top of the result-
ing image-text similarities. This modular composition al-
lows CASPA to enhance CoOp without modifying its inter-
nal optimization or the frozen CLIP backbone.

We note that CASPA improves generalization perfor-
mance, outperforming 2SFSc,0, on 8 out of 12 Harmonic
Mean (HM) evaluations, and CoOp on 11 out of 12 cases.
Notable gains are observed on challenging datasets such as
EuroSAT, DTD, UCF, and Food, where improvements in
Novel class accuracy lead to a substantial increase in HM.

The radar chart in Figure 8 compares CASPA and
CASPA-G performance across 11 datasets for Base, Novel,
and HM accuracies. Overall, the two methods show largely
comparable performance, with similar trends across most
datasets. A notable exception is EuroSAT, where CASPA-
G achieves a significantly higher HM; this is also discussed
in the edge-case analysis in the main paper. This indicates
its stronger generalization on this particular dataset, and
CASPA-G can provide improved robustness on certain spe-
cialized domains.

Table 12 presents a comparison of CASPA with other
state-of-the-art methods under the all-to-all generalization
(16-shot) setting using ViT-L/14. CASPA-G achieves an
overall performance of 87.1%, matching or surpassing the
best performing methods across multiple datasets.

Ablation on Varying Source-Domain Training on
Base-to-Novel Class Performance. The ablation study
(Table 13) on ImageNet Base-to-Novel generalization us-
ing the CASPA + CoOp method with a ViT-B/16 backbone
reveals a clear trade-off between Base and Novel class ac-
curacies as the number of shots increases. Specifically, as

CASPA vs CASPA-G Performance Across Datasets

Cars

DTD
—— CASPA Base CASPA-G Base
=== CASPA Novel CASPA-G Novel
----- CASPA HM CASPA-G HM

Figure 8. Radar chart comparing CASPA and CASPA-G per-
formance across 11 datasets. Solid lines indicate Base accuracy,
dashed lines indicate Novel class accuracy, and dotted lines in-
dicate the Harmonic Mean (HM) of Base and Novel. CASPA is
shown in blue, while CASPA-G is shown in orange. All values are
in percentages.

the number of shots increases from 1 to 16, the Base ac-
curacy consistently and significantly improves, rising from
70.20% at 1-shot to its peak of 76.44% at 16-shots. The
most crucial insight from this study lies in the behavior of
the Novel accuracy. Contrary to the typical risk in few-shot
fine-tuning, where superior adaptation to the Base classes
leads to overfitting and a subsequent degradation in perfor-
mance on the truly unseen Novel classes, the Novel accu-
racy remains remarkably stable, fluctuating only narrowly
between 65.29% and 65.57%. This stability persists even
as the Base accuracy surges by over 6 percent to 76.44% at
16-shots. This resilience strongly indicates that the design
of CASPA has effectively reduced overfitting.

Qualitative Analysis on Most Confusing ImageNet
Samples. In the main paper, we provide visualizations il-
lustrating explainability [34] in Figures 2, 3, embedding
analysis [38] in Figure 5, etc. Here, we further demon-
strate CASPA’s zero-shot predictive ability on challenging
ImageNet Novel samples (Figure 7), where CLIP is prone
to context-driven misclassification, but CASPA correctly
identifies the objects. For example, in the first image,
CLIP predicts ‘desk’ instead of the smaller desktop com-



Table 11. Comparison of plug-and-play capability of CASPA with CoOp-style prompt- tuning with CoOp and the latest SOTA method

(2SFS + CoOp) on 16-shot Base-to-Novel generalization using ViT-B/16 across 11 datasets. Results are reported for Base, Novel, and
Harmonic Mean (HM) accuracy. CASPA + CoOp exceeds the latest SOTA on 24/36 criteria, and exceeds CoOp on 33/36 criteria. CASPA
outperforms 2SFS + CoOp on 8/12 and CoOp on 11/12 occasions on Harmonic Mean.

Dataset Method Accuracy Dataset  Method Accuracy
Base Novel HM Base Novel HM
CoOp CVPR 22 7647 67.88 7192 CoOp CVPR’22 8833 8226  85.19
ImageNet 2orScoop  CVPR'25 7744 7111 7414 4 ' 2SFScoop ~ CVPR’25 88.06  88.68 8837
OURSco0p 7644 65.37 7047 OURSco0p 91.34  91.23  91.29
CoOp CVPR 22 98.00 89.81 93.73 CoOp CVPR 22 4044 2230  28.75
Caltech  2SFScoop  CVPR'25 98.00 9199 94.90 Nierart | 2SFScooy  CVPR'25 4460 2991 3581
OURSo0p 98.97 90.79 94.70 OURSco0p 46.10 2927  35.80
CoOp CVPR 22 93.67 9529 9447 CoOp CVPR’22 80.60 6589  72.51
Pets 2SFScoop ~ CVPR 25 9335 9696 95.12 SUN 2SFScoop  CVPR 25  79.16 7032  74.48
OURSco0p 94.84 96.13 95.48 OURSco0p 81.56 6636  73.18
CoOp CVPR 22 7812 6040 68.13 CoOp CVPR’22 7944  41.18  54.24
2SFScoop ~ CVPR 25 80.15 67.87 73.50 2SFScoop  CVPR’25 8140  49.11  61.27
Cars DTD
OURSo0p 79.01 68.87 73.59 OURSco0p 8424 5834  68.94
CoOp CVPR 22 97.60 59.67 74.06 CoOp CVPR’22 9219 5474  68.69
Flowers 28FScoop CVPR’25 9816 69.46 81.35 EuroSAT 2SFSco0p CVPR’25 9294 5076  65.66
OURSco0p 98.02 76.06 85.65 OURSco0p 93.56 7642  84.13
CoOp CVPR 22 8469 56.06 67.46 CoOp CVPR’22 8269 6322  71.66
UCE 2SFScoop ~ CVPR 25 85.04 64.67 73.47 Average 2SFScoop ~ CVPR'25 8349 6827  75.12
OURSco0p 87.65 75.86 8133 OURSco0p 18470 [72.25] [77.98]

puter, whereas, CASPA correctly predicts ‘desktop com-
puter’ with 27.7% confidence. Similar improvements are
seen for the envelope and espresso machine images. Please
note that both predict in a zero-shot manner where neither
are trained on those classes.

S1.4. Discussion

How does CASPA differ from prior adaptation meth-
ods? Unlike approaches that rely on additional modules
such as MLPs [32, 33] or parameter-efficient tuning strate-
gies like LoRA [12, 26], CASPA avoids introducing extra
architectural components. Instead, it learns a compact set
of shared semantic anchors that serve as reusable building
blocks across classes.

Are the learned representations interpretable? Yes.
The anchors correspond to meaningful semantic directions
in joint embedding space, and provide interpretability into
how class representations are constructed through combina-
tions of these primitives (Figures | & 3 in the main paper).

What is the role of hyperparameters in CASPA’s
Novel transfer? Hyperparameters in CASPA are used to
control the stability and sensitivity of different components

of the model. Key hyperparameters, such as the number of
anchors and the consistency weight, are selected via coarse
grid search on ImageNet and then reused across datasets.
This establishes a stable operating region that generalizes
effectively to new tasks without requiring dataset-specific
tuning.

In the case of confidence-adaptive scaling, the constant
~ determines how sensitively the model adjusts its behavior
based on Base class confidence. It controls how sharply the
scaling factor responds to changes in confidence. A well-
chosen value (e.g., v = 3) ensures that the adjustment is
neither too abrupt nor too weak.

How does CASPA achieve Base-to-Novel generaliza-
tion, and can it be adjusted? CASPA generalizes from
Base-to-Novel classes via shared semantic anchors, allow-
ing knowledge transfer to unseen classes. Generalization
can be tuned through anchor count, diversity regulariza-
tion, and confidence-adaptive scaling. We also note that de-
creasing batch size increases Base accuracy (85.76%) while
Novel accuracy decreases (76.81%), yielding a Harmonic
Mean of 81.04%, showing the trade-off between Base spe-
cialization and Novel transfer.



Table 12. All-to-all generalization results (16-shots) using ViT-L/14.

Backbone | Method | ImageNet SUN  Aircraft ESAT Cars Food Pets Flowers Caltech DTD UCF | Avg
Zero-Shot [31] 72.9 67.6 32.6 58.0 76.8 91.0 93.6 79.4 94.9 53.6 74.2 72.2
CoOp [49] 78.2 71.5 55.2 88.3 89.0 89.8 94.6 99.1 97.2 744 87.3 84.6
CoCoOp [48] 77.8 76.7 452 79.8 82.7 91.9 95.4 95.3 97.4 71.4 85.2 81.7
TIP-Adapter-F [46] 79.3 79.6 55.8 86.1 88.1 91.6 94.6 98.3 97.5 74.0 87.4 84.8
CLIP-Adapter [8] 76.4 78.0 46.4 75.8 83.8 91.6 943 97.3 97.3 71.3 86.1 81.7
KgCoOp [42] 76.8 76.7 47.5 83.6 83.2 91.7 95.3 96.4 97.4 73.6 86.4 82.6
ViT-L/14 MaPLe [16] 78.4 78.8 46.3 85.4 83.6 92.0 95.4 97.4 97.2 72.7 86.5 83.1
ProGrad [50] 78.4 78.3 55.6 89.3 88.8 90.8 94.9 98.7 97.5 73.7 87.7 84.9
LP++[13] 79.3 79.7 54.6 89.3 87.7 91.7 94.9 98.5 97.4 76.1 88.1 85.2
MMA [41] 79.9 80.2 56.4 76.3 88.0 92.0 95.5 98.4 97.6 75.8 88.0 84.4
2SFS [6] 79.4 80.3 64.1 92.9 90.3 91.1 95.5 99.1 97.5 78.0 89.5 87.1
CASPA-G 80.0 79.8 62.7 92.0 89.7 92,9 95.6 99.2 98.2 71.7 89.8 87.1

Table 13. Ablation study on ImageNet Base-to-Novel generaliza-
tion with CASPA + CoOp across different shots (1,2,4,8,16). Ac-
curacy (%) is reported for Base, Novel, and Harmonic Mean (HM).

Shots Accuracy (%)
Base Novel HM
1 70.20 65.46 67.75
2 72.24 65.57 68.74
4 73.42 65.52 69.24
8 75.14 65.29 69.87
16 76.44 65.37 70.47

Limitations and Future Directions. In this work,
CASPA uses fixed hyperparameters across datasets, which
limits dataset-specific optimization; tuning parameters such
as anchor count, regularization strength, or confidence-
adaptive scaling could further improve performance. The
method also relies on learning meaningful and diverse an-
chors, and hence classes with highly unusual or complex se-
mantics may require larger residual adjustments, potentially
violating the low-rank assumption. Moreover, datasets with
very few classes (e.g., EuroSAT) may underutilize the an-
chor bank, reducing compositional capacity and slightly
limiting adaptation to Novel classes. Future work could
explore adaptive hyperparameter tuning, dynamic anchor
construction, and enhanced compositional mechanisms by
amalgamating with methods like [2, 9, 10, 18, 23, 30, 44,
45] to further improve generalization and robustness across
diverse datasets.
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